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Abstract

Correlations between variables in cohort and other observational studies do not
necessarily indicate causal effects and may instead reflect bias due to confounding,
sample selection processes, or measurement issues. Thankfully, multiple statistical
methods, frameworks, and research designs have been developed that - when used
judiciously — can aid making causal inferences with observational data. This is
especially the case with CLS’s cohorts, which have several properties (e.g., longitudinal
assessment and rich and varied data collection) that that can make the assumptions of
these methods more plausible or provide ample opportunities for each method’s use. In
this guide, we provide an overview of the possibilities for causal inference in CLS’s
cohorts. Specifically, we: (1) provide background on the problem of causal inference in
observational data, (2) detail the attributes of CLS’s cohorts that can support causal
inference, and (3) outline an extensive set of methods and research designs that -
assumptions permitting — can be used to estimate causal effects in CLS’s cohort data,
illustrating each with existing applications and highlighting opportunities for further

work.

Keywords: causal inference; observational studies; elaborate theories; cohort studies;

quasi-experiments; research design; quasi-experimental devices
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1 Introduction

The Centre for Longitudinal Studies (CLS) manages several world-leading cohort
studies, including the 1958 National Child Development Study (NCDS), the 1970 British
Cohort Study (BCS70), Next Steps (formerly known as the Longitudinal Study of Young
People in England), and the Millennium Cohort Study (MCS). These studies have offered
researchers a unique window into social change in Britain over the past 68 years (Ferri
et al., 2003; Pearson, 2016) —for instance, in the realms of physical and mental health,
education, social mobility, and the labour market (Anders & Dorsett, 2017; Erikson &
Goldthorpe, 2010; Gondek, Bann, Patalay, et al., 2021; Johnson et al., 2015). Beyond
documenting these trends, the astonishing richness of the cohorts — each contains
several thousands of variables from many thousands of participants — has enabled
researchers to answer important causal questions across a range of research domains
—from the effects of breastfeeding on child development (Fitzsimons & Vera-
Hernandez, 2022) to the impact of laws promoting flexible working practices on

workers’ wellbeing (Avendano & Panico, 2018).

Making plausible causal inferences with observational data is not straightforward.
Correlations between study variables may not reflect causal effects due to the variables
sharing common causes (i.e., confounding), biases in the sample of individuals
available for analysis (i.e., selection bias), and difficulties obtaining accurate
measurements (i.e., information bias). As reviewed in the Appendix, there are many
examples in which findings from observational studies have failed to be confirmed in

randomised controlled trials (RCTs).

Nevertheless, many successes have been achieved; most famously, the discovery of
tobacco smoking’s deleterious impact on health, much of the evidence for which came
from observational studies (Cornfield et al., 1959). Decades of methodological
development within econometrics, epidemiology, statistics and computer science has
formalised the conditions under which causal inferences can be made with
observational data and identified several methods that can — when applied
appropriately — help researchers make valid causal inferences. Further, increasingly

adopted frameworks and cognitive tooling — notably, the Potential Outcomes
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Framework and Causal Directed Acyclic Graphs (DAGs) — have made it far easier to
understand and communicate sources of bias in observational studies and to

determine appropriate analyses for estimating causal effects with the data at hand.

The aim of this document is to review efforts towards making causal inferences using
CLS’s cohorts and to highlight what, to us, appear to be promising opportunities for
causal inference that warrant further exploration with our data. To this end, we provide
background on the problem of causal inference using cohort data (Section 2), outline
three overarching philosophies for making causal inferences (Section 3), describe the
features of CLS’s data that can (circumstances permitting) enable causal effect
estimation (Section 4), and review specific methods especially suited to our data,
including describing existing applications of these methods and discussing further
opportunities for the methods’ use (Section 5). For each method, we provide key
references for readers to further explore. We close by arguing that evidence from cohort
studies should be considered within an overall strategy of ‘triangulation’ (Section 6),
combining results from multiple, complementary research designs and taking ‘varied
views of a single object’ (Rosenbaum, 2023) — submitting a claim’s assorted premises
and predictions to empirical testing, in order to increase the robustness of causal

inferences.

1.1 How to read this guide

This guide assumes familiarity with regression. Otherwise, it is relatively introductory:

the focus is on intuition — equations are used only where necessary or enlightening and
mathematical complexity is kept to a minimum. Sections are relatively standalone and
include clickable cross-references to other sections where necessary. Readers new to

causalinference should begin with Section 2.

The subsections in Section 5 can be read selectively. Sections 5.12-5.13 address causal
effect estimation for time-varying exposures and for mediation. Sections 5.15-5.20
discuss sensitivity to bias and ways to investigate alternative explanations for causal
effects. These sections are best read alongside Section 3.3 on elaborate theories. For

readers with a background in causal inference, Section 3.3 and Sections 5.15-5.20 may
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be most novel as they describe an arguably underappreciated perspective on the task of

causal inference.
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2 The problem of causal inference

with observational data

In this section, we provide background on the problem of making causal inferences
using cohort and other observational data. We begin by noting that causal questions are
central to much quantitative research, regardless of the truth of mantras such as
‘correlation does not equal causation’. We then provide a theoretical overview of the
three main causes of bias (threats to internal validity) in observational studies:
confounding bias, selection bias, and information bias. The latter two of these typically
receive less attention among applied researchers, though they are no less capable of
leading to incorrect inferences. We use the Potential Outcomes Framework and Causal
DAGs as tools for describing these biases and conclude with a discussion of the
necessity of observational data for scientific progress, notwithstanding potential

problems of bias.

For interested readers, in the Appendix (Section 8), we demonstrate the problem of
making causal inferences using cohort and other observational data empirically,
reviewing literature that compares results from observational studies and RCTs and
shows discrepancies between the two — in many cases because of important biases
present in observational studies (though not always, it must be noted). In the Appendix,
we also provide general theoretical perspectives on why correlation may not equal
causation in observational studies; though the precise causes of bias may be analysis-
specific, there are reasons to expect widespread confounding in practice and broad

classes of confounders that are likely to be important in varied situations.

2.1 Correlation # Causation: What next?

At root, many of the questions in the health and social sciences are causal in nature.
For instance, what impact do recessions have on lifetime wages? What effect does
parental university education have on the likelihood of attending university oneself?
What consequence does low birthweight have for life expectancy? Repeating

‘correlation does not equal causation’ does not get us very far, either as scientists
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interested in learning about the world or as citizens hoping to put policy on an
evidenced basis. Euphemisms do not help, either — neutral-sounding terms like
“association”, “links”, and “risk factors” do not satisfy the need to answer causal
questions and can instead divert attention from the causal thinking that is necessary

(Hernan, 2018b).

The first step in any research programme, then, is to recognise one’s aims and which of
the three “tasks” of data science — description, prediction and counterfactual prediction
(i.e., causal inference; Hernan et al., 2019) — these aims fit into. Unlike descriptive
studies, which are broadly concerned with quantifying and characterising features (e.g.,
outcomes or events) in a population of interest, or prediction studies, which aim to
classify cases or forecast future events from patterns in the data, causalinference is
instead concerned with asking how one variable influences another or what would
happen if we were to intervene on the world (e.g., how would a person’s education
change if they were adopted by highly educated, rather than less educated, parents;

Sacerdote, 2002).

After recognising one’s aims, the second step is crafting a good research question;
research can fail prematurely, even with technically proficient analyses, if the research
question is not well crafted. A good causal research question requires thinking carefully
about, and defining, its key features, namely: the exposure (‘treatment’) and
comparator, the outcome, the population, and — of course - the particular effect of
interest. These should be clear and specific enough that the question can be translated
into a statistical ‘estimand’ (Lundberg et al., 2021) —i.e., a quantity one wishes to
estimate, representing a key parameter in a causal system (e.g., the difference in wages
at age 33y if someone born in the UK entered adulthood during a recession compared
with a healthy economy). One way of doing this is to specify the research design as a
‘target trial’: one benefit of RCTs is that they encourage the study designer to specify
well-defined causal questions by requiring explicit inclusion and exclusion criteria, a
specific exposure (and comparator), and so on (Hernan et al., 2025). This can be an
iterative process, requiring an awareness of what is feasible with available data. Target

trials will be discussed further in Section 5.11.
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To give an example: suppose you are interested in studying the effect of planned
Caesarean section on the risk of asthma in childhood. The exposure and comparator
would be two levels of a binary variable (1 = Caesarean section, 0 = vaginal delivery).
The outcome would need to be defined at a specific time point or in a time window,
decided based on subject matter expertise and data availability. For instance, it could
be asthma diagnosis between ages 5 and 12 years. The population would be the set of
individuals one wishes to make inferences to, determined by the intersection of
research interest and data availability: e.g., it may be children in the UK born between
2000 and 2002, the target population of the Millennium Cohort Study. Finally, one would
define the specific effect (‘estimand’) of interest — e.g., the population average causal
(‘treatment’) effect. Taken together then, the developed causal question might read:
“What is the average treatment effect of being born by planned Caesarean section
instead of vaginally on the risk of asthma diagnosis at age 5-12 years, among children in

the UK born between 2000 and 20027?”

Carrying out this process allows us to more easily translate the question into a well-
defined causal estimand, to design an appropriate study, to determine the most
appropriate analytical strategy required to answer the question (Lundberg et al., 2021),
and - crucially —to interpret the correct interpretation of the resulting estimate and the
population it relates to. Naturally, there exist many different procedures for specifying a
good causal question; this section is only intended to serve as a starting point for
consideration. For instance, for a continuous exposure, it is advisable to define specific
levels of the exposure to compare (e.g., “60 vs 30 minutes of vigorous physical activity
per day”), and, additionally, one might consider including specific effect modifiers of
interest. See Section 5.11 on Target Trial Emulation and Section 2.2.1, which introduces
treatment variation irrelevance, for further discussion of elements worth considering

when specifying a suitable causal question.

2.2 Threats to (internal) validity

Though observational studies have generated multiple cases where associations have
not produced reliable estimates of causal effects (see Section 8.1, Appendix, fora

narrative review), there are numerous examples of observational studies that have. Why
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is this the case? The ability to estimate an unbiased causal effect in a study sample is
referred to as ‘internal validity’. Several disciplines have converged upon three major
threats to internal validity that can generate bias in (observational) data, sometimes
using their own terms or the same terms in different ways. In this section, we introduce
these threats using two frameworks: the Potential Outcomes Framework and Causal

DAGs.

2.2.1 Whatis a causal effect? Counterfactuals and the
potential outcomes framework

We first need to define a causal effect. This is a subject of substantial philosophical
discussion (Mumford & Anjum, 2013), but in practical terms, statisticians, social
scientists and epidemiologists have adopted the counterfactual definition: for an
individual, an exposure X has a causal effect on an outcome Y if that individual’'s Y
would be different under different levels of X. More formally, for an exposure with two

levels:
Y;*=1 = Y*=0 for some individual i
where ¥;¥=* is the level of Y for individual j had they received X = x.

We will refer to a person as treated (or exposed) if they in fact received the exposure and
untreated (or unexposed) if they in fact did not. In practice, we only observe one state of
the world and so we can only see one of these potential outcomes (i.e., the factual
rather than counterfactual outcome) for any given individual. For treated individuals,
this is their outcome having received the treatment (Yile). For untreated individuals,

this is their outcome having not received the treatment (Y;*=°).

Given we only observe one potential outcome for each individual, individual causal
effects cannot be observed - this is the “fundamental problem of causal inference”
(Holland, 1986). To estimate causal effects, we instead rely on population quantities —
comparisons between groups — such as the difference in the mean of Y according to
levels of X. A key causal parameter is the Average Treatment Effect (ATE) —i.e., the

average causal effect across a population:

ATE = E(Y¥=1) — E(Y*=0)

Causal inference in the CLS cohort studies User Guide (Version 1) | 13



That is, it is the difference in the average level of Y had everyone been treated vs. had

everyone been untreated.

Estimating the ATE is not straightforward as we generally cannot just compare those
who, in fact, received the treatment with those who, in fact, did not, as these potential
outcomes may not be identical in treated and untreated groups —i.e., where E(YX=1) #
E(Y*= X = 1) or E(YX=0) = E(Y*=°| X = 0). That is, the mean outcome that would be
observed had the untreated group in fact received treatment may not be the same as
the mean outcome that was observed among the treated group and/or the mean
outcome that would be observed had the treated group in fact not received the
treatment may not be the same as the mean outcome that was observed among the

untreated group.

A simple comparison of means would recover the ATE if potential outcomes are
independent of actual treatment assignment (i.e., where E(Y*=1) = E(Y*7!| X = 1)
and E(YX=%) = E(YX=?| X = 0)). The aim of causal inference then is to identify
situations where independence (also known as exchangeability or ignorability) is met,
which may include conditioning (achieving conditional exchangeability) — for instance,
by statistical adjustment or stratifying according to factors related to potential
outcomes (e.g., sex). However, (conditional) independence can only ever be an
assumption because, ultimately, we do not observe all potential outcomes for any

individual.

Beyond conditional exchangeability, the standard confounder-adjustment approach
requires three further assumptions (together known as the ‘identifiability conditions’) for
population-average causal effects to be identified. The first, positivity, states that, for
the population of interest, there is a non-zero (conditional) probability of receiving each

level of the treatment across all relevant confounder strata — otherwise, it would not be

Some other methods, such as difference-in-differences, instrumental variables, and the regression
discontinuity design, use different identifying arguments, though each includes a version of
conditional exchangeability. These assumptions are stated in Section 5 when relevant. Note, these
assumptions also apply when targeting other estimands, including the Average Treatment Effect on
the Treated (ATT) and the Average Treatment Effect on the Untreated (ATU).
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possible to estimate causal effects using (conditional) population averages as
observations may not exist for all comparisons.? Another assumption is that of no
interference, meaning the potential outcomes of one individual are unrelated to the
treatment status of other individuals. This is most commonly at risk of violation when

studying the effect of vaccines or behavioural interventions.

Finally, interventions must be consistent with respect to an outcome - that is, they must
be sufficiently well-defined so that for each individual there is one potential outcome
corresponding to each exposure level, i.e., Y; = Yile when X =1 (Hernan & Robins,
2023). This may seem self-evidently true, but it may be violated when there are multiple
versions of treatment (for this reason consistency is also known as treatment variation
irrelevance). An example of a question for which consistency fails is “does obesity
shorten life?” (Hernan, 2016) - since there are multiple ‘versions’ of attaining a level of
obesity, each with different effects on longevity, there is no single potential outcome
corresponding to levels of the intervention. This type of intervention is sometimes
referred to as a “fat-handed intervention” (Bailey et al., 2024) that is generally only
achieved as part of an envelope of actions that may have independent effects on
outcomes. Yile could mean “obesity due to quitting smoking” or “obesity due to
calorific restriction”, both of which have different implications for life expectancy and
thus potential outcomes. The narrower question “does 10% weight loss via calorific
restriction between ages 40 and 50 years affect risk of death?” is more likely to satisfy

consistency (Hernan, 2016).3

2Some methods, such as the Sharp Regression Discontinuity Design (Section 5.10), do not rely upon
the positivity assumption as they instead use statistical models or other assumptions to extrapolate
counterfactual estimates.

3The consistency assumption can be highly restrictive given treatments can vary along many
different dimensions (e.g., the angle at which a vaccine is administered; Hernan, 2016). In practice,
it may not be possible to determine which aspects of different versions of a treatment are irrelevant
for (potential) outcomes, and thus whether consistency is met. Domain-specific expertise is
necessary to make these judgements, but is therefore limited by present knowledge (Hernan &
Robins, 2023). Given it may be impossible to completely specify a consistent treatment, observed
outcomes could be considered a weighted average of the different versions of treatment captured in
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2.2.2 Anintroduction to causal DAGs

Besides the Potential Outcomes Framework, another useful development in the causal
inference literature has been causal DAGs. DAGs are non-parametric visual
representations of causal relationships that have proved exceptionally helpful for
understanding and communicating biases in data and for helping researchers design
studies that obtain valid estimates of causal effects. In this section, we give a brief
introduction to DAGs as we use them extensively throughout this document to explain
the intuition behind individual causal inference methods. This introduction is relatively
self-contained, but for further background, see one of the many tutorials on DAGs that
are now available (Digitale et al., 2022; Hernan & Robins, 2023; McElreath, 2020; Pearl,
2022; Pearl & Mackenzie, 2018; Williams et al., 2018). We particularly recommend
Miguel Hernan’s (2018a) free online course, Causal Diagrams: Draw Your Assumptions

Before Your Conclusions; several of the DAGs shown here follow its examples.

In DAGs, variables are represented by nodes and causal relationships by directed

arrows (arcs). A graph is a DAG if it fulfils two criteria:

1. Iltis directed —arcs between variables have directions that indicate the direction
of causality.
2. ltis acyclic —itis not possible to follow arrows forward and arrive at a variable

already reached.

Figure 2.1: A simple DAG.

Figure 2.1 shows a very simple DAG containing two variables, X and Y. This DAG
encodes three beliefs: (1) that X has a causal effect on Y, as indicated by the presence

of an arrow going from Xto Y; (2) that Y does not have a causal effect on X, as indicated

a definition (“10% weight loss via calorific restriction”). Bias can arise where there are (possibly)
subtle differences in distribution of these treatments between treatment and control groups, even
where conditional exchangeability has been achieved. Note treatment variation is one reason results
from one population may not generalise to another (Hernan & Robins, 2023).
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by the absence of an arrow going from Y to X (the graph is acyclic); and (3) that there are
no variables which cause X and, as indicated by the absence of nodes with arrows

going to X and Y — on the convention, discussed below, that DAGs are drawn ‘complete’.*

A (frankly miraculous) property of DAGs is that beyond being conceptual models, DAGs
obey a simple set of rules that entail empirical predictions: provided the DAG is
complete —that is, the common causes of any two variables in the DAG also appearin
the DAG - “open” paths (defined below) between variables permit statistical
association, while their absence implies statistical independence. Implied
independencies are testable and so some assumptions encoded in the DAG can be
tested and refined by applying the DAG to real-world data.® The DAG in Figure 2.1
predicts that the variables X and Y should be correlated due to X having a causal effect
onY. Whether X and Y are correlated is testable, though a correlation could also arise
because the DAG is mis-specified relative to the data it is applied to, either in principle
(e.g., because Y causes X or X and Y share a common cause) or in practice (e.g., due to

sample biases or measurement problems in the data).®

4 Note it is possible to include in a DAG factors that have causal effects on one another. This is
handled by treating variables as time-specific to respect temporality — e.g., X = Yir1 — Xsa.

5 DAGs were initially developed by Judea Pearl, a computer scientist interested in artificial
intelligence. As DAGs follow rules, a property is that they can be programmed and manipulated
algorithmically. The software DAGitty (https://www.dagitty.net/) can be used to draw DAGs and can
also generate the set of testable predictions (i.e., [conditional] independencies) implied by a DAG.
Note, (conditional) independencies, which represent the absence of a path, represent stronger

assumptions than dependencies, which could result from any number of paths (possibly of different
directions, too).

8 The distinction between principle and practice is not clear cut because, as we shall see, DAGs can
be drawn to represent data issues and DAGs are most useful when drawn for the data they are
applied to.
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Figure 2.2: A more complex DAG.

Figure 2.2 shows a more complex DAG. There are now four variables (X, U, M, and Y) and
six directed paths representing causal effects, some of which pass through
intermediate variables: X > M, X—->M—->Y M—->YU—->MU—->M->Y, andU—>Y.Mhas
a causal effect on Y that is not mediated by any other variable in the DAG (M - Y),” X
has a causal effect on Y that is fully mediated by M (X > M — Y), and U has a causal
effect onY thatis only partly mediated by M (paths U > M — Y and U — Y). Each of
these paths is said to be a ‘causal’ (or ‘directed’) path as each begins by following the

arrows from the first variable onwards in the direction of causality.

Paths between variables do not necessarily proceed in the direction of causality, and
association can travel along paths regardless of their direction. For instance, in Figure
2.2, Mwill also be associated with Y via a ‘backdoor’ path through U (M <— U —Y); such
a path is said to be backdoor because it exits the back of the initial variable (i.e., it
begins by following an arrow against the direction of causality). The path is non-causal
in the sense that it does not consist solely of descendants (consequences) of the initial
variable M, as indicated by the presence of arrows pointing in the opposite direction of
causality (M <« U). This path therefore does not reflect a causal effect of M upon Y, but it

nevertheless would lead to an observed association between M and Y that is introduced

7 This is not to say the effect of M on Y is unmediated by any other variable (e.g., a biological
mechanism operating at the cellular level). Recall, a DAG is complete if common causes of any two
variables in the DAG also appear in the DAG. Mediators therefore only need to be included in a DAG if
they cause, or are caused by, two variables in the DAG, though they may be optionally specified if of
analytic interest.
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by their common cause (i.e., confounder), U. Controlling for this common cause would

remove the association transmitted through the backdoor path.

More formally, in DAGs, paths between variables are either ‘open’ or ‘closed’ (blocked).
Variables that are connected by an open path should be associated,® while variables
that are connected only by closed paths should not. Whether a path is open or closed
depends on the variables being conditioned upon; conditioning can be explicit (e.g.,
through regression adjustment or stratification) or implicit (e.g., by analysing a dataset
restricted to one or more levels of a relevant covariate, such as only those with
response at each wave). Whether a path is open or closed can be determined by
applying the four rules of d-Separation (Hernan, 2018a). These rules are shown below
with accompanying DAGs. In these and other DAGs, we denote a variable that has been

conditioned upon with a red outline and grey fill.
d-Separation Rules

1. If there are no variables being conditioned upon, a path is closed if and only if
two arrowheads on the path collide at some variable on the path.
= Below, the path X —> Y <« U collides at Y (Y is referred to as a collider), and

so, without conditioning upon Y, the path between X and U is closed.

8 An exception is when paths counterbalance. High winds can blow boats off course, but a good
captain handling the tiller may keep the boat’s bearing (Cunningham, 2021). Note, as DAGs are non-
parametric, statistical relationships may be of a form that simple (e.g., Pearson’s) correlations
cannot detect.
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Figure 2.3: d-Separation Rule #1. The path X > Y < U is closed because the collider
Y has not been conditioned upon.

2. Any path that contains a non-collider that has been conditioned upon is blocked.
= Below, the paths (a) X > M —> Y and (b) X<« U — Y are blocked by

conditioning upon the non-colliders M and U, respectively.

Figure 2.4: d-Separation Rule #2. (a) The path X > M —> Y is closed because M has
been conditioned upon. (b) The path X« U —> Y is closed because U has been
conditioned upon.

a. b. U

X Y

3. Acollider that has been conditioned upon does not block a path.
= Below, the path X > Y «<— U is open because the collider Y has been

conditioned upon.
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Figure 2.5: d-Separation Rule #3. The path X > Y < U is open because the collider Y
has been conditioned upon.

4. Acollider that has a descendant that has been conditioned upon does not block
a path.
= Below, the path X —> Y « U is open because Z, a descendant

(consequence) of the collider Y, has been conditioned upon.

Figure 2.6: d-Separation Rule #4. The path X —> Y « U is open because a descendant
of the collider Y has been conditioned upon.

Applying these rules to Figure 2.2, the path M <— U — Y is open but can be closed by
conditioning on U. This path represents the belief that U is a confounder for the
relationship between M and Y; we discuss confounding further below. X is also
connectedtoYviaMandU (X—> M« U—>Y). Mis caused by bothXand U andsois a
collider on this path (the paths from X and U collide at M). The path X > M« U —> Yis
therefore closed because neither M nor its descendant, Y, has been conditioned upon.
An open collider path generates ‘collider bias’, a form of selection bias, examples of

which abound and which can also affect RCTs. We discuss selection bias further below.

The benefit of drawing the DAG in
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Figure 2.2 is threefold. First, itis a very compact and straightforward way of representing
our beliefs about the causal relationships pertaining to a particular research question.
The DAG succinctly communicates these beliefs to other researchers. Second, as
noted, DAGs imply a set of empirical predictions that can enable us to test our beliefs.
The DAG in Figure 2.2 predicts, among other things, that (a) M should be associated with
Y, either unconditionally or having conditioned upon U; (b) X should be associated with
M andY, but not with Y when conditioning upon M and U; (c) U should be associated
withY, either unconditionally or conditioning on M; and (d) X should be independent of
U unless conditioning on M and/or Y. If we have data with measurements of X, M, Y and
U, we should be able to test these predictions, i.e., evaluate the DAG-data consistency

(Textor et al., 2016).

Third, accepting the assumptions encoded in Figure 2.2, we can use the DAG to
understand the biases that may apply in an existing study or, better still, plan a new
study that obtains an unbiased causal effect estimate even with observational data. For
instance, to obtain an estimate of the causal effect of M on Y, we can condition upon U

or use X as an instrument for M (more on this in Section 5.9). This is the power of DAGs.

2.2.3 Confounding Bias

The three main sources of bias in observational studies can each be represented with
DAGs. We have already seen an example of confounding in Figure 2.2 -U was a

confounder of the relationship between MandY (M« U —Y).

Figure 2.7: DAGs representing the structural definition of confounding bias.

a. X Y b. X Y

DAGs provide a distinct perspective on confounding. Specifically, the focus is on the

bias itself, which is determined by the causal structure, rather than the role individual
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variables may have, which is the more usual focus (Hernan, 2018a).° Though
confounders (common causes; Tennant et al., 2021) of exposure and outcome may
exist, whether there is confounding bias depends on the variables that have been
conditioned upon. For instance, in Figure 2.7a, U, is a confounder of the relationship
between Xand Y (X« U; > U, > Y). Yet, there is no confounding bias because U,
which is not a common cause of X and Y but blocks the backdoor path between them
(d-Separation Rule #2), is conditioned upon. A similar observation can be made for the

DAG in Figure 2.7b. "

Figure 2.8: DAGs showing issues with data-driven definitions of confounders that
do not take causal structure into account. (a) Z meets the data-driven definition
even though it does not confound the association between X and Y and, in fact,
could be used as an instrumental variable for X and controlling for it, in the
absence of control for U, would actually increase bias. (b) C meets the data-driven
definition even though controlling for it creates bias that otherwise would not be
there.

Compare the structural definition with a lay, partly data-driven (and ultimately incorrect)
definition of a confounder: a variable that is associated with X and Y (conditional on X)
and is not on the causal path between X and Y. Figure 2.8a shows a variable Z that would
meet this definition (conditioning on X opens the pathZ - X <~ U — Y) despite there

being no confounding bias from Z (i.e., no path X <—Z —Y): no adjustment for Zis

® For more on variable roles within DAGs, see Tennant et al. (2021).

1% |n Footnote 7, we discussed how DAGs can be high level and do not necessarily have to include all
mediators of a causal effect from one variable to another within them (for instance, a DAG
representing the effect of education on health might not include a node for income). Given this, we
should note that confounders of the relationship between an exposure and a mediator also
confound associations between exposures and outcomes (Cinelli, Forney, et al., 2024).
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needed, and omitting Z does not by itself bias the estimate of the effect of Xon Y. Figure
2.8b shows a variable C that would also meet the data-driven definition and yet
controlling for C actually creates bias because it is a collider on the backdoor path
between X and Y (this bias is referred to as M-bias; W. Liu et al., 2012). Conditioning
upon U, and/or U, would close this (now opened) path but conditioning on either is

unnecessary unless C is conditioned upon.

We can draw two lessons from the DAGs in Figure 2.7 and Figure 2.8. First, as a
confounder may only be one step on a longer causal path, it is possible to have multiple
options to close biasing backdoor paths. Some may not be “common causes” of
exposure and outcome —e.g., according to the DAGs in Figure 2.7, U, could be
conditioned upon, or U, could, or both. Second, theory and domain-specific knowledge
are required to make appropriate choices with regard to adjustment sets. “Causal
Salad” approaches (McElreath, 2020), where a host of potentially relevant variables are
thrown haphazardly into a regression model (e.g., C in Figure 2.8b), can make an

analysis more biased than if no adjustments were made at all.

Figure 2.9: DAG representing intermediate confounding.

Health4 Healths

SES; » SES»

In Figure 2.7 and Figure 2.8, the exposure was a single point intervention, but many
research questions relate to estimating joint effects of multiple exposures or the effect
of an exposure varying over time —for instance, questions related to testing models in
life course epidemiology (Ben-Shlomo & Kuh, 2002). Where the causal effect of one
exposure is mediated by a confounder of others, simple regression adjustment will not
be able to identify the joint causal effect of the exposures combined, a problem known
as intermediate confounding (De Stavola et al., 2015) or time-dependent or time-varying
confounding in the longitudinal setting, specifically (Hernan & Robins, 2023;
VanderWeele et al., 2016). Figure 2.9 shows a DAG with an example demonstrating the

issue: the effect of low socioeconomic status in both childhood and adolescence upon
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health (Sheikh et al., 2016). When attempting to identify the joint effect of SES, and SES,
upon Health; (e.g., SES4, SES, = Low, Low vs. High, High), it would be necessary to
condition on Health, to block the (confounding) backdoor path from SES, to Health, via
Health, (SES, «— Health, — Health,). However, this also blocks part of the causal effect
of SES, upon Health, (SES; — Health, — Health,). Relatively complex statistical
methods beyond simple regression adjustment are necessary in this setting and are

described in Sections 5.12 and 5.13.

Figure 2.10: The Randomised Controlled Trial Design.

Before moving on to discuss the second threat to internal validity, selection bias, we can
briefly show why RCTs are so powerful. Figure 2.10 represents the RCT design within a
DAG (note the similarity to Figure 2.2). In a standard RCT, individuals are randomised to
treatment or control groups (denoted by T). This randomisation provides a source of
variation in the exposure X that is not caused by any other causes of Y, including any
confounders (U) of the relationship of X and Y that may exist in the population; that is,
treatment is allocated independently of potential outcomes for Y. Given that the effect
of Tupon Y should only operate through its effect upon X, T can be used as an ‘exposure’
variable in its own right (as in an “Intention to Treat” analysis) or as an instrumental
variable for X. The extraordinary feature of RCTs is that the researcher need not even
know what confounders U are — differences are not systematic and chance imbalances

contribute to sampling variability.

2.2.4 Selection Bias

Figure 2.8b showed an example of M-bias. M-bias is, in fact, a form of selection bias as

it arises from conditioning upon a collider. While most attention is usually placed on
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confounding as a source of bias in observational studies, selection bias can have
greater consequences and be sufficient to generate estimates in the entirely opposite
direction to the true causal effect. For example, during the COVID-19 pandemic, there
was evidence that suggested smoking was protective against infection. However, as
Tattan-Birch and colleagues (2021) note, both smoking and COVID-19 infection make
people cough more, which is a reason for getting tested. Among people tested for
COVID-19, smoking may be negatively correlated with infection because smokers are

more likely to be tested despite not having COVID-19 (Figure 2.11).

Figure 2.11: Selection bias in the study of the effect of smoking on COVID-19 where
being tested for COVID-19 determines eligibility into the analytic sample. There will
be an association between the two even in the absence of a causal effect due to
(implicitly) conditioning on a collider.

Smoker COVID

Tested

Since being tested for COVID-19 is a potential consequence of both smoking and
COVID-19, it can be conceptualised as a collider variable. As the analytic sample
includes only tested individuals, this collider has been implicitly conditioned upon
through the study design using restriction, instead of explicit analytical choice (e.g., by
regression adjustment, as in the case of M-bias in Figure 2.8b). But regardless of
whether conditioning is implicit or explicit, the consequences are the same: selection
bias. This can —and should — be represented in a DAG to fully capture biasing processes
(Lu et al., 2024). Note, the phrases ‘selection’ and ‘selection bias’ are not used

consistently across the academic literature, which can cause confusion.
Notes 2.1 below offers some clarifications.

Notes 2.1: Notes on selection bias terminology.
= Economists frequently use the phrase ‘selection’ (i.e., ‘selection on unobservables’),
but this is synonymous with confounding — e.g., ‘selection into unemployment based

on human capital’.
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= ‘Selection bias’ is often used to refer to issues of ‘transportability’ of an estimate to
another population (i.e., bias in external rather than internal validity). This bias
occurs when effects are heterogeneous and there are differences in the distribution
of effect modifiers in the analytical sample relative to the target population. Lu et al.
(2022, 2024) refer to this type of bias as ‘Type 2’ selection bias.
= Selection bias as we have used it in the paragraph above is alternatively referred to
as ‘collider stratification bias’ and can be separated into ‘collider restriction bias’
and ‘collider adjustment bias’ (Lu et al., 2022, 2024).
= Collider restriction bias arises from selecting data points according to
levels of a collider (e.g., only studying individuals with a COVID-19 test)
= Collider adjustment bias arises from including colliders in a regression
model (e.g., as in the M-bias example in Figure 2.8b).
= Though collider adjustment bias is often considered a form of ‘selection bias’, Lu et
al. (2024) argue against this as it does not involve selecting only some data points for
analysis, instead referring to it as a form of ‘overadjustment’ bias." However, we use
‘selection bias’ to capture both forms of collider bias, given this remains in

predominant use.

Selection biases are particularly important to consider in cohort studies due to the
possibility of sweep and item non-response. While the initial sample in each of CLS’s
cohorts was designed (after applying design weights) to be nationally representative,
there has been non-random attrition from each study over time (Katsoulis et al., 2024;
Mostafa et al., 2021; Silverwood, Calderwood, et al., 2024). The length and depth of the
survey questionnaires also mean that some items have less than complete response.
Accordingly, analysing only complete cases can mean restricting the sample and
implicitly conditioning on colliders, similar to Figure 2.11. In Section 5, we discuss
methods to address these problems, but if unaccounted for, non-response can lead to
selection bias. Selection bias also has further salience in mediation analyses, which are

commonly applied to cohort data because of their longitudinal nature. These analyses

1 Other examples of overadjustment bias are conditioning on instrumental variables (see Section
5.9), mediators (where one wishes to estimate a total, rather than indirect, effect), or consequences
(descendants) of an outcome (Cinelli, Forney, et al., 2024; Lu et al., 2021; Schisterman et al., 2009).
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are often used when a researcher is interested in decomposing a total causal effect into
direct (unmediated) and indirect (mediated) effects, e.g., as in a Baron and Kenny (1986)

type analysis.

Figure 2.12: Bias from conditioning upon a collider variable.

These issues (differential non-response and adjusting for a mediator) are represented
graphically in Figure 2.12. Figure2.12a shows a typical mediation analysis where a
mediator is explicitly conditioned upon in an attempt to obtain an estimate of a direct
causal effect (X — Y). Controlling for M opens the path from XtoYviaMand U (X > M «
U —Y). Aresearcher wanting to obtain an unbiased estimate of the direct (or indirect)
effect of X upon Y will not do so using this analysis unless they also condition on U. Note
though, here U stands in for all variables independently affecting M and Y, so controlling
for U may be a difficult task indeed. The size of the bias is determined by the strength of
the path X > M« U > Y -i.e., the size of the effect X and U have on M and the size of

the effect U has on Y."?

Figure 2.12b-c represent two situations where selection into the analytical sample is
related to exposure and outcome. Because we can only analyse the data that are
available, in both cases, a spurious association is introduced between the two. We have
already noted that this may arise due to issues with the data collection process —for

instance, if we have unit, sweep or item non-response — but it can also arise for

2 This provides a straightforward solution to the so-called “obesity paradox” of obese individuals
displaying greater survival rates from cardiovascular disease (CVD; Banack & Kaufman, 2014). As
CVD is a consequence of obesity, comparing survival rates among obese and non-obese individuals
with CVD compares obese people against those who must have developed CVD for other reasons,
some of which may have far worse prognoses, even if obesity itself is deleterious for health.
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substantive reasons: we only observe people who are alive and we may observe a
variable only for some individuals because it is only defined for a certain group (e.g.,
wages are only defined for the employed). This can have important ramifications. For
instance, at older ages smoking is associated with a lower risk of dementia, but this is
likely due to the onset of dementia occurring late in life after many heavy smokers have
died (Hernan, 2018a); surviving smokers are relatively robust compared to the larger

proportion of surviving non-smokers but not because they smoke.

Before moving on to discuss the third threat to internal validity, information bias, we
note that selection bias can also affect RCTs for the same reason as observational
studies. Selection bias would, for instance, arise where there is attrition from the trial
that is related to both treatment and the outcome. Selection bias can also arise in
mediation analyses as conditioning upon a consequence of an exposure leads to
incomparable groups. To give an example: imagine an RCT in which participants were
randomised to a work placement scheme (treatment) or no intervention (control). We
may be interested in the long-term effect of work placement on wages, but wages are
only observed for those with a job. If the work placement scheme increases
employment, then the employed individuals in the treatment group will include not only
those who would have found a job anyway, but also those who are only employed
because of the scheme. By contrast, the employed individuals in the control group will
only include those able to find a job without the scheme. If the additional employed
individuals in the treatment group tend to earn lower wages, a naive comparison of
wages among those employed will underestimate the effect of the scheme on wages.

See Table 2.1.
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Table 2.1: Hypothetical example of selection bias in an analysis of an RCT for a job

placement scheme

Tl"zz:ltment Control group Difference
Employability (gworl|: (no work in weekly
e ) placement) wages
High £600 p.w.* £550 p.w.r* + £50 p.w.
.| +£50 pw.
Low £400 pw: £350 p.w. (latent: (ot
not observed)
observable)
Mean wage among those with a
job (observed) £500 p.w. £550 p.w. £50 p.w.
I(\:riaer; wage among everyone £500 p.w. £450 p.w. + £50 p.w.

* Observed: everyone in the treatment group has a job, including those employed only

because of the placement.
** Observed: in the control group, only people with high employability find a job.
2.2.5 Information Bias

Figure 2.13: Non-differential and independent measurement error in two variables,
X* and Z*,

7+

? Q
Lo

The third threat to internal validity is information bias. Information bias arises when

measured variables are not perfect representations of the phenomena they are
designed to capture —i.e., when variables are measured with error. In DAGs,

measurement error is represented by distinguishing the measured variable (X*) from the
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latent, unobserved variable (X) and drawing the measured variable as a descendant of
the latent variable and an error node (Ex). Nodes for latent variables and unobserved

errors are displayed as circles or ellipses. See Figure 2.13 for an example.

Errors can be classified along two dimensions: they can be dependent or independent
and differential or non-differential. An error is dependent (as opposed to independent) if
itis correlated with the measurement error of another variable. An error is differential
(as opposed to non-differential) if its value is related to the true value of a variable (e.g.,
error in the measured outcome depends on exposure). Figure 2.13 displays a situation
where there are independent and non-differential errors in two study variables, X* and
Z*; classical measurement error is a type of independent, non-differential

measurement error.

Whether independent, non-differential error leads to a biased estimate of a causal
effect depends on the analysis. In a simple linear regression with classical (additive)
measurement error in the exposure (X* = X + Ex), the coefficient on the exposure will be
biased towards the null. Intuitively, this is because each unit increase in X* can be
either caused by X, which has an effect on Y, or Ex, which does not. This phenomenon is
known as regression dilution (Hutcheon et al., 2010). On the other hand, if itis the
outcome that is measured with classical measurement error (Y* =Y + Ey), there is no

bias, but statistical precision is reduced.
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Figure 2.14: Combinations of differential and dependent measurement error in two
variables, X* and Y*.

a. > c.
X* Y* Y*

Figure 2.14 completes the three other combinations of dependent/independent and

differential/non-differential error. In each case, X does not have a causal effect on Y but
X* and Y* are associated due to measurement error. Figure 2.14a displays a situation
where there are dependent, non-differential errors in the two measured variables, X*
and Y*. X* and Y* are associated via the backdoor path X* < Ex < Exy — Ey— Y*, even
though there is no causal effect of the latent variable X on Y. Figure 2.14b displays a
situation where there are independent, differential errors in two measured variables X*
and Y* (Y* is differential with respect to X). X* and Y* are associated via the path X* «< X
— Evy— Y* even though there is no causal effect of Xon Y. Figure 2.14c displays a
situation where there are dependent, differential errors in two measured variables X*
and Y* (Y* is differential with respect to X). X* and Y* are associated via the two biasing
paths in Figure 2.14a-b even though there is no causal effectof Xon Y: X* < X > Ey—> Y*

and X* « Ex(— EXY —> Ey—> Y*,
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Figure 2.15: Measurement error in a confounding factor.

u*

Information bias is not only a problem where exposure and outcome variables are
subject to measurement error but also when there is measurement error in variables

used to close biasing paths.

Figure 2.15 displays a common situation where the confounder U is measured with
some error. Since U* is not a perfect measure of U, conditioning on U* will not close the
backdoor path X <— U — Y completely, leaving residual confounding. Thus, the effect of
XonY is still confounded, though the size of the resulting bias depends on the relative
size of the error in U* and the strength of the confounding pathway. The more accurate

the measurement, the less bias; the stronger the confounding, the greater the bias.

A potential source of information bias that users of CLS’s data should be particularly
aware of is survey mode effects. Each of CLS’s cohort studies has at various points
adopted mixed-mode designs, with cohort members responding via, e.g., web, video,
telephone or face-to-face interview. Mixed-mode designs mean survey modes differ
between individuals within a sweep or within individuals across sweeps. Mixed-mode
designs can increase response rates while also lowering the cost of data collection. A
drawback, though, is that responses to survey items can differ systematically between
modes, in particular due to differences in interviewer presence/absence and in how
items are presented (Tomova, Silverwood, & Wright, 2026a). For instance, a participant
may be less willing to answer sensitive questions accurately in non-anonymous modes.

Differences between modes due to how items are measured are termed mode effects.

Causal inference in the CLS cohort studies User Guide (Version 1) | 33



Figure 2.16: Bias from mixed-mode designs. (a) Bias due to shared mode effects in
two measured variables, X* and Y*. (b) Bias due to a combination of mode effect (M
— Y*) and mode selection (X - M). Note, mode is an observable source of
measurement error.

a. M b. M

\™ \

X Y* Y*

ol

If unaccounted for, mode effects can cause bias because they induce dependent

measurement errors; two variables subject to mode effects will be associated where
mode is shared (Figure 2.16a; X* < M — Y*) or correlated. Mode effects can also cause
bias because they are differential (Figure 2.16b; X > M — Y*); in mixed-mode designs,
participants are typically not randomised to mode, and the characteristics of
participants in each mode can differ due to active participant choice or as a direct or
indirect consequence of the fieldwork design. For instance, people without a telephone
number may only be offered face-to-face interview, while in the sequential mixed-mode
design where one mode is only offered after non-response to previously offered modes,
groups who are slower to respond will only appear in modes offered last. Systematic
differences between modes due to who is being measured are referred to as mode

selection.

In the DAGs in Figure 2.16, bias can be removed by conditioning upon mode (e.g., by
including mode as an indicator variable in a regression model). However, conditioning
upon mode can generate collider bias where there are unaccounted-for factors that

also determine selection into mode (X > M« U Y,
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Figure 2.17a), a Gordian Knot-like problem when the unobserved factors are the latent

variables of interest themselves (X > M <« Y, Figure 2.17b).

Figure 2.17: Bias from controlling for mode in the presence of mode selection.

a. M b. M

\ \

CLS has recently released guidance for users of its cohort data on handling mode
effects (L. Wright, Ploubidis, et al., 2024). This guidance includes a description of the
mixed-mode elements in each cohort, DAGs to conceptualise a wider set of situations
in which mode effects can bias analysis, and discussion of methods for accounting for
mode effects (see also Tomova, Silverwood, Tennant, et al., 2026; Tomova, Silverwood,

& Wright, 2026Db).

2.2.6 Researcher degrees of freedom

In the previous three sections we have seen how bias can arise from analytical
decisions and the data-generating process, but bias can also arise when researchers (or
editors or publishers) choose which results to publish. Many analyses admit multiple
defensible specifications (e.g., how to treat missing data, how to operationalise key
variables), which may give slightly different results, some more favourable to the
researcher’s aims or prejudices, some less. If the analyst spends their “researcher
degrees of freedom” (Simmons et al., 2011) on getting the answer they want, the
absence of confounding, selection, and information biases is no guarantee of obtaining
an unbiased estimate. This problem can be lessened through pre-registration of
analysis plans, including using registered report publication models (Cruwell et al.,
2019; Weston et al., 2019). Methods that involve running and presenting the “universe”
of defensible model specifications, such as Specification Curve Analysis (Simonsohn et
al., 2020) or Multiverse Analysis (Steegen et al., 2016), can also help. See Orben &

Przybylski (2019) for an example of specification curve analysis using MCS data.
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2.3 Why cohort studies?

Given the empirical and theoretical expectation of the potential for bias in cohort and
other observational studies (see Section 8 [Appendix] for a review), readers may wonder
why cohort studies should be used at all. Besides highlighting the utility of cohort
studies for purely descriptive analyses, a typical defence would note that there is little
other option — RCTs are expensive, potentially unethical, and in many cases impractical
or even impossible. Large cohort studies can answer many different research questions
at relatively low cost. Because they already exist, they can give answers quickly. And
because they record behaviours that occur anyway (e.g., problematic drug use), they

avoid the ethical issues that can arise in RCTs.

But this is a negative case. More positively, there are situations that are recorded in
observational data where confounding and other forms of bias are unlikely to exist or to
materially impact results, including “natural” experiments. There are also frameworks
and methods that have been developed which, when used in appropriate situations,
can help researchers draw sensible causal inferences from observational data.
Methods also exist for detecting and correcting for bias post hoc, and in many important
cases the size or direction of bias will not be sufficient to substantively affect results.
Compelling causal claims can therefore still be made with observational data even
when bias is present and known. In Section 4, we further discuss the attributes of
cohort data that support causal inference, and in Section 5, we describe methods that

exploit these attributes.
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3 Three approaches to causal

inference

Building on Section 2, we now outline three approaches for attempting to make causal
inferences with cohort data: model-based approaches, design-based approaches and
elaborate theories. These approaches are not mutually exclusive and the boundaries
between them are not sharp. They do not, for instance, map onto a set of non-
overlapping methods — a particular study may use a combination of approaches, as the
assumptions of one may only be correct when using another, or alternatively could use
multiple approaches to examine whether approaches with different biases converge on
the same answer. For example, an instrumental variable (IV) study may also use model-
based statistical control for known confounders to improve the plausibility of the IV
assumptions (Brumpton et al., 2020). Regardless, delineating and describing the three
approaches helps clarify the virtues and limitations of each, and provides a useful

organising schema for the specific causal inference methods detailed in Section 5.

3.1 Model-based approaches

The model-based approach is the most frequently used in quantitative research. In this
approach, the researcher develops a statistical model - or uses other related
algorithms, such as matching —to account for the influence of factors that bias the
relationship between exposure and outcome in the available data. The model
developed reflects the researcher’s beliefs about the underlying data-generating
process: accounting for biasing influences is post hoc. The purpose of the model is to
remove the influence of biasing factors in the exposure or outcome - to “attempt to
compare people who are not directly comparable” (Rosenbaum, 2020). The model-
based approach is often referred to as the non-equivalent groups design (Reichardt,

2019), which highlights the fundamental problem.

The most popular model-based method is multivariable regression, where variables
other than the exposure are added as covariates and their influence on the outcome

modelled. Stratification — where associations are calculated within sub-strata of the
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data (e.g., males and females, separately) and then pooled — can also be considered a
model-based approach, though it does not involve modelling the influence of the
stratifying variables directly; within strata, exposure assignment is assumed to be as-if

random (potentially after adjustment for additional variables, as described above).

Model-based approaches can be more principled or less. With correct knowledge of the
data-generating process (e.g., how individuals are assigned to the exposure), accurate
measurement of all relevant factors, and an appropriate understanding of how to
incorporate the data into a model (e.g., with the correct functional form and sensible
choice of adjustment set), the model-based approach would recover a causal effect,
sampling variation notwithstanding. However, this is not how the model-based
approach is typically used. Perhaps more frequent are ‘Causal Salad’ approaches
(McElreath, 2020) where an array of covariates is haphazardly thrown into a statistical
model, with only a vague sense of how these will ameliorate bias as the researcher has
not systematically considered the causal network within which these covariates sit; as
shown in Section 2.2.3, a researcher can unwittingly increase bias by conditioning on

certain variables.

Though researchers using model-based approaches may note (usually in a Limitations
section) the possibility of bias remaining, the ambition is to have obtained a causal
estimate. The caveat is regularly vague or noncommittal and the researcher may write
the rest of the paper as if a causal estimate had been obtained, though it had not.
Because the model-based approach relies upon recapitulating the data-generating
process, and in many circumstances this is unknown, it is easy for analyses to obtain
biased estimates of causal effects and for researchers to fool themselves into believing

this is not the case.

3.2 Design-based approaches

The design-based approach differs from the model-based approach in that the
researcher uses knowledge about treatment assignment to identify a priori
circumstances where treatment assignment should be as-if random. Data are analysed
to exploit this ‘exogenous’ (originating outside the system) variation to obtain a causal

effect. Examples of this approach include studies that use natural experiments or
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quasi-experimental approaches such as regression discontinuity or instrumental
variable designs, where for some set of individuals, exposure is proposed to be

unrelated to factors that confound the relationship of interest more generally.

As with the RCT, randomness of the assignment mechanism can guarantee
exchangeability, even without detailed understanding of what potential confounders
may be. For instance, who wins a prize among lottery players is a fully random process
(that is, unless the game is rigged), which is why lottery wins have been used to study
the causal effect of wealth on health (Cesarini et al., 2016). However, not all design-
based approaches exploit straightforwardly random processes. Assignment may be for
fully legible, predictable reasons, but still be exploitable in a design-based approach if it
can be argued that assignment is not related to (potential) outcomes, except through its
effect on exposure. This is the basis of many instrumental variable studies. For
instance, in a classic paper in political economy, Acemoglu et al. (2001) use early
European settler mortality rates as an instrument for whether a colonising country set
up extractive institutions in a colonised country in order to assess the effect of
institutional quality on long-term economic development. Their argument is that
countries where tropical disease made mortality high would be less attractive for
individuals from the colonising nation to settle in, thereby incentivising the
development of institutions oriented to short-term resource extraction. ldentifying this
variation and arguing convincingly that it meets the conditions for a valid instrumental

variable (Section 5.9) requires deep domain-specific knowledge.

Additionally, some design-based methods are not able to account for all sources of bias
but instead use knowledge about assignment to account for distinct classes of
confounder. For instance, sibling designs account for shared familial factors by
comparing outcomes among siblings discordant on an exposure, without knowing
exactly what these shared familial factors are (Donovan & Susser, 2011): factors that are
shared do not contribute to the outcome variance within sibling sets and so cannot
confound the association between exposure and outcome, though factors that aren’t
shared still have the potential to confound associations. The sibling design and other

related methods are examples of jsolation, where a smaller set of comparisons is
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exploited that is expected to be less biased than the wider set of comparisons that

could be made (Zubizarreta et al., 2018).

3.3 Elaborate theories

The model- and design-based approaches are concerned with causal effect estimation.
The Elaborate Theories approach follows a different tack and focuses more broadly on
strengthening causal inference (which, according to Shadish & Cook, 1999, is ‘more a
matter of logic than statistics’). Instead of being occupied with identifying random
variation, it takes theories seriously and asks what specific predictions a theory makes
about the world. Instances where these predictions differ from those of competing
theories are where causal inferences can be made. Two variables, X and Y, being
associated because X causes Y is a theory, but X and Y being associated because they
are confounded by U is a theory, too. Both theories may entail a larger set of (more
specific) predictions — a pattern of anticipated empirical observations (Trochim, 1985,
1989) —that may not fully overlap; the places of non-overlap are where useful

information can be gleaned.

A historical example may make this more concrete. In the mid-19th century, London
was beset by outbreaks of cholera; one such outbreak in August 1854 centred on Soho’s
Broad Street pump (Adhikari et al., 2024; Coleman, 2019). The prevailing theory of the
time was that cholera was transmitted via miasmas — bad airs. A prediction of this
theory was that individuals living close together would succumb to the illness as they
breathed the same air. The physician John Snow had another theory, however - that
cholera was caused by contaminated water. This theory was supported by several
observations that were inconsistent with miasma causing the disease, including: no
deaths among workers at the nearby Lion Brewery, who did not take water from the
Broad Street pump (instead drinking the beer they produced); and the case of Mrs Eley,
a Hampstead resident who died of cholera, who had water from the Broad Street pump
delivered to her house as she liked the taste, an unfortunate preference, given a cesspit
containing sewage from cholera victims had been leaking into the well the pump drew
from. At one level, both the miasma and contaminated water theories made the same

prediction — clustering of cases in certain areas — but at a more specific level, the
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predictions varied, and this allowed John Snow to provide compelling evidence, even

with purely observational data, of how cholera was caused.

Exceptions to theories like the inebriated employees of Lion Brewery are rarely so vivid,
but the Elaborate Theory approach can still prove insightful when arguments are drier.
Forinstance, Elaborate Theory-style reasoning has been used to appraise explanations
of the well-established association between socioeconomic position (SEP) and health.
One explanation is that the associations reflect confounding by cognitive ability
(Gottfredson, 2004), rather than a causal effect of SEP as more commonly claimed (Link
& Phelan, 1995; Marmot, 2015, 2016). One corollary of the former theory is that
correlations between SEP and health should be stronger for measures of SEP that are
more closely related to cognitive ability (education > socioeconomic class > income) as
confounding would be stronger, a prediction not necessarily entailed by causal
explanations of the association (e.g., associations driven by the causal effect of
differences in financial resources). The empirical observation that associations are not
stronger for measures of SEP more closely related to cognitive ability is therefore
evidence against cognitive ability being sufficient to explain the social gradient in health

(Singh-Manoux et al., 2005) and refocuses attention on other possible confounders.

The Elaborate Theories approach had its first expression in Sir Ronald Fisher’s gnomic
reply to a question from William Cochran on how to move from correlation to causation
in observational data (‘Make your theories elaborate’; quoted in Cochran, 1965).
Cochran concurred with this assessment (“this multi-phasic attack is one of the most
potent weapons in observational studies”) and the approach has since been staunchly
and eloquently advocated by, among others, the statistician Paul Rosenbaum, including
in his superlative book Observation and Experiment (Rosenbaum, 2019), which we
highly recommend. See also Rosenbaum (2023), Reichardt (2019), Shadish & Cook
(1999), Shadish et al. (2002), and Trochim (1985, 1989).3

3 The Elaborate Theories approach has alternatively been referred to as “pattern matching”
(Reichardt, 2019; Trochim, 1985, 1989). Expressed by Shadish et al. (2002; quoted in Reichardt,
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How does one make a theory elaborate in practice? Several methods exploit the logic of
Elaborate Theories and are particularly suited to cohort data. Generally, these exploit
situations where an important hypothesised mechanism of action (either for the main
causal effect of interest or for competing explanations) is expected to be absent or else
stronger or weaker than otherwise. Above, confounding was expected to act more
strongly for some measures of SEP than others. The following examples give additional

strategies.

= Variation in active ingredient: Observational studies attempting to ascertain
whether cannabis has a causal impact on schizophrenia risk may exploit the
expectation that correlations between cannabis use and schizophrenia should be
stronger where concentrations of THC (the supposed schizophrenia-inducing
compound) are greater (Gage et al., 2016).

= Variation in confounding structures: Observational studies that want to ascertain
the effect of breastfeeding on child development may compare associations in
settings where the social patterning of breastfeeding (a major hypothesised
confounder) is entirely opposite (Brion et al., 2011).

= Specificity of association: Observational studies attempting to ascertain the
carcinogenic effect of tobacco use could determine whether the profile of specific
cancers is consistent with how the tobacco is used - for instance, an excess of lung
cancers among cigarette smokers (who inhale smoke) and mouth cancers among
cigar smokers (who do not) (Cornfield et al., 1959).

= Timing of effects: The legalisation of abortion may reduce aggregate crime rates by
disproportionately leading to terminations of pregnancies that would have yielded
children at higher risk of going on to commit crimes (Donohue & Levitt, 2001). This
effect should only be observed as the cohorts affected by such legalisation grow to
an age where they are more likely to commit crime (i.e., adolescence and early
adulthood). Similarly, flu vaccination should only have effects on mortality at times

of the year when influenza is prevalent (L. A. Jackson et al., 2006).

2019): “The more complex pattern that is successfully predicted, the less likely it is that alternative
explanations could generate the same pattern, and so the more likely it is that the treatment had a
real effect”.
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= Absence of hypothesised mechanism:

= |n asubgroup: Observational studies that want to ascertain the effect of
alcohol on cardiovascular disease may surmise that genes related to alcohol
use (such as the ALDH2 gene that determines the comfort with which one
can metabolise alcohol) should also be related to cardiovascular disease but
only among populations where alcohol is used (L. Chen et al., 2008).

= |n a historical period: Observational studies that seek to understand the
effect of socioeconomic position on a health outcome and posit access to
health information and technologies as a key mediator may examine changes
in inequalities in health before and after relevant medical knowledge is
discovered or publicised (Clouston et al., 2016).

= |nageographic area: Observational studies attempting to ascertain whether
policies to reduce teenage pregnancies were effective may investigate
whether reductions in teenage pregnancy rates were confined to countries in

which policies were implemented (Baxter et al., 2021).

A concept related to Elaborate Theories is the quasi-experiment device. Studies using
quasi-experimental devices utilise additional data to disambiguate an observation that
would otherwise be ambiguous - e.g., to judge whether an association reflects a causal
effect of interest or that of a competing theory (Rosenbaum, 2019). For instance, to
assess whether the English Teenage Pregnancy Strategy achieved its aims, a quasi-
experimental device would be to use comparator data from Scotland and Wales (Baxter

etal., 2021).
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4 Attributes of CLS’s cohort studies

that support causal inference

Our thesis in this document is that the richness of the data in CLS’s cohort studies can
support researchers in making causal inferences. In this section, we highlight several
features of these data that are especially useful — specifically, the breadth and depth of
the data, the ability to perform data linkage, the longitudinal nature of the studies, the
extended timespan they collectively comprise, their large sample sizes, and their

capacity for harmonisation with other cohort studies.

4.1 Breadth and Depth

Collectively, CLS’s cohort studies include several tens of thousands of variables
available under then standard “Safeguard data” End User Licence on the UK Data
Service. These variables are largely derived from survey questionnaires — the ability to
link with other data increases this number dramatically. Combined, these data offer
profound insight into participants, their lives and the milieus in which they are situated.
Data collections span birth (or, in the case of Next Steps, adolescence) to the current
day. Within a survey sweep, data are collected on a range of participant characteristics
—for instance, batteries of questions on mental and physical health, psychosocial
development, socioeconomic circumstances and the home environment. This includes
frequently analysed factors, such as employment status, but also relatively niche
information, such as participants’ use of suncream, which was asked at the Age 44/45
year Biomedical Sweep of the NCDS. (In Section 5, we will argue that seemingly
unimportant information like this can be used to support causal inference - for
instance, as falsification tests.) The range of data available also makes assumptions of
no unobserved confounding (in standard regression) or missingness at random (in
multiple imputation) more plausible (Mostafa et al., 2021). Extensive data are also
available on cohort members’ parents, partners, children and siblings. This can enable
several causally informed research designs, such as sibling comparison and parental

comparison designs and within-family Mendelian Randomisation.
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4.2 Extensive Data Linkages

Data linkage increases the size and variety of information available, mechanistically
increasing the possibilities for causal inference (e.g., increasing sample
representativeness; Rajah et al., 2023). Some data linkages represent opportunities that
are specific to the type of data being linked. Some of this data linkage may be qualitative
and contextual; for instance, linkages that are possible from knowing significant dates
(e.g., interview dates or dates of birth). Fitzsimons & Vera-Hernandez (2022) use
information on whether MCS participants were born at the weekend as an instrument
for maternal breastfeeding (due to lower staffing on maternity wards, new mothers are
less likely to be offered breastfeeding support on weekends). Other examples of this
contextual linkage include studies of the effects of news and current events on mental
health and other outcomes using interview date as a determinant of exposure to the

information (Munoz et al., 2020).

CLS’s cohorts are increasingly linked to administrative and geographical data and each
cohort has also now been genotyped, allowing for genetic data to be linked with survey
responses. Administrative data and geographic linkages provide many opportunities for
utilising quasi-experiments — events or episodes in which exposures are allocated as-if
randomly. Examples include studies exploiting arbitrary thresholds that are used to
decide eligibility for programmes or interventions (e.g., thresholds for determining low
birth weight, grading schemes in education that determine a pass or a fail, or geographic
boundaries that determine the government policies one is subject to). Genetic data
enable a specific form of instrumental variable analysis — Mendelian Randomisation -

that exploits random assortment of parental genes during meiosis.

4.3 Longitudinal Assessment

The longitudinal nature of the studies means that the same or similar questions are
asked across time. For instance, in the MCS, there are questions on several dimensions
of mental health asked across childhood to late adolescence and now into early
adulthood. Longitudinal data have four properties that aid causal inference. First,

prospective data collection and repetition can enable more accurate measurement of
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study variables. Second, longitudinal assessment allows researchers to specify the
correct temporal ordering (causes should precede consequences) with variables
measured at different sweeps. Third, repeated measurement allows researchers to
control for prior exposures and outcomes. Controlling for prior exposure allows for the
‘treatment’ to be more specifically defined (e.g., unemployment at age 33y among those
who have not yet been unemployed), and controlling for prior exposure and/or
outcomes can absorb some of the confounding bias that may otherwise exist as well as
account for reverse causality processes (VanderWeele et al., 2020). Fourth, one can use
within-person variation, rather than rely solely on between-person differences. Using
within-person variation enables researchers to, e.g., account for time-invariant

confounding factors by design, rather than through statistical control (Section 5.5).

4.4 Extended Timespan

Mainstage data collections in CLS’s cohorts collectively span the 68 years from 1958 to
the present day. This period can be extended when combined with other cohort studies,
such as the National Survey of Health and Development (NSHD; the 1946 British Birth
Cohort Study; Kuh et al., 2011; Wadsworth et al., 2006). Several profound societal-level
changes have occurred over this period, including the obesity epidemic, the expansion
of further and higher education, and the greater participation of women in the labour
market (Anders & Dorsett, 2017; Erikson & Goldthorpe, 2010; Gondek, Bann, Patalay, et
al., 2021; Johnson et al., 2015). As will be expanded upon in Section 5, these societal-
level changes offer several opportunities for causal inference. Briefly: confounding
structures for some exposure-outcome relationships may have changed across time or
causal effects may be confined to some periods or may vary across time in predictable
ways (e.g., stronger in some periods than others). Elucidating each of these possibilities
is one way in which theories can be made elaborate and causal arguments can be

developed.
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4.5 Large Sample Sizes

The large sample size of CLS’s cohorts is important in its own right for precise statistical
estimation — some causal inference methods, such as instrumental variables, are
power hungry — but it also means that important subgroups can be identified. For
instance, where an exposure is confined to a local geographic area (e.g., the 1962
London smog), a large overall sample size can mean sufficient numbers appear in the
exposed group. There may also be circumstances where a research design is more
plausible within a subgroup; for instance, Rosenbaum (2020) argues that a frequently
used instrumental variable, time to nearest hospital, can be made more plausible by
focusing on individuals outside large cities who have less choice over the hospital they
use. Further, some subgroups possess particular properties that make them useful for
analyses. This includes groups that are frequently used in family-based designs. Each of
CLS’s cohorts contains a number of twins and data are sometimes collected from other
(older or younger) siblings, too; for instance, MCS contains two sweeps of information
from an older sibling. NCDS also contains a number of adopted children — again, useful
in particular family-based study designs. Some of these subgroups may be small, but as
the next section notes, CLS’s cohorts may be harmonised and analysed alongside other
cohort data, so the subgroups within CLS’s cohorts can contribute to a larger analytic

sample.

4.6 Ability to Harmonise Data

Harmonising data with other cohorts can expand the time span of studies or the
geographic area covered. This again enables studies that test elaborate theories:
confounding structures may differ across space as well as time, and causal effects may
be present, weaker or stronger in some areas than others. For instance, Brion et al.
(2011) use UK and Brazilian cohorts to assess the effect of breastfeeding on
development — the (confounding) association between SEP and breastfeeding is strong
in the UK, but not in Brazil. Various efforts have been made to collate and harmonise

data across different cohorts.
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CLOSER (2023) has released several projects harmonising data from CLS’s cohorts on,
among other things, socioeconomic status (see also Centre for Longitudinal Studies,
2026). Also useful are the Atlas of Longitudinal Datasets (2024) and the Catalogue of
Mental Health Measures (2026), whose names are self-explanatory, and Harmony
(2023), an online tool that uses natural language processing to identify survey items that

are similar semantically across different studies (including non-CLS studies).
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5 The methods of causal inference

In this section, we list individual methods that can, when assumptions are met, either
directly help estimate causal effects with CLS’s cohort data, or strengthen any causal
inferences made. Generally, we focus on methods that account for confounding, though
methods to account for measurement error or selection bias are also discussed. This
section is something of a gallimaufry: some of these methods relate to statistical
estimators (e.g., multivariable regression; Section 5.1), others to identification
strategies (e.g., instrumental variables; Section 5.9), and others to falsification tests
(e.g., negative controls; Section 5.15). As with the ‘Three Approaches to Causal
Inference’ described in Section 3, the individual methods are not mutually exclusive,
and a single study may use a mix of them (e.g., multiple imputation to address missing
data, with statistical control to meet the assumptions behind instrumental variables

analysis).

For each method, we provide three pieces of information: Method, Applications, and
Opportunities. Method provides a brief overview of the method, its strengths and
limitations, with references for further reading. The focus is on intuition, rather than the
statistical and algorithmic nuts and bolts. Applications gives examples of papers using
the method with CLS data. We focus on particularly well-executed studies or examples
that demonstrate issues that can arise. For other examples, please search the CLS

Bibliography website. Opportunities discusses general research ideas that could utilise

the method in question with CLS data. Readers interested in learning more about these
methods are invited to read textbooks by Huntington-Klein (2022, 2026), Cunningham
(2021), Fox et al. (2021), Rosenbaum (2019, 2020), Hernan and Robins (2023), and van
Buuren (2018). Some of the examples and explanatory material in this section are

derived from these textbooks.
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5.1 Control via Regression Adjustment

5.1.1 Method

The most common method for accounting for confounding bias is to take a model-
based approach and controlling for confounders or other nuisance factors via
regression adjustment — for example, by adding covariates to an ordinary least squares
(OLS) regression model. The data-generating process is modelled mathematically, with
elements of the model (e.g., regression coefficients) learned from the data itself
(Rosenbaum & Rubin, 1983). Statistical adjustment models the effect of relevant
differences between treatment and comparison groups to block backdoor or other
nuisance paths between exposure and outcomes, isolating variation in the exposure

and outcome unrelated to these (observed) confounders.

This description is not just poetically true but reflects the underlying mechanics. The
Frisch-Waugh-Lovell theorem demonstrates that the coefficient obtained by
multivariable regression of an outcome upon an exposure plus covariates is equivalent
to (1) obtaining residuals from regressions of (a) the exposure on covariates and (b) the
outcome on covariates and then (2) regressing the residuals from (b) upon (a). In other
words, statistical control winnows, and then utilises, residual variation. Readers can

confirm this in R or Stata using the code below.

// Stata Code

sysuse auto, clear

regress price mpg length foreign // full model
regress mpg length foreign

predict mpg_resid, residuals

regress price length foreign

predict price_resid, residuals

regress price_resid mpg_resid

# R Code

data(iris)

Im(Sepal.Length ~ Sepal.Width + Petal.Length + Species, iris) # full
model

width_mod <- 1m(Sepal.Width ~ Petal.Length + Species, iris)

length _mod <- 1m(Sepal.Length ~ Petal.Length + Species, iris)
Im(residuals(length_mod) ~ residuals(width_mod))
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Statistical control is an example of a ‘non-equivalent groups design’: the analyst starts
with groups expected to differ systematically but attempts to model the effect of these
differences on the outcome in order to remove them. Nick Huntington-Klein (2022, p.
469) evocatively likens methods like this to creating a statue by taking a large block of
marble and chipping away until the desired form is revealed underneath. Where
successful -i.e., using a suitably accurate model, possibly reflecting an appropriate
DAG - a valid causal estimate can be obtained. However, validity cannot be ascertained
directly. Unlike a sculptor, the data analyst cannot say whether the finished product
looks quite right. They do not know if they are left with Michelangelo’s David or Emanuel

Santos’ bust of Cristiano Ronaldo.

Not including a sufficient adjustment set in the statistical model leaves open backdoor
or other biasing paths between exposure and outcome variables and will generate a
biased estimate of the causal effect. The size of the bias will equal the (aggregate)
strength of the biasing paths. For confounding paths, it will reflect the strength of the
associations between the confounders and the exposure and between the confounders
and the outcome. Adding too many covariates —the Causal Salad ‘approach’
(McElreath, 2020) — can also bias estimates where covariates serve as colliders or
mediators of the effect of the exposure upon the outcome (the latter where an estimate
of the total causal effect is sought). The statistical adjustment approach will also obtain
a biased estimate if confounders are not modelled appropriately or measured
accurately. Simple models with variables incorporated as linear terms without
interactions or other non-linearities (e.g., absence of required polynomial terms) may

not reveal suitable residual variation.

Theory may not be sufficiently strong to clarify the correct functional form a priori,
which limits standard regression algorithms like OLS, where the functional form
requires explicit parameterisation. On the other hand, machine-learning and deep-
learning algorithms, such as random forests and neural networks, are capable of
modelling non-linearities without their express inclusion in a model. The Frisch-Waugh-
Lovell theorem has motivated the development of other methods, notably the double
machine learning method (Chernozhukov et al., 2018), where machine-learning

algorithms are used to obtain residuals for exposures and outcomes, increasing the
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plausibility that data-generating processes have been modelled correctly. Still, ever
more complicated algorithms cannot use data that aren’t there; bias via backdoor paths
(and incorrectly blocked causal paths or conditioned colliders) is still a fundamental

issue regardless of the method used for statistical control.

Figure 5.1: DAGs showing situations where controlling for a variable may increase
or decrease bias. In (a), conditioning on Z closes the path X« U,—> Z — Y but opens
the path X< U, —> Z < U; > Y (Source: Cinelli, Forney, et al., 2024). (b) represents a
situation where there are mode effects and mode selection (Section ). Conditioning
on M (mode) closes the path X > M — Y* representing differential measurement
but opens the path X 5> M « Y — Y* Tomova et al. (2026b) use simulations to
explore the conditions in which this would increase bias.

a. (OF b. M

Uz > X X Y

Though non-parametric in nature, DAGs can help identify control variables that are
sufficient to identify causal effects: the software DAGitty (2025) can be used to
programmatically identify minimal sufficient adjustment sets or biasing pathways, while
Cinelli et al. (2024) provide a “crash course” with example DAGs showing where
adjustment would reduce, increase or leave bias unchanged.' There are also situations
where controlling for a variable could go either way; Figure 5.1 shows two DAGs where
control closes one path but opens another due to the variable operating as a collider
(‘damned if you do, damned if you don’t’; Cinelli, Forney, et al., 2024; Tomova,
Silverwood, Tennant, et al., 2026; Woolf et al., 2023). Whether bias would be reduced is
an empirical question and depends on the relative strength of the paths in question;

judgements about this benefit from domain expertise. Regardless, adjustment sets will

14 Control for some variables does not reduce bias, but by reducing residual variation, increases
statistical power and the precision of estimates.
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only be valid in so far as the assumptions encoded in the DAG (e.g., the set of variables,
causal arrows, and their direction) are valid, too. Though some assumptions in a DAG
may be testable empirically (i.e., implied [conditional] independencies), ultimately not
allcan be - e.g., there is no statistical way to identify the correct direction of an arrow

between two adjacent variables, measured at the same moment in time.

VanderWeele (2019) offers principles for selecting confounders when knowledge of
underlying causal structures is incomplete or uncertain. Specifically, he recommends,
with two caveats, conditioning upon any pre-exposure covariate that is a cause of the
exposure or the outcome or both. This ‘disjunctive cause criterion’ avoids issues that
can arise if simply controlling for any pre-treatment variable (i.e., M-bias) or insisting
confounders must be common causes of both exposure and outcome (which can miss

variables that are valid controls); see Figure 5.2 below.

Figure 5.2: DAGs showing bias that can arise when (a) controlling for any pre-
treatment variable or (b) controlling for a variable only if it is available and is a
common cause of both exposure and outcome. In (a) and (b) variables U are not
observed. In (a), conditioning upon C opens a biasing path from Xto Y via C (X «
U.—> C < U;—>Y;i.e., M-bias). In (b), not conditioning upon C keeps the biasing path
X« C < U->Yopen, though it could be closed.

a. U4 b.

U2

VanderWeele’s first caveat to this rule is that analysts should not control for any
instrumental variable (Section 5.9) —that is, a variable which is only related to the
outcome via its effect on the exposure — as this can generate ‘Z-bias’ where the bias
from an unconditioned common cause of exposure and outcome is amplified by
adjustment for an instrument (Ding et al., 2017). This is because controlling for the

instrument removes a source of variation in the exposure that was unbiased, meaning a
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greater proportion of the variation that is left will represent bias or measurement error.™
VanderWeele’s second caveat is that analysts should also consider conditioning on
‘proxy confounders’ — variables that explain sufficient variation in true confounders,
such that they can be used instead of them, for example when the confounders
themselves are not available or are poorly measured. These proxy confounders can be
thought of as imperfect measurements of the true confounders. However, a drawback
of including these is that there may also exist an unobserved common cause of the
proxy confounder and the outcome, which could then create M-bias if the proxy
confounder is conditioned upon. This would be the case if C were considered a proxy

confounder for U, in Figure 5.2a above.

VanderWeele (2019) also discusses issues that can arise when covariates and
exposures are measured simultaneously as it is possible that covariates are in fact
mediators rather than confounders - for instance, conditioning upon cognitive ability
when trying to estimate the causal effect of educational attainment on outcomes as
this is a consequence of education, as well as a cause (Ritchie & Tucker-Drob, 2018;
Strenze, 2007). A key benefit of CLS’s cohorts is that multiple sweeps of data are
available which include repeated measurement, so it is usually possible to find
measurements for confounders from prior to the measurement of the exposure (as well
as to find measurements of the exposure prior to the outcome), thereby respecting
temporality. Additionally, it may also be possible to control for lagged measurements of
exposures and/or outcomes (VanderWeele et al., 2020), which can again reduce bias,
particularly where time-invariant confounders exist or there are confounders that have
effects on exposure and outcome at multiple time points. Note, controlling for earlier
exposures more specifically links the study estimate (exposure to treatment at a
specific time point) to a specific intervention and to the randomised controlled trial
design; we discuss this further in Section 5.11. However, one issue is that the time

between adjacent sweeps can be quite long (e.g., a nine-year gap between the Age 33

5 This is also known as ‘bias amplification’. Bias amplification can occur even if the confounder is a
weak cause of the outcome because, again, once conditioned upon, the residual variation in the
exposure may be more confounded than before. Similar logic also applies to sibship studies and
other fixed effects designs as discussed in Sections 0 and 0.
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year and 42 year NCDS sweeps), so control may be imperfect when this strategy is

used.

Less abstractly, VanderWeele et al. (2020) provide a list of variables they suggest should
be considered for inclusion as covariates in regression models, given these represent
confounders of many different associations in the health and social sciences.'® Ideally
these should be measured prior to exposure and outcome, or otherwise with
consideration of the possibility that they mediate rather than confound associations

(see Table 5.1). Most or all of these variables are available in each of CLS’s cohorts.

Table 5.1: List of confounders to include in regression models recommended by
VanderWeele et al. (2020).

Domain Covariate ‘

Race (Ethnicity)
. Age

Demographic
Gender

Marital Status

Income

Education

Employment

Economic, Social and Political Socialintegration
Neighbourhood

Religious service attendance

Political affiliation

Self-rated health

Number of health conditions
Exercise

Health
Smoking

Alcohol consumption

Depression

Happiness
Loneliness
Psychological Parental warmth
Purpose/Meaning

Big five personality

'8 In Section 8.2 (Appendix), we also offer some general theoretical perspectives on confounding
processes.
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5.1.2 Applications

There are thousands of papers using CLS data that have used the statistical adjustment
approach. A particularly rigorous example of statistical controlis Purba et al. (2025),
who use data from MCS to assess the effect of time spent on social media on cigarette
and e-cigarette use. The authors based their (pre-registered) analysis upon a DAG
developed from subject knowledge, existing evidence, and input from a policy advisory
group, from which they identified a minimally sufficient adjustment set for their
analysis. A further virtue, though not related to reducing bias via regression adjustment,
is that the authors also elected to use a more reliable time-diary-based measure of

social media use rather than other available measures, reducing measurement error.

5.1.3 Opportunities

The regression adjustment approach is straightforward to implement and particularly
suited to CLS’s cohort data given the amount and variety of data available on
participants, including their individual characteristics and the characteristics of their
backgrounds, families and the localities in which they live. Control can be made for
many common and important confounders, such as sex, ethnicity, psychological traits,
and lifetime socioeconomic position. While not all confounders may be available, nor
all confounders known, the ability to incorporate additional plausible confounders may
still improve upon existing work; bias may not be fully eliminated but at least reduced.
The statistical adjustment approach may also be beneficial when treated as a data
point within a broader literature —where remaining bias is unrelated to biases
hampering other studies, particularly those using different study designs, consistency
of results across studies (“triangulation”) makes a causal interpretation more plausible
(Lawlor et al., 2016). Additionally, as will be discussed further in Section 5.20 on
Quantitative Bias Analysis, information on important confounders can be used to
calibrate expectations about whether remaining confounders are sufficient to explain

observed associations.
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5.2 Matching

5.2.1 Method

Section 2.2.3 showed that confounding arises where treated and untreated individuals
differ on background characteristics that also influence the outcome variable, with the
consequence that a naive comparison of outcomes would mix the effect of treatment
with the effect of these pre-existing differences. Matching — a non-equivalent groups
design — addresses confounding by identifying sets of treated and untreated individuals
who are similar on observed confounders. If these capture all the relevant differences
between the groups, the only systematic difference within matched sets is treatment
itself, and any difference in outcomes can be attributed to it. Like regression adjustment
(Section 5.1), this relies on confounders being observed and measured well — matching
on observed confounders does not remove systematic differences in unobserved

confounders.

There are multiple matching algorithms, which differ in how ‘similar’is defined. Many
attempt to identify, for each treated individual, untreated individuals who are as similar
as possible on confounders (or vice versa), with outcomes then compared within
matched sets. Exact Matching identifies individuals who have the same values for a set
of characteristics. However, as the number of possible combinations of these
characteristics explodes exponentially as more are added (the curse of dimensionality),
exact matching is only feasible for a small number of characteristics with few unique
values or, alternatively, with sample sizes that are very large (e.g., as in whole
population administrative data). Coarsened Exact Matching makes matching more
feasible by coarsening the variables used to match upon —e.g., matching within age
groups, rather than by integer age. But again, the curse of dimensionality applies — with
just four variables, each taking four values, there are 256 (4*) possible strata in the data.
Matching can instead be approximate and utilise statistical measures of ‘distance’ that
aggregate difference on many dimensions simultaneously. For instance, individuals
may be matched upon Mahalanobis distance, a multivariate analogue of Cohen’s d.
Though matching may not be exact, differences between treatment and control are

made smaller than they otherwise would be.
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Another alternative metric is the propensity score (Rosenbaum & Rubin, 1983). In
propensity score matching (PSM), individuals in treatment and comparison groups are
matched upon their probability of having been treated, with this probability typically
estimated (e.g., using a regression model) based on a set of predictors of treatment.
Importantly, this probability is a single scalar value (ranging 0-1) making matching more
straightforward. However, as there may be numerous profiles of covariates that yield the
same probability of being treated, pairs of individuals matched upon propensity scores
do not necessarily share similar values on underlying covariates — balance is instead a
property of the overall matched sample rather than of each matched pair. Yet, because
covariates can still differ within propensity-matched pairs, pruning poorly matched
pairs beyond the point at which the groups are approximately balanced can increase
imbalance (King & Nielsen, 2019), though the extent to which this matters in practice
has been questioned (Ripollone et al., 2018). Matching on the propensity score can also
reduce statistical efficiency compared to more direct matching methods. (Note, the
issue of imbalance applies to using the propensity score to identify matches, rather

than for inverse probability weighting, which is discussed in Section 5.3.)

Matching does not have to be 1:1 — several matches can be obtained for each ‘treated’
individual and vice versa. Matches can also be made with replacement, so that one
individual may be matched to multiple others. The advantage of matching with
replacement is that it can reduce bias as the best match is used in each case. However,
it also decreases statistical power as the effective sample size is reduced —in other
words, there is a bias-variance trade-off (Huntington-Klein, 2022). Conversely, using
several matches per individual increases statistical power but also increases bias as
more data than just the very best match are used.' Bias can be reduced by using a
caliper—i.e., setting a maximum dissimilarity between matches — and by using kernel
weighting, where matches are weighted more highly the better they are. An alternative is
entropy balancing (Hainmueller, 2012), which instead of identifying similar individuals

identifies weights to create matched treatment and control groups that are overall

7 That said, many-to-one or one-to-many matching can also guard against overfitting.
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balanced for specified moments of the distributions of the matching variables (e.g.,

same means, variances and skewness for covariates).

As with statistical adjustment, the validity of causal estimates obtained via matching
depends on whether, within matched groups, there is no remaining confounding. Unlike
statistical adjustment, matching can be thought of as a data preprocessing step rather
than an estimation procedure, per se (Ho et al., 2007) - matching is a way to identify an
appropriate analytical sample before substantive analyses are undertaken. Matching
can therefore be combined with regression —e.g., by estimating a regression model
within a group of matched individuals. This two-step approach has the advantage that it
can be “doubly robust” (Stuart, 2010) — robust to the failures of one method, if the other
is valid. For instance, a valid causal estimate may be obtained with a mis-specified
regression model, if matching was sufficient for achieving non-confoundedness, or vice
versa. Note, where untreated individuals are matched to each treated individual,
matching yields the Average Treatment Effect on the Treated (ATT). This may not be

equal to the ATE if there is effect heterogeneity.™®

Matching has several advantages versus regression adjustment. First, matching itself
does not require the outcome to be modelled as the method focuses on approximating
the data-generating process for treatment specifically. This is useful where it is difficult
to model the outcome (e.g., where the outcome is rare) or where there are multiple
outcome variables —i.e., when performing an outcome-wide epidemiological analysis
(VanderWeele, 2017; VanderWeele et al., 2020). One drawback, however, is that
including instruments in the treatment model can generate Z-bias (Section 5.1) if

unobserved confounders remain.

A second advantage of matching is that it can ensure comparisons between treatment

and control groups are made within regions of ‘common support’ (overlap in covariate

8 Where treated individuals are matched to each untreated individual, the procedure will yield the
Average Treatment Effect on the Untreated (ATU), which again may differ from the ATE. Combining
the two (weighted) can produce the ATE. Which estimand — ATE, ATT, ATU —is relevant and most
useful depends on the research application. For a policy to be expanded across the population, the
ATU may be of most interest. For a policy to be rolled back, it may be the ATT.
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distributions), whereas regression approaches, which interpolate between data points,
do not. Some combinations of characteristics may not appear in both treated and
control groups (i.e., positivity may be violated) — this is at least explicit in matching but
hidden when performing regression. While interpolation may be reasonable in a given
case, its validity cannot be ascertained with the data at hand. Interpolation is also more
plausible if matching has been used as a data preprocessing step. Relatedly, the
assumptions of propensity score matching are partly testable as balance can be
assessed within strata of the propensity score, though of course this does not tell the

analyst anything about confounders that are unobserved.

Matching does have several disadvantages, however. First, if matches cannot be
obtained for all observations, some units may need to be discarded, potentially yielding
a valid causal estimate, but within a sample with no clear interpretation or wider
applicability. Second, matching creates challenges where exposures are continuous

rather than binary, though extensions, such as kernel matching, have been developed.

5.2.2 Applications

Persson (2014) uses data from BCS70 to assess whether the strong association
between higher education and political behaviour (e.g., voting in general elections)
reported in prior studies is causal. Unlike data used in previous studies, the BCS70
allowed the author to match upon important confounders measured prospectively from
childhood, such as parental behaviour and cognitive ability at ages 5 and 10 years. The
author used genetic matching — an algorithm that identifies weights for a generalised
Mahalanobis distance matrix minimising imbalance between treatment and control
groups (Diamond & Sekhon, 2013) — observing that the procedure performs better than
coarsened exact matching and propensity score matching in the BCS70 sample (due to
larger retained samples and better balance, respectively). He finds little evidence of
association after matching is performed. In support of the matching, the author reports
multiple tests of balance, including a comparison of the imbalance remaining against
that expected under random assignment and placebo tests using pre-treatment

variables that higher education could not have caused. A caveat is that only 569 cohort
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members were treated and confidence intervals are not reported - the analysis

indicates no detectable effect rather than the absence of one.

In two papers, Jerrim & Sims (2019, 2020) use data from the MCS to assess the causal
effect of grammar (i.e., selective) school attendance upon an array of non-cognitive
factors, such as wellbeing and educational aspirations. As with Persson (2014), the
authors exploit the rich life course information on confounding variables (e.g., prior
measures of cognitive ability and wellbeing), though do not observe entry test results,
the main basis upon which entry is determined. In both papers, the authors match upon
propensity scores, but use two separate groups from which to draw untreated
observations. In Jerrim & Sims (2019), the authors use geographic variation across Local
Education Authority (LEA) areas, comparing those attending grammar schools with
matched cohort members living in LEAs with no selective schools at all. In Jerrim &
Sims (2020), the authors compare individuals who attended grammar school with those
who applied but ultimately did not attend.® They find little evidence of association with
non-cognitive outcomes overall, except some evidence of an effect on educational
aspirations (Jerrim & Sims, 2019). One limitation of their papers is a lack of discussion
of what unobserved confounders may be present, especially for the analysis using
grammar school applicants for the control group. A second is precision: the 2019
estimates draw on 4,785 cohort members, whereas the 2020 analysis matches roughly
650 in England and 500 in Northern Ireland. Several estimates are large enough to be

substantively meaningful but have wide confidence intervals.

5.2.3 Opportunities

As with statistical adjustment (Section 5.1), there are ample opportunities in CLS’s
cohorts to apply matching methods. An additional advantageous property of CLS’s
cohorts is their large sample size — matching can lead to a large loss of observations if
few or no comparison observations can be found for a treated observation. Though not

a design that matches on treatment, CLS’s cohorts can also provide general population

® The authors note that individuals usually apply for grammar school after they have received entry
test results, so applicants, regardless of whether they ultimately attend or not, are likely to have
passed the entry test.
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controls in case-control designs — for instance, the MCS provided a control group as
part of the National Evaluation of Sure Start (Joshi & Fitzsimons, 2016) and the NCDS is
part of the Wellcome Trust Case Control Consortium, which was used in many of the
first molecular genetic studies of health and disease (Wellcome Trust Case Control

Consortium, 2007).
5.3 Inverse Probability of Treatment Weighting

5.3.1 Method

Section 5.2 discussed issues with using propensity scores to match treatment and
control groups. Regardless of this problem, when used as a covariate or to weight
observations, propensity scores can recover causal effects: the propensity score
theorem (Rosenbaum & Rubin, 1983) shows that if treatment is independent of
potential outcomes conditional on covariates, U, then treatment will also be
independent of potential outcomes conditional on the propensity score (the probability
of treatment conditional on the same covariates). Intuitively, where a binary exposure is
influenced non-deterministically, confounders can be thought to influence the
probability of an exposure occurring, rather than the exposure itself. Conditioning upon

the propensity score thus closes a backdoor path. See Figure 5.3 for a DAG.

Figure 5.3: DAG representing conditioning on the propensity score (adapted from
Cunningham, 2021).

X Y

{

P(XIU)

<

The typical way of using a propensity score is as a weight in Inverse Probability of
Treatment Weighting (IPTW). In IPTW, treated observations are weighted by the inverse
of their probability of treatment and untreated units are weighted by the inverse of their

probability of non-treatment (i.e., one minus the propensity score). The upshot is that,
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when implemented successfully, data are reweighted to create a pseudo-populationin
which treatment assignment is independent of the measured confounders, thereby
mimicking a feature of randomisation. The schematic in Figure 5.4 displays the
procedure where there is a single confounder, education, that is associated with both

the probability of treatment and potential outcomes.

Figure 5.4: A representation of the IPW method with a single confounder, education

level.
Potential Weighted Weighted
Qutcomes Sample Average
_ Y(T=1)=6 287 (1/0.7) = -
n=28 Y(T=0) = 4 40 6*40/100
Treated (70%:)
n =40
Degree (40%:) Untreated {30%)
_ ¥(T=1)=6 12*(103) = .
n=12 Y(T=0) = 4 40 4*40/100
n=100
_ Y(T=1)=9 24 (1/04) = -
n=24 Y(T=0) =7 80 9*60/100
Lower Education (B0%:) Treated (40%:)
n= g0
Untreated (60%:)
_ ¥(T=1)=9 36 ° (1/0.6) = -
n =36 Y(T=0) =7 80 7607100

In Figure 5.4, a naive comparison of treated and untreated groups would yield a
downwards-biased estimate due to the disproportionate number of treated individuals
who are degree-educated and who have lower potential outcomes than those with less
education -i.e., the naive comparisonis 1.13 = (6*28 + 9*24)/52 - (4*12 + 7*36)/48,
instead of the correct causal effect, which is 2 (compare the potential outcomes Y[T = 1]
and Y[T = 0] in each group). Using IPTW recovers the true causal effect as, when
weighted, both treated and untreated groups contribute the initial sample size of the
groups they were drawn from (i.e., n = 40 for those with a degree, n = 60 for those
without): 2 =(6*28*1/0.7 + 9*24*1/0.4)/100 - (4*12*1/0.3 + 7*36*1/0.6)/100. This
example generalises to scenarios where the propensity score is based on more than

one covariate.
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Inverse probability weighting (IPW) can also be used to account for bias from non-
response, where responding units are weighted by the inverse of their probability of
response, so that they represent similar non-responding units. We discuss IPW for
missing data further in Section 5.4. Note, as with other ‘non-equivalent groups design’
methods, IPTW will provide unbiased estimates only in so far as control variables are
sufficient to close backdoor confounding paths. Another issue that can arise with IPTW
is where there are extreme weights, most typically where some treated units have very
low probabilities of treatment and/or control units have very high probabilities of
treatment. In this case, trimming is often used, either by winsorising (capping)
particularly large weights or by dropping observations with extreme weights or
propensity scores. As with matching, discarding observations or winsorising weights
can, in some cases, shift the population for whom the effect is being estimated, by
focusing on those within the region of common support. Typically, this is an unintended
side effect of trimming, in which case the resulting estimate may no longer answer the
original research question and may be challenging to interpret. That said, the effectin
the overlap region can sometimes answer policy-relevant questions and therefore may

still be of interest (e.g., if one does not expect treatment effect heterogeneity).

5.3.2 Applications

Madia et al. (2022) use data from Next Steps to estimate the causal effect of school
exclusion on labour market outcomes. They use several analytical approaches to
address different sources of confounding, including school fixed effects (Section 5.5),
matching (Section 5.2) and IPTW, with IPTW used to address statistical power issues
with matching given the small number of treated individuals (i.e., persons permanently
excluded from schools; N = 86). IPTW estimates show sizeable effects upon several
outcomes, including higher risks of being not in employment, education, or training
(NEET) or unemployed, specifically. Estimates are similar in size to those obtained using
propensity score matching, but are more statistically precise as no observations are

discarded.

The authors condition on multiple factors, exploiting Next Steps’ rich data collection on

individual characteristics and the family environment, and apply non-response weights
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alongside the IPTW weights to account for attrition. However, they are unable to control
for prior educational attainment or detailed measures of cognitive and non-cognitive
skills, which plausibly confound associations. The authors pay attention to the
consistency assumption, comparing individuals who have been excluded with those
who have never been suspended or excluded (though, an alternative, policy-relevant
option could have been to compare excluded individuals with those only suspended).
Finally, the authors use quantitative bias analysis (QBA) methods (Mantel-Haenszel and
Rosenbaum bounds) to assess sensitivity to unobserved confounding. Two omissions
are that no diagnostics for the weights are reported and the plausibility of the estimates

given the QBA results is not discussed.

5.3.3 Opportunities

Similar to matching and statistical adjustment, there are ample opportunities in CLS’s
cohorts to apply IPTW methods given the number of plausible confounders that can be
included in IPTW models. Additionally, the longitudinal nature of the cohorts enables

the creation of plausible non-response weights, as discussed in the next section.

5.4 Missing Data Methods

5.4.1 Method

In Section 2.2.4, we discussed how large-scale intensive and longitudinal data
collections, characteristic of CLS’s cohorts, can contain a sizeable amount of missing
data through unit, sweep, and item non-response. Where non-response is not random,
missingness can lead to selection bias, impacting internal (and even external) validity
(Type 1 and Type 2 selection bias; Lu et al., 2024). For instance, if individuals with poorer
mental health are more likely to drop out from a cohort, associations between factors
that cause mentalill-health and measurements of mental health may be attenuated in

available (complete case) data.

There are two main methods for addressing missingness: inverse probability weighting
(IPW) and multiple imputation (MI). IPW in this setting involves two steps. First, the
probability of response is calculated or estimated, typically with a regression model

using data available on participant characteristics for both respondents and non-
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respondents (in longitudinal data, this would be data collected prior to an individual
attriting). Second, the inverse of this probability is taken and used to weight (non-
missing) observations in substantive analyses. By taking the inverse, individuals with
lower probability of response are given greater weight — in effect, they are used to
represent more individuals whose data are missing. For instance, an individual with only
a 10% predicted probability of response will be weighted ten times as highly as
someone certain to respond as the former is used to reflect both themselves and nine

similar individuals with the same (10%) probability of response who did not respond.

Ml is typically performed using chained equations: in this procedure, missing data are
imputed using a series of regression models where the statistical relationships between
observed values are used to predict values that are missing. For instance, in
longitudinal data where some participants drop out, BMI collected during childhood
could be used to predict adulthood BMI by applying the association detected in
individuals for whom BMI was observed on both occasions. These imputed values are
then used to predict and impute missing data in other variables. As predictions are
unlikely to be perfect, multiple imputed datasets are created to reflect imputation
uncertainty. Substantive analyses are then performed in each imputed dataset and
results pooled accounting for the variation both within and between imputations -
typically, pooling is done by applying ‘Rubin’s Rules’ (Rubin, 1987), though
bootstrapping is also possible (Bartlett & Hughes, 2020; Schomaker & Heumann, 2018).
Note, Ml (and IPW for non-response) are not methods for estimating causal effects in

themselves; rather, they address a source of bias in downwards analyses.

In MI, imputation and substantive models should be ‘congenial’ (van Buuren, 2018); that
is, the imputation model should be no more restrictive than the substantive model,
accommodating every variable and functional form the substantive model contains -

i.e., outcome, exposure, covariates, and interactions or nonlinear terms. Otherwise,
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excluded terms are implicitly set to zero in the imputation models and are not directly

reflected in imputed values, attenuating associations in downstream analyses.?°

Ml and IPW rely on assumptions about the mechanism by which data became missing.
These mechanisms can be classified into Missing Completely at Random (MCAR),
Missing at Random (MAR) and Missing Not at Random (MNAR). To illustrate each, we
take the example of using partially observed data to obtain an unbiased estimate of

average (mean) income:

= MCAR: Missingness is unrelated to observed or unobserved values.
= Example: Income data for a random subset of participants are lost due
to hard disk failure.
= MAR: Missingness is unrelated to unobserved values, conditional on
observed data.
= Example: Participants in jobs that involve frequent travel are more
likely to miss a survey interview, and these jobs may pay more on
average. However, among those in such jobs, who is away — and so
whose data are missing —is unrelated to income.
= MNAR: Missingness is related to unobserved values, even conditional on
observed data.
= Example I: Participants whose income derives fromillicit sources (and
who may have higher income, on average) decline to answer
questions onincome, so whetherincome is reported is related to
income itself, even among participants who otherwise look alike on
everything observed (e.g., education level).
= Example ll: Due to social desirability concerns, people with low

income refuse to answer questions on income.

Note, in MNAR Example |, missingness was due to an unobserved variable, rather than

income itself, whereas in Example Il, it is income itself that is the cause of missingness.

20 Congeniality is sometimes instead referred to as compatibility, though compatibility has another
definition in Ml that is distinct (van Buuren, 2018).
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However, both are still MNAR processes, though if we had data on whether a participant

derived income from illicit sources, the former example would be MAR.

MCAR, MAR and MNAR processes all reduce statistical power because each leadsto a
loss of information. However, they have different consequences for biasMCAR
processes do not generate bias. MAR processes bias complete-case analyses, unless
the variables related to missingness are conditioned upon in the substantive model or
Ml or IPW is used with imputation or response models including those variables
appropriately. MNAR processes also generate bias, and neither standard Ml nor IPW can
address this. However, this is partly a question of degree: in longitudinal data, the
plausibility of the MAR assumption can be increased using lagged measurements and
other rich information from over the life course (e.g., data on early-life cognitive ability,
socioeconomic background, prior measures of income, etc.; Mostafa et al., 2021;
Silverwood, Narayanan, et al., 2024); the extent of violation of the MAR assumption can
at least be reduced, if not fully eliminated. Administrative linkages —which can continue
even if the participant stops responding to the main survey — can also help here (Rajah
et al., 2023). In Section 5.20, we describe a variant of M| — Pattern Mixture Modelling -
that can account for MNAR processes. Figure 5.5 below show MCAR, MAR and MNAR
processes for a simulated variable, income. Left-hand plots show all data points; right-
hand plots show only the observed points, with missing points in light grey. Red lines

show mean income, the target quantity we use the observed data to estimate.
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Figure 5.5: Simulations displaying MCAR, MAR and MNAR processes in a variable,
income. In row (a), data are MCAR. Missingness is unrelated to income, so mean
income among the observed data is an unbiased estimate of the true mean. In row
(b), data are MAR. People whose jobs involve travel earn more and are more likely to
have missing income, so mean income among the observed data is too low. Within
each travel group the observed mean is unbiased, so conditioning on travel, or
using it to impute missing incomes, removes the bias. In row (c), data are
MNAR.People with higher incomes are less likely to report them, so observed mean
income is too low. Conditioning on a predictor of income such as education
reduces the bias but does not remove it.

a. Missing Completely at Random (MCAR)

Income

All Observed

b. Missing at Random (MAR)

Income

Don't Travel Do Travel Combined Don't Travel Do Travel
All Observed

c. Missing Not at Random (MNAR)
Ll e LAAE S N
o s:;: .t_ ;4‘5:

A 3"?‘;

Income

b

oy
Combined Low High Combined Low High
Education Education Education Education
All Observed

An advantage of Ml over IPW for handling missingness is that, by retaining partially
observed cases rather than discarding them, M| uses more of the available data and can
therefore yield more precise estimates. Nonetheless, higher missingness entails lower
statistical power and potentially greater sensitivity to modelling choices in either
method. In IPW, low probabilities of response can generate large weights for some
observations, which inflates the variance of estimates and increases dependence on

the response model being correctly specified. In MI, greater missingness increases both
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the contribution of imputed values to estimates in substantive models and variation
between imputed datasets as imputation models are less precisely estimated.
Predictive accuracy can be increased by including ‘auxiliary’ variables in imputation or
response models — additional variables that are predictive of missing values, but which

do not appear in substantive models.

Ml and IPW are not mutually exclusive and can be used alongside each other. For
instance, it can be useful to use IPW to account for sweep non-response, and within a
responding sample, use Ml to address item missingness (see, for example, L. Wright,
Davies, et al., 2024). It is also possible to use Ml to impute missing values in variables to
be used to create IPW weights. There are methods for combining IPW and Ml in ways
that are ‘doubly robust’; see Seaman & Vansteelandt (2018) for more details. IPW can
also be performed combining weights for selection (i.e., response) and for treatment

(IPTW, Section 5.3).

Note, the potential outcomes framework conceptualises causal inference as an
inherent missing data problem (Parra et al., 2021); counterfactuals are not observed
and are therefore unknown. Some newer methods approach estimating causal effects
as a missing data issue (e.g., Matrix Completion; Athey et al., 2021); given these

methods are more advanced and niche we do not discuss these further here.

5.4.2 Applications

Wright et al. (2024) use a combination of IPW and Ml to estimate the association
between a polygenic score (a summary measure of genetic predisposition to a trait) and
observed BMI over the life course in four different cohorts (including the NCDS, BCS70
and MCS). As genetic data were only collected in later sweeps of each cohort (44y, 46y,
and 14y for the NCDS, BCS70 and MCS, respectively), there was a high amount of
missing data, including for BMI at later ages. The authors therefore used IPW to weight
observations in the genotyped sample. Ml was then used to impute remaining item
missingness; earlier observations of BMI were used to impute later values of BM| and
several auxiliary variables predictive of missingness (Mostafa et al., 2021) were also
included in imputation models. Code used in the study is available here:

https://osf.io/nxusz.

Causal inference in the CLS cohort studies User Guide (Version 1) | 71


https://osf.io/nxusz

5.4.3 Opportunities

There are many opportunities to apply IPW and Ml in CLS data. The longitudinal nature
of data collection means there is generally a lot of information available with which to
create non-response weights or to incorporate into imputation models. This includes
earlier measurements of variables that may predict non-response (e.g., measures of
mental health earlier in life [including in adulthood]). Several papers show that this
information can increase the plausibility of the MAR assumption, as evidenced by the
ability to recover initial characteristics in imputed data (Katsoulis et al., 2024; Mostafa
et al., 2021). These papers also give useful information on which factors predict non-
response that can be incorporated into analysts’ own models. CLS has additionally
released an accessible and extensive user guide on Handling Missing Data, which

readers may find helpful (Silverwood, Narayanan, et al., 2024).

5.5 (Longitudinal) Fixed Effects

5.5.1 Method

Each of CLS’s cohorts benefits from the tracking of the same individuals over the life
course. Section 4.3 described four advantages of longitudinal data for estimating causal
effects: more accurate measurement, ability to establish temporal ordering, availability
of baseline and lagged measures of exposures and outcomes, and the ability to use
within- rather than between-person variation. This section focuses on methods that

exploit within-unit variation.

Some confounders vary over time; others are time-invariant. Income, sex and country of
birth may confound an association of interest, but income varies throughout life, while
sex and birth country are fixed attributes of an individual. Utilising within-person
variation fixes time-invariant confounders, accounting for their contribution to
outcomes by design (Huntington-Klein, 2022); see Figure 5.6 for a DAG. This is the idea
behind the longitudinal fixed effects method. The approach can be understood as a
form of matching (Section 5.2), in which each observation is matched not to an

observation from a similar individual but to other observations from the same
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individual, so that time-invariant characteristics are balanced exactly, whether or not

they have been measured.

Figure 5.6: DAG representing the fixed effects method with longitudinal data. X and
Y are measured at two time points and their contemporaneous association is
confounded by a time-variant factor, C.-, and a time-invariant factor, U. Using
within-variation effectively controls for the person, implicitly conditioning on all
time-invariant factors having constant effects over time.

Y1 Y2

The equations below show the typical fixed effects set-up when used with longitudinal
data. iand tindex individuals and time periods, respectively. The outcome, Y}, is related
to an exposure of interest (D;;), time-variant confounders (X;;), and time-invariant
confounders that can be aggregated into a single person-specific fixed effect, u;.

Person-specific means for each variable are indicated with the ‘bar’ accent (e.g., Y, =

1

7 Zt=1Yie)-
Yie = Bo+ B1 " Die + B " Xie +u; + &3¢ [eie ~ N (0, 02)]
Y, =B+ B Di+ By X, + 1, [t; = u; & = 0]
Yi—Y, =B (Die — D) + By (Xie — X)) + & [Bo — Bo = 0; i1, —u; = 0]

In the usual implementation (performed automatically by statistical software), time-
invariant confounding is accounted for by calculating person-specific means for each
variable and subtracting these from observed values (the ‘within’ transformation). As

time-invariant confounders are (by definition) fixed, the average is the same as the
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individual data points. Subtracting person-specific means therefore has the effect of

implicitly removing the influence of these time-invariant factors (i.e., as u; — u, = 0).?

The advantage of the fixed effects method is that time-invariant confounders are
accounted for without needing to measure them or even know what they are. It is not
without limitations, however. Importantly, fixed effects do not account for time-varying
confounding or reverse causality, which may be important sources of bias in a specific
application. Fixed effects also do not account for the time-varying effects of time-
invariant factors - fixed characteristics like sex and birth country may not differ across
life, but theirimportance can vary considerably over development. For instance, sex
could have larger effects on outcomes post-puberty.?? This is less of an issue where the
time span used is small, but CLS’s cohorts span decades, typically with several years
between survey sweeps. The large gaps can also mean few observations per individual,

so person-specific averages can be overfitted.

Because it uses only within-person variation, the fixed effects method also cannot be
used to assess the (time-invariant) effects of time-invariant variables, which may be of
substantive interest. Additionally, only individuals whose exposure does in fact vary
contribute to the estimated outcome-exposure association. Where treatment effects
are heterogeneous, this can raise interpretational issues. Specifically, fixed effects
estimates the change in an outcome accompanying a change in exposure between
measurement occasions, averaged over individuals whose exposure changes during
follow-up, and weighted towards those whose exposure varies most. For instance, fixed
effects has been frequently used to examine the effect of unemployment on health
(see, e.g., Schmitz, 2011) but this implicitly utilises data from people whose
employment status changes (frequently), rather than those with unbroken

(un)employment episodes. Moreover, where classical measurement error is an issue,

21 This is known as the within-estimator. It is also possible to account for u; by adding person-
specific fixed effects (i.e., person dummies) to the regression model.

22 Within-person differencing does, however, account for the average effect of these time-invariant
confounders.
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focusing on within-variation makes the problem worse as a larger proportion of within-

variation compared with between-variation will reflect noise rather than signal.

There are several other methods that address some of these limitations, which readers
can delve into further by following the references. Random effects models capture
person-specific time-invariant effects as random variables, but assume the random
effects are independent of covariates, which may be unrealistic in practice (and isin
fact a reason to use the fixed effects model in the first place). However, specific
parameterisations of the random effects model (e.g., the within-between [REWB]
model; Bell et al., 2019; Bell & Jones, 2015) can get round this limitation. Methods also
exist to account for reverse causality and for serial correlation in the outcome variable
(note, the absence of an arrow between Yi-; and Y-, in Figure 5.6) — specifically, dynamic
panel data methods (Wooldridge, 2010) and the random intercept cross-lagged panel
model (RI-CLPM; Hamaker et al., 2015) and its extensions (Mulder & Hamaker, 2021;
Zyphuretal., 2019, 2020).

Longitudinal data are a type of hierarchical data — observations are nested within
individuals. The fixed effects method can be applied to other types of hierarchical data,
too. Forinstance, Next Steps recruited multiple students from participating schools —
using variation within schools allows one to account for school-level confounders (see,
e.g., Madia et al., 2022). Another important type of hierarchical data used frequently in
the causalinference literature is sibships (Sjolander et al., 2022). Using sibling fixed
effects controls for family-level confounders by design (discussed further in Section
5.14). Note, fixing effects at one level also fixes characteristics at higher levels the units
are nested within - e.g., looking within schools also controls for Local Education
Authority; looking within neighbourhoods also controls for town, region, and so on

(Abdellaoui et al., 2022).

To best make use of fixed effects, researchers should consider at which level
confounding is expected to occur. To give an (admittedly niche) example, Cinelli &
Hazlett (2020), in their analysis of the causal effect on political beliefs of being a victim
of violence during the Darfur war, note that once an army had reached a village,
violence was likely largely indiscriminate and thus using data from multiple individuals

within a village could achieve unconfoundedness. Similarly, Evans (1986) studies the
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effect of seatbelts on car crash fatalities using data from crashes where one occupant
was belted and the other unbelted. This design controls for many pertinent shared
factors (e.g., the speed the car was travelling at the time of crash, the road conditions,
etc.), producing estimates that are likely less biased than comparing belted and
unbelted individuals overall (Rosenbaum, 2019). The fixed effect design is an expression
of what Zubizarreta et al. (2018, p. 16) term ‘isolation’: “Within a large but biased data
system, isolation means constructing or finding a smaller set of comparisons that are
likely to be much less biased”. Nevertheless, this is situation specific, and it is also
possible that within-unit variation is more confounded, not less, than the between-

person variation, producing problems akin to Z-bias (discussed in Section 5.1).

5.5.2 Applications

Scott (2022) uses BCS70 data to estimate the causal effect of university education upon
political attitudes measured on multiple occasions between ages 16y and 42y. Using
two-way fixed effects (Section 5.6) and REWB estimators, he shows substantial within-
person change in attitudes after graduation (compared to prior to enrolment). A key

strength of the study is an explicit statement on the estimand and its causal aim.

Fitzsimons & Pongiglione (2019) use MCS to assess the effect of maternal employment
on child BMI, showing children have higher BMl in periods in which their mothers are
employed. Interestingly, no such within-person change is observed for paternal
employment, though as the authors note, in the MCS sample, fathers’ employment is
more stable —thus a different sample contributes to the estimated causal effect. Speyer
et al. (2022) use RI-CLPMs to assess the effect of parenting behaviours on children’s
socioemotional development (as assessed by the Strengths and Difficulties
Questionnaire) across early to mid-childhood (3y, 5y, and 7y), allowing for reverse
causality. They show that harsh parenting practices (e.g., hitting) are followed by worse
SDQ scores, and vice versa. The authors also perform Quantitative Bias Analysis to

assess sensitivity to unobserved confounding.
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5.5.3 Opportunities

Given the extent of repeated measurement in CLS’s cohorts, there are potentially many
opportunities to use fixed effects methodology with the data. As discussed, a key issue,
however, is the gap in age between data collections: time-invariant confounders may
not have time-invariant effects over these periods. This can also be the case even when
data collection is more frequent if this occurs over periods of substantial
developmental change (e.g., MCS has five data collections to age 11y, but this spans
early to mid-childhood and even the onset of puberty). Further, where one is using (e.g.)
RI-CLPM and similar models to assess lagged effects, the gap in age may be
implausible for the causal effect under study. For instance, one study that used MCS
data to assess the effect of social media upon mental health relied upon 3-year gaps
between data collections (Kelly et al., 2022). This would not capture shorter-lived

effects.
5.6 Difference in Differences

5.6.1 Method

In Section 3.3, we introduced some of the evidence that John Snow marshalled to
demonstrate that cholera was transmitted via faecal-infected water rather than
miasmas. This was not the only evidence he brought to bear. A further piece of evidence
was his “Grand Experiment”, comparing cholera cases in households supplied by either
of two London water companies, the Southwark-Vauxhall Company and the Lambeth
Waterworks Company. Both companies drew water from the River Thames, butin 1852,
Lambeth moved its intake pipes upstream of the main location where sewage was
discharged (Cunningham, 2021). Cholera cases in households supplied by the two
companies in two years, before and after Lambeth relocated its pipes, are shown in

Columns 2-3 of Table 5.2.
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Table 5.2: John Snow’s ‘Grand Experiment’ comparing cholera incidence (per
100,000) in households supplied by two water companies across two years
(Cunningham, 2021). The before-after change in Lambeth (-66), the 1854 difference
between companies (-128) and the difference in differences (-78) are the three
comparisons discussed in the text.

Cholera
Decomposition
Incidence

Water Company

Southwark-
135 | 147 | +12 Usy Uy + toy toy
Vauxhall
Lambeth 85 19 -66 up, u,+d; +t, d;, +t,
u, +d; +t d;, +t
Diff. 50 |-128 |78 | w-—ug | - - F e
— Usy — Lgy —tsy

Multiple comparisons are possible with these data to try to determine the causal effect
of Lambeth Waterworks Company’s decision to move the pipe up the River Thames (and
serendipitously reduce customers’ exposure to cholera-infected water; Huntington-
Klein, 2022). One can treat Southwark-Vauxhall as a control group and use the data
cross-sectionally, comparing rates in 1854 between the two companies (19-147 = -
128). Alternatively, one can make a simple before-and-after (pre-post) comparison,
looking atincidence in Lambeth before and after it moved the pipes (19 - 85 = -66).
However, these rely on a number of assumptions, which the decomposition in Columns
5-7 of Table 5.2 clarifies. In those columns, the observed incidence is decomposed into
a water company fixed effect (uy,) which contributes regardless of time period, a
water-company time effect (trend; ty, ) which contributes to the change between 1849
and 1854, regardless of whether the water company’s pipes were moved, and a
treatment effect (dy, ) which affects outcomes if ‘treated’ - i.e., the water pipes have
been moved. d; —the treatment effect of moving the pipe for Lambeth-supplied

households - is the quantity (causal effect) of interest.
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Cross-sectionally, the observed difference between Lambeth and Southwark-Vauxhall
in 1854 is a function of the treatment effect, but also the time effects and fixed effects
(dp +uy + t;, — ugy — tgy; Column 6, Row 3). Intertemporally, the observed difference is
a function of the treatment effect and the time effect-i.e., it is confounded by time
differences that would have occurred anyway (d; + t;; Column 7, Row 2). A DAG

representing Snow’s Grand Experiment is displayed in Figure 5.7.

Figure 5.7: DAG representing John Snow’s Grand Experiment (adapted from
Huntington-Klein, 2022).

Water Company

N

Pipe Location Cholera

NS

Time

Table 5.2 shows that a further comparison is possible: the difference in differences over
time between treated (Lambeth) and untreated (Southwark-Vauxhall) units (-66 - 12 = -
78). The decomposition shows that this is a function of the treatment effect and the
difference in the time trends in Lambeth and Southwark-Vauxhall (d; + t; — tgy). This is
the (2x2) Difference-in-Differences (DiD) estimator.?® It is unbiased where the time-
trends in treated and untreated units are the same (i.e., t; — tgy = 0); that s, the
counterfactual time-trend is the same regardless of treatment assignment. Here, that
means Lambeth’s cholera incidence in 1854 would have been 12 units higher than its
1849 level - 97 per 100,000 — had it not moved the pipe upriver. This is known as the

‘parallel trends assumption’.?

23 Several authors have used Snow’s Grand Experiment to introduce Difference-in-Differences or
placed it in a DiD framework. See, for example, Caniglia & Murray (2020), Coleman (2019),
Cunningham (2021), and Huntington-Klein (2022).

24 Even where the assumption is violated, the DiD estimator would be less biased than the simple
fixed effects one (Section 5.5) where the difference in time trends (t;, — tsy) is smaller than the time-
trend in the treated unit itself (¢;).
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The quantity DiD recovers is the average treatment effect on the treated (ATT) — the
effect among units that actually received treatment over the periods observed —rather
than the average treatment effect (ATE) for the population as a whole (Section 2.2.1).
The purpose of the DiD estimate is to use within-variation in treated and control groups
to condition on unit and time, simultaneously (i.e., blocking Pipe Location « Time —
Cholera and Pipe Location <~ Water Company — Cholera in Figure 5.7). The basic 2x2

DiD empirical set-up is:
Yit = Bo + By - Treat; + B, - Post, + [ - Treat; - Post; + &;;

where Treat; is an indicator for whether the observation is treated at any point and
Post, is an indicator for whether the observation falls in the period after the treated unit
was treated. The coefficient 53, which is the unique difference post-treatment in the
treated group, represents the causal effect of treatment (subject to the parallel trends
assumption). In practice, a regression model may also include control variables that
make the parallel trends assumption more plausible or could be paired with matching

to identify plausible comparator observations.?

As the parallel trends assumption relates to counterfactual outcomes (how the
outcome would have changed over time in the treated group, absent treatment), it
cannot be verified (Cunningham, 2021). However, in settings where more pre-treatment
data are available, it is possible to perform two types of placebo test to at least explore
the plausibility of the assumption. First, one can assess empirically whether trends
were parallel in this pre-treatment period (e.g., one might assess whether changes
across 1844-1849 were the same in Lambeth and Southwark-Vauxhall). Second, one
can use placebo treatment dates to assess whether non-zero ‘treatment’ effects are
observed (e.g., one could use data from 1839 and 1844 and pretend that the pipe was

moved in 1844).

25 Readers may also explore the Synthetic Control method, which weights untreated observations to
create a synthetic control data unit such that pre-treatment trends in the outcome for treated and
synthetic control are similar. See Cunningham (2021) for further detail and Vagni & Breen (2021) for
an application in cohort data.
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Failing either test does not prove that the parallel trends assumption is violated (the
assumption concerns the post-treatment period), but it should give some cause for
concern. However, one should also consider the degree to which the assumption would
need to be violated to overturn results (i.e., taking a quantitative bias analysis approach;
Rambachan & Roth, 2023). Further, including extra untreated comparator groups
similarly violating the parallel trends assumption can sometimes still identify causal
effects. For instance, to estimate the effect of government provision of emergency birth
control on teen pregnancy rates using local authority (LA) level data, Girma & Paton
(2011) use pregnancy rates among older women as extra controls (difference-in-
difference-in-differences) on the assumption that these share similar within-LA time
trends to younger women.? See Cunningham (2021) for a decomposition of the ‘triple-

difference’ design.

Parallel trends can be violated for several reasons, in addition to treated and untreated
groups evolving separately. One reason is changes in composition in the groups over
time (e.g., if Southwark-supplied households moved to Lambeth-supplied houses). A
specific issue in cohort data is where there is non-random attrition. Another issue is
anticipatory effects, a type of reverse causality, where the promise of treatment in
future affects pre-treatment outcomes (e.g., fear of future job loss could affect present
wellbeing). Finally, the assumption of parallel trends is dependent on the scale of the
outcome; it may, for instance, hold on the natural (linear) scale but not on the log

(percentage) scale, or vice versa.

In cohort data, more than two time periods may be available. In this case, the set of
time and unit fixed effects can be added to the regression model — including both time
and unit fixed effects in a model is referred to as the two-way fixed effects (TWFE)
estimator, and is an extension of the standard fixed effects estimator seen in Section
5.5. Having data from more than two time periods can also enable one to assess
treatment effect dynamics —i.e., how the differences between treated and untreated

groups develop over time — for example, by adding further interaction terms between

26 The triple-difference design has overlap with the negative control outcome and negative control
population designs discussed in Sections 0 and 0.
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group and time dummies or modelling time trends in each group parametrically (e.g.,
with linear terms). This is useful where causal effects depend on length of exposure
(e.g., long-term unemployment vs. short-term unemployment). Note, when using
repeated data from the same observational units (i.e., cohort members), care must be
taken to ensure standard errors reflect potential interdependencies (e.g., by using

clustered standard errors).

In many settings, including in cohort data, the ‘event’ may occur at different times for
different people (e.g., due to a policy being rolled out to different areas over time or
people experiencing an event [e.g., unemployment] at different ages). This creates
issues where treatment effects vary over time. To see this, imagine we have three
groups: never treated, early treated, and late treated. With these data, there are four 2x2
DiD comparisons, which would be captured by a standard DiD estimator: early treated
vS. never treated; late treated vs. never treated; early treated vs. late treated in the early
post-treatment period; late treated vs. early treated in the late post-treatment period.
Table 5.3 decomposes the DiD estimator for the late treated vs. early treated
comparison, which causes the issue. Now the difference in the differencesis d; + t; —
ty — Adg (Column 4, Row 3; Ady refers to the change in the treatment effect between
pre- and post-late period for the early treated group). In other words, to represent an
unbiased estimate of the treatment effect on the late treated (d; ), it requires the parallel
trends assumption as before (t; — ty = 0), but also a constant treatment effect over
time (i.e., Adg = 0).

Table 5.3: Decomposition of the 2x2 DiD estimator comparing late treated vs. early
treated groups when the treatment effect evolves over time.

Decomposition

Eal’ly Treated Ug + dE Ug + dE + AdE + tE AdE + tE
Late Treated up u, +d;,+t; d;, +t,
Difference in Differences: | d, +t;, — ty — Adg
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The TWFE estimator uses already-treated units as controls for later-treated units,
generating bias. Estimators have been developed to avoid this — e.g., only using
comparisons with never-treated or not-yet-treated groups. Goodman-Bacon (2021)
shows that a DiD estimator that combines data from groups treated at different times is
a weighted average of the separate 2x2 DiD comparisons that can be constructed.
Weights depend on the group sizes but also on variation in treatment status, so are
larger for groups treated near the middle of the observation window. This also means
weights (and resulting estimates) can differ by changing the length of the observation
window. The details of this are technical and beyond the scope of this document; see
Cunningham (2021), Huntington-Klein (2022), or Goodman-Bacon (2021) for further

details.

5.6.2 Applications

Li & Avendano (2023) use MCS data to assess the employment and mental health
impacts of the Lone Parent Obligation (LPO), a welfare-to-work scheme that placed job-
search requirements on lone parents receiving benefits, that was introduced during
MCS cohort members’ childhoods. The authors use a DiD design, comparing children in
lone-mother and two-parent households before and after the rollout of the policy to
MCS-aged households in 2012. They find that, relative to the change in outcomes in the
two-parent group, the introduction of the LPO was associated with greater maternal
employment but also greater maternal and cohort member psychological difficulties in
lone-parent households. The authors also find some evidence in support of the parallel
trends assumption when looking at pre-treatment trends. However, their analysis
assumes that parallel trends would have held post-LPO, which in this case would be
during the cohort members’ adolescence —it is possible there are unique difficulties at
this age in lone-parent households, which would violate parallel trends. Further, there
were policy changes other than the LPO over the period which may have
disproportionately affected lone parents (e.g., the benefit cap and the move to

Universal Credit).

An additional limitation with the study was that the treatment variable — lone-parent

household - is in fact time-varying and could be biased by changing composition of this
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group, especially if the LPO influences partnership decisions. However, they observed
similar results when restricting to households whose partnership status did not change.
An additional analysis that was not explored by the authors but could have been
informative would be to compare lone-parent households according to whether they
were or were not in receipt of income support pre-LPO (and thus may vary in their

exposure to the policy).

Avendano & Panico (2018) also use the Millennium Cohort Study for policy evaluation.
Specifically, they estimate the wellbeing and health effects of a 2003 legislative change
that encouraged, though did not mandate, employers to implement flexible working
practices (e.g., part-time and school-term contracts). Using a DiD design, they compare
a group likely unaffected by the law (working mothers whose employers in Sweep 1 -
prior to the law’s implementation — already offered flexible working) with a group who
could be affected (working mothers whose employers did not offer flexible working in
Sweep 1). They find no consistent evidence of an effect of the policy on mothers’ health
and wellbeing in Sweeps 2-4 (2003-08). As the pre-treatment period comprised only

Sweep 1, the authors were not able to assess differences in pre-treatment trends.?’

Note, the estimand targeted in this study is the causal effect of the law upon mothers
employed (at baseline) by firms yet to offer flexible working practices. While relevant for
policy, such an effect would presumably mainly operate among the subset of women
whose employers begin to offer flexible working practices. The estimand is therefore not
the effect of the flexible working practices per se. Moreover, mothers expected to
benefit most from flexible working practices could plausibly have chosen employers
already offering these prior to the law’s enactment. The estimand therefore does not
represent the effect of flexible working practices on those who choose such firms either.
Both of these factors may explain the null results and have ramifications for the

interpretation of the study.

27 A possible alternative (or addition) in this case, which the authors did not avail themselves of,
would be to use negative control ‘placebo’ outcomes (see Section 5.15).
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5.6.3 Opportunities

Given the length and breadth of CLS’s cohorts, there are potentially many opportunities
to use DiD designs with the data, both for policy evaluation and to assess the effect of
events happening within cohort members’ (or their families’) lives (unemployment,
divorce, etc.). This is also helped by the large, diverse samples that the cohorts
comprise as this can make it possible to identify groups plausibly affected and
unaffected by an exposure (e.g., as with lone- vs. two-parent households in Li &

Avendano, 2023).

The cross-sectional variation used in the Li & Avendano (2023) and Avendano & Panico
(2018) analyses described above exploited differences in whether households were
targeted by the policy. Other opportunities can arise from geographic variation. For
instance, Hawkins et al. (2011) use MCS data to compare smoking rates in Scotland and
England before and after the introduction of anti-smoking legislation in Scotland.? DiD
designs can also arise from temporal variation in birth dates, though this is limited in
CLS cohorts due to the recruitment criteria for members of some cohorts (e.g., NCDS
cohort members were born in a single week of March 1958), though this limitation does
not apply to cohort members’ families (e.g., parents). Temporal variation can also

appear due to variation in interview dates (see Section 5.8).
5.7 Study-Initiated Experiments

5.7.1 Method

Several of CLS’s cohorts have embedded randomised experiments to test the effect of
different survey methodologies on participation rates or measurement. We discuss
these experiments here as we believe they are currently underutilised. That said, the
material is somewhat out of keeping with the rest of this document as it is not focused

on making causal inferences with observational data. This section can therefore be

28 Rather than a DiD setup, Hawkins et al. (2011) condition upon lagged dependent variables. See
Ding & Li (2019) for discussion of the correspondence between the DiD and lagged dependent
variable estimators.
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safely skipped if it is not of interest. Note, experiments have their own methodological
considerations which interested readers will need to explore if opting to analyse the

data.

Many of the experiments in CLS’s cohorts have only been implemented in small pilot
studies and used to inform ongoing data collection, but some have been implemented
among most cohort members. Almost all have appeared in recent sweeps as the
studies have become more complex and as survey technologies have developed. Below
is a brief overview of experiments in CLS’s cohorts that we are aware of. Further details
can be found in academic publications (see next subsection) or sweep-specific

technical reports.

Table 5.4: Experiments in CLS’s Cohort Studies.

Experiment Description ‘
NCDS Age 55y (Sweep 9) Cohort members with a known UK telephone number (n = 10,558) were
Mixed-Mode Survey randomised to telephone-only (n = 1,499) or a web-then-telephone
Experiment sequential mixed-mode design (n =9,059).

BCS70 Age 42y (Sweep 9) A set of cohort members who had refused prior surveys (n = 1,009)
Targeted Interviewer were randomly allocated to ‘high performer’ interviewers known to
Experiment achieve high response rates or to other interviewers.

Next Steps Age 25y (Sweep Participants in a soft launch sample (n = 2,215) were given £10 to

8) Early-Bird Web Incentive complete the survey which, for half the sample, increased to £20 if the
Experiment survey was completed within three weeks of the invitation and via web
questionnaire.

Next Steps Age 25y (Sweep Participants responding via web were randomised to see a progress bar
8) Progress Bar Experiment or not while completing the questionnaire, though an error in coding
meant no participants early in fieldwork saw the progress bar. The
experiment was originally intended to be run only during the soft

launch but continued when there was no clear evidence of effects on
completion rates; such results-driven decisions can increase the risk of
false positives (Simmons et al., 2011).

Next Steps Age 32y (Sweep Participants in a soft launch sample (n = 3,206) were given a tapered
9) Differential Incentive incentive, which for some participants was dependent on their
Experiment response at the Age 25y sweep. In one trial arm, Age 25y non-
respondents were offered £35 to complete the Age 32y survey (£25
after the first three weeks) while respondents were offered £25 (£15
after the first three weeks). In the other arm, a single tapered incentive
was used (£30, dropping to £20 after the first three weeks). Offering a
greater incentive to non-respondents did not boost participation rates,
so the single tapered incentive was used post-soft launch.
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Experiment

Next Steps Age 32y (Sweep
9) Interview Length
Experiment

Description

Non-respondents from a soft launch sample (n =1,337) were
randomised to be invited to complete either a short or long version of a
mop-up web questionnaire. As the short version was more successful
at boosting response, it was used for (post-soft launch) non-responding
cohort members.

MCS Age 9m (Sweep 1)
Health Records Experiment

In the sweep dress rehearsal, parents of cohort members were
randomised to be asked to give consent for either (a) the interviewer to
copy information from the cohort member’s Personal Child Health
Record (Red Book) or (b) routinely collected health data to be linked to
survey responses.

MCS Age 7y (Sweep 4)
Refusal Experiment

Refusals at this sweep were randomised to one of four groups in a 2x2
design where (a) cohort members’ families were sent or not sent a
leaflet encouraging a response and (b) all refusing families were
reissued or only those judged to be soft or circumstantial refusals were
reissued.

MCS Ages 7y-11y (Sweeps 4-
5) Between-Sweep Mailout
Experiment

In 2010, cohort families (n = 15,653) were sent letters requesting
contact information. Families were randomised to receive letters that
used formal or informal and simpler language, the latter also being
signed by the cohort maintenance officer, rather than the study
Principal Investigator.

MCS Age 11y (Sweep 5)
Interviewer Pay Experiment

For cohort families in the first wave of fieldwork, interviewers were
randomised to receive a bonus fee for successful interview or not.

MCS Age 23y (Sweep 8)
Mixed-Mode Survey
Experiment

Cohort members in the soft launch sample were randomised to face-
to-face interview-only or a web-then-face-to-face sequential mixed-
mode design.

MCS COVID-19 Wave 3
Survey Incentive Experiment

Cohort members were randomised to receive a £10 incentive for
successful completion of the survey or no financial incentive
whatsoever.

An important feature of these experiments is that the interventions implemented could

have effects on both response rates and measurement. For instance, offering a web

questionnaire in a sequential mixed-mode design can incentivise more cohort

members to respond (Goodman et al., 2022), but it may also affect data quality if, for

instance, lack of interviewer presence in the web mode leads to more hurried

questionnaire completion. Given that measurements are only taken from cohort

members who choose to participate, simple comparisons of observations across

experimental arms may be biased due to implicitly conditioning on participation, a

collider variable (Figure 5.8).
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Figure 5.8: DAG representing an RCT of a survey mode experiment (X > M) where
mode (M) influences measurement (M — Y*) and response rates (X > S). The mode
measurement effect (M — Y*) cannot be estimated without bias using the observed
data due to measurements only being observed for individuals who participated (M
«— X—>S «Y—>Y*). See Section 2.2.5 for further discussion of mode effects.

Y*

The differential non-response this implies should be accounted for in statistical
analysis. Potentially suitable methods include multiple imputation (Section 5.4) and/or
quantitative bias analysis (Section 5.20). Bias from differential non-response may be
detected by examining the distribution of baseline covariates in each experimental arm
or using negative controls (variables unlikely to be impacted by the experimental
treatment; Section 5.15) as alternative outcome variables. In practice, absolute
differences in response rates may be small, limiting the size of the bias arising from

selection.

5.7.2 Applications

Several studies have used data from experiments in Table 5.4. Goodman et al. (2022)
used data from the NCDS Age 55y mixed-mode experiment in which eligible cohort
members were randomised to telephone-only or sequential mixed-mode (web-then-
telephone) survey designs, in order to estimate effects of survey mode (telephone
interview vs. web questionnaire) upon item and sweep non-response rates and
measured responses (e.g., on socioeconomic status, health behaviours, and physical
and mental health). Sweep response rates were higher for cohort members in the
sequential mixed-mode arm, and there were differences across arms in reported values
for several socially sensitive characteristics such as mental health and alcohol
consumption (the web survey was entirely anonymous, unlike the telephone survey).

Given the (small) difference in response rates by arm, missing values for non-
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respondents were multiply imputed under the Missing at Random assumption. As
‘treated’ participants were randomised to the web-then-telephone sequential mixed-
mode design, rather than to web specifically, treatment group was used as an
instrumental variable (Section 5.9) to obtain a ‘complier average causal effect’ (CACE) -
here, the average causal effect of web participation (relative to telephone response)
among those who ‘complied’, i.e., responded via web instead of telephone when
offered. Among other things, this analysis assumes that assignment to mixed-mode
itself did not influence measured responses among those who instead responded via

telephone.

Calderwood (2014) examined the effectiveness of a redesigned letter sent to MCS
participants between waves to minimise loss to follow-up. She found that cohort
families sent the redesigned letter were more likely to return the completed forms early,
including among non-English-speaking families and families with parents who had no
qualifications, subpopulations for whom effects were expected to be greatest. However,
longer-term effects on form returns were more muted. Booth et al. (2024) investigated
the effect of a monetary incentive given to MCS participants to complete a COVID-19
survey — the incentive increased response rates and improved data quality. As data
quality could only be ascertained from respondents, statistical adjustment was used to

account for selection resulting from differences in response rates by treatment arm.

5.7.3 Opportunities

Existing studies that have exploited experiments embedded within the cohorts have
focused on short-term outcomes — e.g., response rates or measurement at the sweep in
which the experiment took place. As further sweeps become available it will be possible
to examine long-term outcomes - for instance on attrition from the cohorts or the
measurement of change across time (e.g., ageing and other trajectories). It is possible
that incentives to participate have only short-term effects on retention if marginal
participants drop out at subsequent sweeps. Alternatively, the offering of incentives in
just one sweep could reduce long-term response, if the removal of financial incentives
reduces intrinsic motivation (cf. Gneezy & Rustichini, 2000). Existing studies assessing

effects of survey desigh on measurement have also focused on univariate descriptive
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statistics, but this is only one type of analysis performed with cohort data. Bias in
sample means and proportions may not translate into material levels of bias in, e.g.,

associational analyses, which could be tested in the experimental data.

Studies that have investigated the effects of survey design on measurement and data
quality have used statistical control (Booth et al., 2024) or multiple imputation
(Goodman et al., 2022) to account for differential non-response. Quantitative Bias
Analysis (Section 5.20) could instead be used to estimate effects under various
plausible models of selection, though differences in response rates across treatment
arms are typically small and selection effects may not be large enough to make

substantive differences to results.

It is sometimes the case that variables capturing treatment arm within the experiment
are not available in the standard datasets on the UK Data Service and require bespoke
data access instead. It is also sometimes the case that data on the UK Data Service are
only available for participants at a given sweep, though non-respondents may have
been part of the experiment, too. As noted, non-response can lead to bias in analyses of
experiments, so data from non-respondents may be required. This is the case for the
NCDS Age 55y mixed-mode experiment, at least. Data enquiries can be sent to the CLS

Data team.
5.8 Natural Experiments

5.8.1 Method

In RCTs, researchers intentionally use a procedure to assign people to treatment groups
at random. In expectation, the outcome of the procedure is unrelated to any factor —
known or unknown - that affects later outcomes, other than the treatment it determines
(and its consequences). In so far as the randomisation procedure can be said to affect
outcomes, it is via the intervention that membership of a particular treatment group
entails. For example, in sufficiently large RCTs that use the results of a fair coin toss to
determine assignment, the results of coin tosses should not be correlated with
participants’ sex, age or other characteristics, other than through chance, but could still

be related to outcomes through the treatment group the coin tosses determine. This
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bears repeating: the coin toss can have a causal effect on outcomes, butitis only

through its effect on treatment group.

Analogous processes sometimes occur without a researcher’s input. Most clearly, this
occurs where randomisation is adopted for reasons other than sating academic interest
—for instance, to allocate a resource. During the Vietnam War, the US Government used
a lottery to draft soldiers. Besides being a politically palatable method of conscription,
the draft has also been a valuable tool for understanding the effects of military service
on various life outcomes (see, e.g., Conley & Heerwig, 2012). Games of pure chance,
such as roulette and national lotteries, provide players with an endorphin rush, but also
help researchers study the effects of wealth shocks on, e.g., health (Cesarini et al.,
2016). Note, in each of these, randomisation occurs only among people who are
entered into the lottery. In the Vietnam draft, this was healthy males of conscription
age. In gambling lotteries, it is individuals who have bought a ticket (Figure 5.9).
Comparing draftees or prize winners with everybody else, entrant or not, would not

recover a causal effect.

Figure 5.9: DAG representing a study using lottery wins to examine the effect of
wealth on health. In observational data, the association between wealth and health
may be biased by a host of confounders U (e.g., education level). Lottery wins
represent a source of random variation in wealth, though only among lottery
players - the decision to enter a lottery may be influenced by factors that also
influence health (e.g., education level), but which player wins is a random process
(unless rigged). More accurately, the total number of lottery tickets bought
determines the expected win amount, so an ideal lottery study would condition
upon nhumber of tickets bought.

Entrant Wealth » Health

Win

The Vietnam draft and national lotteries are examples of natural experiments and have

the same properties that justify RCTs — assignment (a) influences exposure, (b) only has
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an effect on outcomes via its effect on exposure, (c) is not determined by other causes

of the outcome, and (d) individuals (or other relevant observational units) subject to the
natural experiment have a non-zero chance of both exposure and control. As with RCTs,
these properties arise because of the explicit use of a randomisation procedure. Butiitis

these properties that are of value, not randomisation itself.

There are many other cases where random processes are used to allocate resources.
Sometimes this is an intentional feature of the process, as with lotteries. Other times it
is a byproduct of other concerns. In social housing, individuals at the top of a waitlist
may be offered whatever accommodation becomes available first (Silva et al., 2025). In
health, being born on a weekday rather than the weekend influences staff availability
and thus the breastfeeding advice a new mother and her baby receive (Fitzsimons &
Vera-Hernandez, 2022). Processes like these are not random in the sense that exposure
occurred for no predictable reason; housing becomes available when someone leaves
a property and hospitals lower costs by reducing staff levels on weekends. Rather, the
reasons for exposure are unrelated to potential outcomes: expectant mothers have little
control over whether they go into labour on a Friday or a Saturday, and people on a
housing waitlist do not control which houses become vacant as they move to the top of
the list. Assignment mechanisms like these are said to be “as-if random” and have the
properties that justify RCTs — assignment only has an effect on outcomes via the effect

on exposure and assignment is not determined by other causes of the outcome.

Many natural experiments appear in survey data due to as-if random assignment to
interview dates. The Unexpected Event During Survey Design (UESD; Mufioz et al., 2020)
exploits large-scale events, such as major sporting competitions (e.g., the Olympics or
the World Cup), political incidents, natural disasters, and terrorist atrocities occurring
at some point during survey fieldwork and which bifurcate the sample into those
surveyed before the event and those surveyed during or after. On the assumption that
interview timing is unrelated to potential outcomes, comparing groups surveyed before
and after the event can be used to determine the event’s causal effects, such as its
effect on measures of psychological wellbeing, behaviour and political and social

attitudes.
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Assessing whether the assumption of as-if random interview timing is plausible in a
given application requires detailed knowledge of the survey being utilised, its design
and how it was conducted. The assumption may be violated if, for example, participants
with the lowest chance of response are allocated to be interviewed first, so that further
contact attempts could be made before the end of fieldwork, if necessary. In many
surveys, participants are allocated to fieldwork ‘waves’ based upon shared
characteristics — random assignment to interview date within these groups may be
plausible, but between groups, not. The assumption of random timing can also be
violated if the event itself affects survey design (e.g., delaying fieldwork) or a
participant’s likelihood of responding. Another way the assumption can be violated is if
there are pre-existing time trends that would have produced different average outcomes
before or after the date of the event had it not actually occurred (e.g., if there is
seasonality in recorded wellbeing). Further, the assumption can be violated if there are
other events occurring simultaneously or there are collateral events, in which case the
effect of the event itself cannot be identified or generalised to similar events that do not
produce the same sequelae. Events like these are examples of ‘fat-handed
interventions’ (Bailey et al., 2024) that involve a bundle of possible causes of an

outcome, making it difficult to determine which aspects are operative.

Another usual assumption of the UESD is that the participants surveyed after the event
were in fact exposed to the event (i.e., aware of it). There are several ways of assessing
this, including indirectly: in the absence of a specific survey item on the event, analysts
can use data sources such as Google Trends, contemporaneous polling, or news
headline aggregators to assess the likelihood a person knew about the event. If fewer
than 100% of those surveyed after the event were exposed to it, the estimate will be
attenuated roughly in proportion to the share who were exposed. (This is equivalent to
an Intention to Treat analysis, discussed further in Section 5.9.) In practice, differences
in awareness can be beneficial as an elaborate theory would predict weaker or non-
existent associations in groups less likely to be exposed - for instance, among those
who do not read a newspaper or own a television (see James, 2024, for an example in

this vein).
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The UESD design does not map onto a single statistical method, though it has clear
similarities with the Sharp Regression Discontinuity Design (discussed further in
Section 5.10). UESD analyses can proceed cross-sectionally, with responses compared
in groups recorded before and after the event (potentially in subgroups for whom the
assumption of random timing is more plausible, as discussed above). The longitudinal
nature of CLS cohorts can also be exploited —for instance, by performing fixed effects
analysis to account for time-invariant confounders (Section 5.5) or matching upon prior
measurements of the outcome (Section 5.2) to strengthen the plausibility that interview
timing is independent of potential outcomes. Note, assumptions about random event
timing can also be tested in part by (a) assessing covariate balance either side of the
event and (b) assessing trends in the outcome variable in the period prior to the event

occurring (i.e., to examine whether there were pre-existing time trends).

There are other natural experiments contained in CLS’s cohort data, including those
related to the timing of birth (e.g., influencing relative age in school year and the
minimum age of school leaving), the rollout of public policies, and the nature of how
systems distribute resources. There likely exist others that are as yet unidentified as
uncovering these requires detailed knowledge of relevant policy areas (e.g., awareness
about how social housing is allocated). Several natural experiments are analysed in
Instrumental Variables or Regression Discontinuity Design (RDD) frameworks, for
reasons that will be discussed in Sections 5.9 and 5.10. It is worth noting, though, that
some events may at first glance appear random but in fact are not. For instance, one
may expect dying by murder or from accidents to reflect happenstance, but smokers
have a higher chance of the former (Davey Smith et al., 1992) and women using HRT

have lower odds of the latter (Petitti et al., 1986).

5.8.2 Applications

The UESD is relatively underutilised in CLS’s cohorts. Two studies have used data from
Next Steps to examine the effect of the 7" July 2005 London Bombings, which were
followed by rises in reported hate crimes committed against Muslims (Astorga-Rojas,
2023; Hole & Ratcliffe, 2020). Hole & Ratcliffe (2020) show a specific decline in

happiness (though not an increase in depression) among Muslim girls in the period after
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7" July, as well as an increase in their expectation of discrimination in the labour
market. Supporting a causal interpretation, the authors also show the effect is specific
to Sweep 2 of Next Steps, during which the event happened, rather than also presentin
Sweep 4, when measures of mental health were again collected. Astorga-Rojas (2023)
uses a similar set-up and shows lower reported expectation to remain in full-time

education after compulsory schooling among Muslim cohort members post 7t July.

Multiple papers have used data from individuals in social housing, exploiting the quasi-
random nature of housing offers for those at the top of waiting lists at various times in
the UK in the 20" and 215t centuries (Fumagalli & Fumagalli, 2019; Patacchini & Zenou,
2011; Silva et al., 2025). For instance, Fumagalli & Fumagalli (2019) use data from Next
Steps and find lower social participation (operationalised as ‘hanging around’) in areas
with greater ethnic diversity (which housing offers produce exogenous variation in).
Note, a key issue with this design is that, although allocation to neighbourhood may be
random, neighbourhoods vary on many different dimensions simultaneously. Though
neighbourhood of residence may not be related to individual (baseline) characteristics
among social housing tenants, it is not clear what aspect of neighbourhoods may be

driving effects.

Several papers have used month of birth as a potentially exogenous determinant of
relative age in one’s school year —in the UK, people born in September are the oldest in
their class, whereas those born in August are usually the youngest, but parents have
limited control over the time of year they conceive. Month of birth is often analysed in an
RDD framework (Section 5.10) with data from multiple year groups pooled (e.g.,
comparing students born in August or September in a given calendar year), but due to
the design of CLS’s cohorts, comparing individuals within a school year is the only
feasible approach, and only for MCS and Next Steps (which roughly span one school
year), rather than NCDS and BCS70 (which only span a single week).?° Crawford et al.
(2011) examine month of birth effects on multiple developmental outcomes in MCS and

Next Steps cohort members, and show that, among other factors, cohort members born

2% Cohort members' parents, siblings and children, however, have greater variation in dates of birth.
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early in the school year have greater educational attainment and higher scores on

cognitive tests than those born late in the school year.

5.8.3 Opportunities

As noted, the UESD is relatively underutilised in CLS’s cohorts, especially given the
cumulative timespan of data collection represented. Several cohorts also contain data
on accidents, though as discussed, the occurrence of accidents can be related to
participant characteristics. Data on income and wealth shocks may also be available.
We recommend reading the original UESD paper (Mufoz et al., 2020) as it is filled with
practical advice and may spark ideas. A research-enabling project would be to produce
databases of (a) policies and headlines detailing important events that have occurred
during CLS survey fieldwork and (b) interview date ranges and (sub)samples where
interview timing is plausibly exogenous (identified, e.g., by assessing sample balance
around an index date). Note, however, exogeneity of interview timing only needs to be
met with respect to potential outcomes of interest — there may be systematic reasons
why individuals were interviewed on given dates, but if unrelated to potential outcomes,

the assumption of (conditional) exchangeability would not be violated.
5.9 Instrumental Variables

5.9.1 Method

One issue with RCTs is that not everyone may comply with the intervention to which
they have been assigned — in a medical trial, some of the ‘treated’ may stop taking the
drug they have been given, and some of the ‘control’ may find the drug through other
means, instead of remaining on placebo. Analogously, in natural experiments not

everyone may receive or follow their expected intervention. For instance:

1. Inthe UESD, some people may be unaware of the event occurring, in extreme

cases like the reclusive Lykov family or Hiroo Onoda and other Japanese

holdouts, who were unaware of the end of World War Il.
2. Inthe Vietnam lottery, some draftees absconded, while some non-draftees

signed up to serve.
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3. In maternity wards, some mothers breastfeed or don’t regardless of whether

advice from a midwife is received or not (Fitzsimons & Vera-Hernandez, 2022).

Simply comparing outcomes by assignment (known as an Intention to Treat [ITT]
analysis), while often useful in policy terms, will not necessarily identify the causal
effect of the treatment itself. Individuals are typically only randomised to receive
encouragementto follow a certain treatment, rather than to adopt the treatment, per se
—for instance, they are provided a box of medication and given instructions to take it,
rather than administered it through force. To identify the causal effect of treatment, we

instead need to look at those who comply.

This is not as simple as comparing outcomes among those who used the treatment
because it is not use of treatment that is randomised. For instance, if we compare,
among those entered into the Vietnam lottery, those who served and those who didn’t,
we would compare on the one hand those who (1) served because they were drafted
(compliers), (2) served because they would serve regardless of being drafted (always
takers), or (3) served because they were not drafted (defiers) with, on the other hand,
those who (a) did not serve because they weren’t drafted (compliers), (b) did not serve
despite being drafted (never takers), or (c) did not serve because they were drafted (non-
compliers). These are not equivalent groups and they are not necessarily identical
according to their potential outcomes. See Table 5.5, which continues this worked

example.
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Table 5.5: Numerical example showing that even with random assignment of

treatment encouragement, comparing outcomes by treatment used can yield a
biased estimate of the causal effect if there is non-compliance (i.e., not all
individuals use the treatment they were assigned to). The example uses the
Vietnam draft lottery where people either serve or don’t serve (treatment used),

depending on whether they are drafted or not drafted (encouragement assigned).

People can be split into four groups depending on how they behave based on

treatment assignment. For simplicity we assume that people are equally split
across these four groups to make the arithmetic simpler to follow. For each group,
the causal effect of serving is 2 (to verify, compare ‘Potential Outcome’ columns).

However, people who choose to serve when drafted have higher potential

outcomes than those who do not. The difference in observed outcomes among

those who serve and those who don’t is 4 (final two rows) rather than 2, a biased

estimate.

Group

(XDrafted XNot Drafted)
’

Activity

Potential # Enacting
Outcome Activity

Don’t Serve

Potential # Enacting
Outcome Activity

=8.5

Serve, Serve (Always 9 N 7 0
Takers)

Serve, Don’t Serve 10 N/2 8 N/2
(Compliers)

Don’t Serve, Don’t 5 0 3 N
Serve (Never Takers)

Don’t Serve, Serve 6 N/2 4 N/2
(Defiers)

E(Y | X=X) =(9:-N +10-N/2 + 5-0+6:N/2)/2:N | =(7-0 + 8:N/2 + 3:-N+4-N/2)/2-N

=45

E(Y | X=Serve)-E(Y | X=Don’t Serve)

=8.5-4.5=4

Accounting for non-compliance in the estimation of causal effects can instead be

achieved using the Instrumental Variable (IV) design (Figure 5.10a). This design utilises

variables that create — or are associated with (Goetghebeur et al., 2020) — exogenous

variation in treatment, nudging subjects to a particular level of the exposure, rather than

another, analogous to the role of a coin in an RCT. For instance, being picked in the

Vietnam draft raised the probability a person would serve, but did not make it inevitable,

while giving birth on a weekday makes it more likely, but by no means certain, that a

mother will breastfeed.
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Figure 5.10: DAG representing the instrumental variable design. The instrument Z is
an exogenous cause of variation in the exposure, X, and can thus be used to
determine the effect of X upon Y (at least, for the variation induced in X by Z). The
instrument meets three criteria: relevance (Z - X), exclusion restriction (Z—>X—>Y
is the only directed path from Z to Y), and (conditional) independence -i.e., no open
backdoor path fromZto Y. In (b), conditional independence is achieved by
controlling for the confounder U,.

a. U b. Uy Uz
X » Y X > Y
Z z

In addition to meeting the assumptions of positivity, consistency and no interference, to
be valid, an instrumental variable must have four properties (Goetghebeur et al., 2020).
First, it must be associated with exposure (relevance; Z— X in Figure 5.10a). Second, it
must be unrelated to any unmeasured confounders of the exposure-outcome
relationship (independence; no Z <— U —Y). Third, it must be independent of the
outcome conditional on the treatment and unmeasured confounders (exclusion
restriction; Z — X — Y, the only directed path from Z to Y), unless these are conditioned
upon (Figure 5.10b); the lottery used in the Vietham War draft is an instrumental
variable but only among males eligible to serve.*® Fourth, the size of the treatment effect
must be independent of the instrument (homogeneity) or, where there is effect

heterogeneity, there cannot be both compliers (people who use treatment only when

30 Typically, and as displayed in Figure 5.10, the three IV assumptions are stated referring to causal
effects rather than (conditional) associations. For instance, relevance is defined as the IV having a
causal effect on the exposure and exclusion restriction as the IV not having causal effects on
outcomes except via the exposure, X. In the causal framing, not conditioning on U1 in Figure5.10b
may be classified as a violation of independence (i.e., presence of open back-door paths) rather
than exclusion restriction as above. In the causal framing, selection paths (e.g., addingZ®S Y to
Figure5.10b) do not fall easily under any assumption’s definition, whereas they sit straightforwardly
under exclusion restriction as the assumptions are defined above.
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encouraged) and defiers (people who use treatment only when discouraged) within the

same study population (monotonicity).®'

Under these assumptions, it is possible to use estimates of the association between the
instrument and the exposure and the instrument and the outcome (in Figure 5.10, paths
Z— XandZ— X —Y, respectively) to obtain an estimate of the causal effect of the
exposure upon the outcome (X — Y); in effect, exploiting exogenous variation in the
exposure related to the IV (Z — X). Several IV estimators exist. The most commonly
used, two-stage least squares regression (IV-2SLS), uses the instrument to predict the
exposure variable, and then uses these predicted values to estimate associations with
the outcome variable. Unlike ITT analysis, this procedure provides an estimate of the
change in the outcome per unit change in the exposure. Similarly, the widely used Wald
estimator scales the association between the instrument and the outcome by the

instrument’s association with the exposure.

Where there is treatment effect heterogeneity and the monotonicity assumption is met,
IV methods estimate a specific quantity termed the Local Average Treatment Effect
(LATE). This is the average effect of the exposure within the variation induced by the
instrumental variable, i.e., among compliers — people whose level of the exposure is
sensitive to (changes according to) the level of the instrument (for instance, those who
served in the Vietnam War only because they were drafted). The LATE, which is
sometimes referred to as the Complier Average Causal Effect (CACE), can differ from a
global average treatment effect because causal effects may be heterogeneous
according to why someone was exposed. For instance, the effect of military service on
income among those who only served due to the draft could differ from the effect
among those who served voluntarily (especially if the latter did so in expectation of

serving’s beneficial effect on their outcomes).

Discrepancies between observational associations and IV estimates may therefore

arise not just because of bias in the observational association, but also because a

31 There are various (relatively technical) versions of the homogeneity assumption. See Goetghebeur
et al. (2020) and Hernan & Robins (2023) for more detail.
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different quantity is being estimated. It is generally not possible to identify which
individuals are compliers because the ‘fundamental problem of causal inference’
(Holland, 1986) reappears: we cannot see both states of the world, where a person
receives the instrument and doesn’t. However, characteristics of the population of
compliers can be described (assuming monotonicity) by comparing the attributes of the
exposed among those with the instrument and those without. Nevertheless, this
population may not be of particular scientific or policy interest; we may wish to know
the effect of military service on recruits in general, for example. The price of internal

validity is potentially lower external validity.

Where treatment effects are heterogeneous, monotonicity is required because,
otherwise, the total effect of the instrument on the exposure becomes a net
combination of opposite responses, making the resulting instrumental variable
estimate difficult to interpret (for worked examples demonstrating this, see
Cunningham, 2021; Huntington-Klein, 2022). IV methods can exploit multiple IVs, which
can increase statistical power and precision, but make interpretation more challenging
where treatment effects are heterogeneous as the estimated treatment effect is then an
average across different groups. Additionally, where the exposure is continuous, rather
than binary, the LATE is a weighted average where compliers are weighted in proportion
to how affected they are by the IV (i.e., those whose exposure changes the most are

weighted more highly), again making interpretation challenging.

Many instruments have been proposed and used in the empirical literature, particularly
in economics. Examples include (Baiocchi et al., 2014; Cunningham, 2021; Hernan &

Robins, 2023; Huntington-Klein, 2022; Mellon, 2025):

=  Having a girl as a first birth (due to a preference for boys, a first-born girl means a
family is more likely to have further children)

= Measures of access (e.g., distance to hospitals, as travel time provides an
incentive to use the nearest service, regardless of its quality)

= Preferences (e.g., the judge fixed effects design relies on random allocation to
judges who have different predilections for handing out long prison sentences)

= Weather (e.g., extreme weather events can mean, among other things, planned

events are cancelled)
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= Calendartime (e.g., the roll-out of cable networks in the US)
= Offspring traits (e.g., direct effects of genes that are shared between parents and
offspring lead to correlation in parent-offspring pairs, and the offspring trait may

be less confounded than the parent trait; Davey Smith et al., 2009)

However, the popularity of these Vs can itself be a cause for concern (Gallen &
Raymond, 2020; Mellon, 2025). For instance, weather has been linked with over 190
treatment variables, such as income and food prices, through which it may plausibly
affect outcomes (Mellon, 2025). Such disparate effects suggest exclusion restrictions
do not hold, though Mellon (2025) discusses conditions under which this may not be
the case (e.g., the exclusion restriction holds for the specific population under study),
as well as outlining a procedure for determining whether this matters for a planned IV
study. Note, IV estimates can be especially sensitive to violations of assumptions
(Hernan & Robins, 2023), in particular where the instruments are ‘weak’ (have small
association with the exposure. Baiocchi et al. (2014) and Cinelli & Hazlett (2025)

describe quantitative bias analysis methods for IV designs.

Another class of IVs that are routinely used are genetic variants —i.e., as in Mendelian
Randomisation (MR) analysis. (Almost) every human trait is heritable (Polderman et al.,
2015; Turkheimer, 2000). Mendelian inheritance means parents pass on a random half
of their genomes to their children, and thus, conditional on parents’ genomes, a child’s
genes potentially represent a source of exogenous variation in a trait. For instance,
variants of the ALDH2 gene are related to the comfort with which one metabolises
alcohol and have thus been used to instrument alcohol consumption and determine its
effect upon health (L. Chen et al., 2008), a canonical example of a difficult question to
answer with standard observational data. An advantage of using genetic variants as
instruments is that they are inherited at conception and so are not subject to reverse
causality. However, this also comes with the disadvantage that genes are carried across
life and so it is difficult to determine or isolate specific timing of exposure (though, see

Richardson et al., 2020).

Due to data unavailability, MR analyses are generally undertaken without genetic data
from multiple family members, so they cannot condition on parental genotype and lack

the property that motivates MR. (MR with family-level data is discussed further in
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Section 5.14.) Genetic variants are not randomly distributed around the population
(Abdellaoui et al., 2019, 2022), and population-level MR analysis can be biased by
(population) genetic phenomena, including population stratification and assortative
mating, as well as genetic nurture (effects of parental genes on offspring via parental
behaviour) and other indirect genetic effects. Population stratification refers to
differences in particular genes across groups, which can lead to (non-causal)
association between genes and environments — famously, genes that are more
prevalent among individuals of East Asian ancestry will be associated with chopstick
use, despite this having a cultural explanation (D. Hamer & Sirota, 2000). Assortative
mating refers to the phenomenon of individuals not mating randomly, which can lead to
associations between phenotypes (and thus the genetic variants they are influenced by)
without one phenotype having a causal effect upon another. For instance, if highly
educated people are more likely to mate with taller individuals, then genes that
influence either will become correlated and a population MR analysis would suggest
education influences height (or vice versa) when this is not the case. Both population
stratification and assortative mating represent violations of the independence

assumption.

An additional issue with MR analyses (including those using family-level data) is
horizontal pleiotropy, where a genetic variant has an effect on multiple phenotypes, not
due to the main trait of interest having an effect on the others (vertical pleiotropy): many
genes have effects on multiple phenotypes, a necessary consequence of the limited
number of protein-coding genes (~20,000) in the human genome. Horizontal pleiotropy
represents a potential violation of the exclusion restriction assumption. Horizontal
pleiotropy can also arise through linkage disequilibrium (LD), whereby variants located
close together on a chromosome are correlated because recombination of DNA during
meiosis (formation of sex cells, gametes) rarely separates nearby loci, so DNA is
inherited in blocks. Thus, a genetic variant which has a causal effect on one trait may be
in LD with a variant that has an effect on another trait, creating a correlation between

the two traits.

The risk of horizontal pleiotropy is heightened when polygenic scores (PGS) are used as

instruments. PGS aggregate the effect of many genetic variants (e.g., hundreds or more)
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into a single weighted summary variable, with the individual weights determined from
Genome-Wide Association Studies, which use a hypothesis-free approach. Unlike with
single genetic variants like ALDHZ2, the pathways linking PGS to a trait may thus be
poorly understood. This is a particular concern when studying complex traits, such as
education, that are genetically influenced through multiple other traits (e.g., cognitive
ability, conscientiousness, and physical health), which may themselves have
independent effects on outcomes. As individual genes often have only weak effects,
there is a trade-off between using genetic instruments that most plausibly satisfy the
exclusion restriction (and independence) assumptions and using instruments that are
well-powered. Researchers often strike a balance by using PGS created from the top
‘hits’in a GWAS (e.g., variants exceeding the genome-wide significance, p <= 5x10¢,
level). Multivariable MR, in which PGS for related traits are also used (Davies et al.,
2019), may also reduce bias in this situation. PGS also make it harder to meet the

consistency assumption.

Note, however, whether population stratification, assortative mating, or horizontal
pleiotropy matter in a particular MR application is an empirical question — some traits
are not subject to assortative mating, nor do some genes vary in prevalence in
important ways across populations, and horizontal pleiotropy may not be relevantin a
specific situation. Further, as discussed in Section 5.16, clever cross-context designs
may be used to elaborate the theory that the gene has an exogenous effect on the

exposure and provide compelling causal evidence.

5.9.2 Applications

Fitzsimons & Vera-Hernandez (2022) use data from the MCS to assess the effects of
breastfeeding on various measures of child development using time and day of birth,
which affect the breastfeeding support mothers receive in hospital, as instruments for
breastfeeding. Major strengths of their study are their ability to demonstrate that day of
birth was not related to mothers’, babies’ and pregnancy characteristics and that
associations were confined to low-SES individuals for whom breastfeeding support was
particularly likely to have an effect on breastfeeding rates. Further, the authors augment

their analysis using an external dataset containing detailed data on postnatal care to
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demonstrate that the relevance assumption is plausible (e.g., that day of birth is related

to receiving advice and active support with breastfeeding).

Hypponen et al. (2022) use data from parents in the NCDS to assess the effect of BMI
upon mortality using cohort members’ (i.e., offspring) BMI as an instrumental variable;
the authors’ argument is that offspring BMI is unlikely to be confounded by underlying
disease, a major confounder of the BMI-mortality association in observational studies
(i.e., reverse causality; Davey Smith et al., 2009). The authors find that associations
between BMI| and mortality are stronger when using the IV. However, they find evidence
that offspring BMI is confounded by socioeconomic position (confounding bias can be
amplified when using IVs; J. W. Jackson & Swanson, 2015). It is also possible the
exclusion restriction is violated if, e.g., offspring socioeconomic position (which could
have a causal effect on offspring BMI) affects parental mortality. Further, because the
instrument captures the stable familial component of BMI, the analysis disregards
temporary variation in parental BMI, and so estimates target the effect of long-run -

rather than contemporaneous - adiposity.

5.9.3 Opportunities

The temporal and geographical range of the CLS cohorts, as well as linkage with
administrative data, potentially opens up many opportunities for novel instrumental
variable analyses. However, the discovery of plausible IVs depends on deep domain-
specific knowledge. Given the wide range of data that are available in the cohorts, there
may be a case for extending previous successful IV applications — e.g., to extend the
Fitzsimons & Vera-Hernandez (2022) work to outcomes captured later in life (e.g.,
educational attainment) or other domains (e.g., to personality traits); though whether IV
assumptions are met for these additional outcomes would need to be examined. Data
on offspring and/or parents are available in each cohort and can enable IV analyses
using family members’ traits. However, again, whether the IV assumptions are met will
need to be assessed for the exposure and outcome under study. Finally, PGS for a wide
range of traits are now available in each cohort (Shireby et al., 2025) and could be used
in MR analyses. For researchers wishing to exploit single genetic variants, raw genetic

data can be accessed via application to CLS.
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5.10 Regression Discontinuity Designs

5.10.1 Method

Instrumental variable designs use variation in a third variable (the instrument) as a
source or marker of exogenous variation in an exposure. Sometimes there are variables
that have an effect on an exposure and vary over a wide range. While overall these
variables may be associated with confounding factors, narrow parts of their variation
can lead to large differences in the likelihood of exposure. Within this narrow range,
variation is therefore strongly related to the exposure, but may be only weakly related — if

at all - to the confounding factors.

Take democratic elections — does becoming a Member of Parliament (MP) increase
one’s salary after the end of one’s parliamentary career (Eggers & Hainmueller, 2009)?
We can’t simply compare people who win elections with those who lose them because
rational political parties field their most promising candidates in safer seats and voters
give their support to candidates they perceive as more able. People who win large
majorities differ from those who lose handily in ways that could allow them to obtain
higher wages absent becoming an MP. But winners take all in a first-past-the-post
system, whether the majority is one or twenty thousand. People who lose by a small
amount are likely similar, on average, to those who win by a small amount. Within a

small margin, random factors can be decisive (Figure 5.11).32

32 |n the 1997 General Election, Conservative MP for Torbay, Rupert Allason, lost his seat by twelve
votes. A week before, he failed to tip a waitress, leading fourteen waiters who had intended to vote
Tory to cast their votes for the Liberal Democrat candidate instead (Ronson, 2001).
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Figure 5.11: DAG representing the Regression Discontinuity Design (RDD). In the
RDD, there is a running variable R that influences exposure X. However, across the
total span of the running variable (Panel A), this variable is itself a cause of the
outcome Y or is correlated with other causes (U) of the outcome Y. Within a narrow
range around the cut-off (Panel B), where the running variable strongly affects
exposure, variation in the running variable is too small to affect the outcome or to
be associated with its other causes. DAGs adapted from Cunningham (2021).

.(Overall) R [e--» U b.(At Cut-Off) R U

)

X Y X Y

As its name suggests, the Regression Discontinuity Design (RDD) takes advantage of
small perturbations around discontinuities such as this. RDD comes in two flavours:
sharp and fuzzy (Figure 5.12). In sharp RDD, exposure is zero on one side of the
discontinuity and complete on the other. The first-past-the-post election system
represents a sharp discontinuity; one is voted in, or one isn’t. In fuzzy RDD, probabilities
of exposure are intermediate, but around the discontinuity, the likelihood of exposure
changes substantially. Age-based eligibility criteria for vaccination represent a fuzzy
discontinuity; some people below the threshold may be eligible for vaccination for other
reasons, while those above the threshold may opt against vaccination. But ageing a
matter of days can still generate large jumps in vaccination rates and by itself would not

notably affect outcomes of interest (Basta & Halloran, 2019).
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Figure 5.12: Graph representing sharp and fuzzy regression discontinuity designs
(RDD). In the RDD, there is a running variable (x-axis) that influences exposure and
at a cut-off there is a jump in the likelihood of being treated. In sharp RDD, no one
below the cut-off is exposed and no one above the cut-off is unexposed. In fuzzy
RDD, some people below the cut-off are exposed and some people above the cut-
off are unexposed. However, there is a discontinuous jump in the probability of
exposure around the cut-off, such that the probability of exposure is markedly
higher for those just above the cut-off than those just below it.
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Discontinuities are common wherever there is some form of rationing or where
definitive criteria are used to make eligibility transparent or implementation more
straightforward. This is a feature of most bureaucracies and administrative systems,
including clinical settings where treatment protocols are used. Discontinuities graft
sharp changes onto otherwise continuous characteristics. While a person may be
identified as requiring medical attention based on strict criteria, underlying risks change
more gradually; hospitals may use a cut-off for low birth weight of 2.5 kg but weighing
2.51 kg is little better than 2.49 kg. Discontinuities also arise through cleavages in time -
a policy is enacted whereas before it was not. People born on 31%t August are the
youngest in their school year, while people born on 1 September are the oldest. People
born on 31t August 1957 were able to leave school at age fifteen, if they so wished, but
people born a day later had to wait until age sixteen because of an Act of Parliament,

which raised the minimum school leaving age.
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In RDD parlance, the variable determining exposure is referred to as the ‘running
variable’ (Cunningham, 2021).% The basic identification strategy of RDD is to estimate
the difference in the outcome around the discontinuity (for instance, the difference in
wealth at death either side of a zero vote margin; Figure 5.13), because the units of
analysis are, in theory, exchangeable at the time the exposure is assigned. This can be

achieved using parametric or non-parametric methods.

Figure 5.13: The association between relative vote share received by Conservative
candidates for UK Parliament and their wealth at death. Candidates receiving
positive relative vote shares were elected to Parliament. The discontinuity at zero,
and the flat relationship on either side, are evidence that being a Member of
Parliament increased wealth at death among these candidates. Figure taken from
Eggers & Hainmueller (2009).

Conservative Candidates

In a simple parametric set-up, the relationship between the running variable and the
outcome is modelled with continuous terms, and a binary variable for whether the
running variable is above the discontinuity is also included in the regression (see
equation below). The continuous terms capture the association between the running
variable and the outcome that would appear absent the variable influencing exposure.

The binary term captures the effect of the exposure on the outcome at the cut-off.

Yi=PBo+B1-xi+ P D(x; =) +¢

33 The running variable is also referred to as the ‘assignment’ variable.
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where jindexes individuals, x; represents the level of the running variable for person J,
and D(x; = c) is a binary variable equal to 1 where x; is at or above the discontinuity

cut-off point (c).

The parametric design uses data from a wide range of the running variable. It relies on
modelling the association between the running variable and the outcome appropriately
—incorrectly modelled non-linearities may yield a spurious non-zero coefficient for the
binary discontinuity term. In the non-parametric set-up, only data from around the
discontinuity are used, with weighting possibly used to place greater emphasis on
observations particularly close to the cut-off. The non-parametric approach is more
data-intensive as it requires sufficiently large samples close to the discontinuity but has
the advantage that it does not rely on appropriately modelling the correct functional
form. The sample size requirement can be relaxed by increasing the width around the
discontinuity from which observations are used, but at the cost of increasing the risk
that confounding factors — including the running variable itself — explain the association

with the outcome.

In fuzzy RDD, the running variable is associated with exposure above and below the
discontinuity, and being above the cut-off is effectively an ‘encouragement’.
Instrumental variable methods (Section 5.9) are therefore used to rescale the effect by
the cut-off’s influence on probability of exposure. The causal effects estimated in sharp
and fuzzy RDD are local to the cut-off, with the added proviso that in fuzzy RDD this is
the causal effect among those who ‘comply’ with the encouragement - i.e., were
exposed due to just sitting above the cut-off (as such, fuzzy RDD requires homogeneity
or monotonicity assumptions discussed in Section 5.9). These estimands can reflect
relevant research and policy quantities if the causal effect arising from the imposition of

the cut-off is of research interest.

A major strength of the RDD approach is that some of its assumptions can be falsified
(though not verified). Several tests present themselves to the budding RDD analyst.

First, similar to RCTs, balance in baseline (observed) covariates around the cut-off can
be examined. Second, models can be repeated using placebo cut-offs. These cut-offs

should not be related to jumps in the probability of treatment and so any association
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would be evidence that the model is misspecified or its assumptions are violated. For
instance, one could use an imaginary decision rule for elections where the ‘winning’
candidate wins if they receive 20% more votes than their closest rival or imagine the

school leaving age was raised in 1971 or 1973 instead of 1972.

RDD is not without its limitations, however. First, as intimated, the relationship between
the running variable and the outcome needs to be modelled appropriately;
mismodelling can lead to discontinuities appearing which aren’t there in practice, or
vice versa (Gelman & Imbens, 2019; Huntington-Klein, 2022). A key issue with sharp
RDD is that there is no ‘common support’—i.e., treated and untreated individuals do not
overlap in their value of the running variable. Counterfactual values therefore have to be
extrapolated, rather than directly drawn from observed data from those in the

comparator group.

A second limitation is that the same threshold may be used in multiple systems,
analogous to violations of the exclusion restriction in the IV design (Section 5.9). For
instance, in the UK, turning eighteen allows one to buy alcohol legally but also to
gamble and buy cigarettes, each of which could affect health outcomes. Similarly,
being the oldest in one’s school year may increase academic confidence, but also

physical maturity and social confidence. Each might impact educational attainment.

A third limitation of RDD is that, as regression discontinuities are most frequently found
in administrative systems, the ‘treatments’ one can examine are limited by those
implemented by these systems. These treatments may be relatively narrow (Bann et al.,
2024). For instance, just meeting eligibility criteria for more generous welfare payments
may be plausibly exogenous, but the total effect of these payments on income or wealth
may be smaller, shorter-lived, and easier to compensate for than changes inincome
observed more generally and which are of greater interest (e.g., in social epidemiology

top and bottom quintiles of income are often compared).

Finally, and most subtly, individuals, or the people acting on their behalf, may be aware
of cut-offs and their implications and may act to ensure they are eligible for the
treatment - or ineligible, if the treatment is undesirable. For example, some individuals

who are close to being classified as long-term unemployed might accept a job offer
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more readily in light of looming cuts to benefits (Card et al., 2007). Businesses that
would be subject to increased regulation if they grow might opt against hiring an extra
employee (Garicano et al., 2016). In these cases, there may be confounding even close
to the cut-off; checking the distribution of covariates and density of observations either
side can help assess this. Another subtle issue is misreporting or other fraudulent
behaviour to meet eligibility criteria.®** In this case, there will be differential

measurement error in the running variable.

5.10.2 Applications

Several studies have applied RDD to CLS’s cohorts. One popular object of study in the
RDD literature is the 1972 Raising of the School Leaving Age (ROSLA, discussed above).
In fact, the UK (or rather its constituent countries) has undergone several ROSLAs,
including in 1947 and more recently in 2013 and 2015, with the raising of the minimum
‘participation age’ in education or training. As discussed in Section 5.8.2, though there
is little variation in birth dates among CLS cohort members, there is plenty among their
family members, including their parents. Sabates & Duckworth (2010) exploit the 1947
ROSLA and use data from the NCDS to assess the effect of increased maternal
education upon cohort members’ developmental outcomes, finding positive effects on
maths ability but no effects on reading or behaviour. One drawback of this approach is
that studying parental effects within a birth cohort necessarily conditions upon fertility
and the parent’s age at birth. It is possible that both are influenced by parental

education.

Another discontinuity often exploited in education research involves test scores as
these are widely used to determine entry into specific institutions (e.g., minimum A-
Level grades for acceptance into top universities or degree requirements for entry into
competitive graduate schemes).* In the UK, entry into selective grammar schools is
largely based on results on the ‘eleven-plus’, a test similar to an IQ test. Pastore & Jones

(2023) use data from cognitive tests at age 11 years in the NCDS to proxy for eleven-plus

34 |n stellar work, Saul Newman (2024, 2025) catalogues evidence that cases of extreme old ages are
more likely to reflect pension fraud.
3% |n fact, the original RDD analysis used this design (Thistlethwaite & Campbell, 2017, Reprint).
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scores to assess the effect of attending grammar school on several educational, labour
market, and health outcomes. However, an issue is that, as they only use a proxy
measure and (unobserved) qualifying eleven-plus scores for grammar school varied
across England and Wales, they have to estimate the threshold determining grammar
school entry from the NCDS data themselves. They do, however, perform several
‘negative control’ tests (Section 5.15), which support a causal interpretation (e.g., no
association between grammar school attendance at the discontinuity and cognitive

ability scores at age 7 years).

5.10.3 Opportunities

We have noted that discontinuities most frequently arise when an individual interacts
with a (government) service. Specific criteria are frequently used to determine eligibility
for services or duties (e.g., for income support) and hard geographical boundaries
determine the bodies under whose purview one sits — for instance, residents of
Bassetlaw in Nottinghamshire are eligible for three rounds of IVF, whereas their
neighbours in surrounding districts (including across the same street, in some cases)
are only eligible for one (Patel & Sissons, 2024). Accordingly, geographic and
administrative data linkages have the potential to be particularly useful for performing
RDD in CLS’s cohorts. For instance, educational administrative data linkages may
enable examination of the effects of educational access or attainment on various
outcomes - universities offer places based on letter grades, though the underlying exam
scores are continuous. An additional advantage of geographic (or other) variation is that
some policies may be only rolled out in specific areas or groups over time. In this case,
temporal variation could be used to identify causal effects with unaffected groups used
for comparison —for instance, eligibility for the latest increase in the education
participation age depends on birth date but has only been implemented in England and
not Scotland or Wales. An issue with performing RDD in the cohorts is that sample sizes
may be relatively limited around a cut-off, and so parametric methods - or pooling data

across cohorts and with other data sources — may be necessary.
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5.11 Target Trial Emulation

5.11.1 Method

So far, we have mainly discussed the benefit of randomised controlled trials (RCTs) that
comes from randomisation. But RCTs have additional features that are beneficial for
causal inference (Hernan et al., 2025). Specifically, they encourage the individuals
involved in designing the RCT to ask well-defined causal questions by specifying study
design and analysis plans that realise these questions as estimands (quantities one
wishes to estimate); as discussed in Section 2.1, clearly stating the estimand is a key

component of any good causal research.

RCT study designs detail the eligibility criteria for the study participants, the treatment
strategies that will be compared, the method of treatment assignment, the outcomes of
interest, the start and end of follow-up, the causal contrast of interest, and the analysis
plan. These components, when combined (and written well), enumerate the population,
exposures and outcomes of interest for which a causal comparison is to be made. For
instance, an RCT of COVID-19 vaccination on mortality may include individuals if they
have not had a vaccine or COVID-19 infection so far, compare two dosages of active
vaccine vs. placebo, assigned randomly, with mortality rates determined five years post-
randomisation. Comparing survival rates in vaccination vs. placebo groups would
provide an intention-to-treat estimate of the effect of the vaccine on mortality assuming

no differential loss to follow-up.

Not every failure of observational studies arises due to problems with the underlying
process that generated the data (e.g., confounding, measurement, and response
biases). Some are “self-inflicted” due to decisions that are made by the data analystin
the design of their study (Hernan et al., 2016). Notable among these are decisions
relating to eligibility, treatment assignment, and the definition used to begin follow-up
time (‘time zero’). Where these do not coincide, there is the potential for one of two
related but distinct forms of selection bias: immortal time bias and prevalent (or

‘healthy’) user bias (Hernan et al., 2016).
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Immortal time bias occurs when treatment assignment is determined after the start of
follow-up (time zero). Most commonly, this occurs whenever the treatment is defined in
relation to a minimum amount of time, e.g., if participants taking anticoagulants only
count as ‘treated’ when they have been taking the medication for at least 5 days.
Anyone who dies between the start of treatment and the designated time required to
achieve ‘treated’ status will not be eligible for classification as ‘treated’, making this
time ‘immortal’ as no deaths (or other outcomes of interest) can occur in this group
during this time. In contrast, the ‘untreated’ group does not require a minimum amount
of time to count as ‘untreated’ and all events occurring during this period are counted as
normal. Since the ‘treated’ group has already survived a minimum required period that
does not apply to the ‘untreated’ group, any apparent benefit of treatment may be

overestimated as an artefact of this immortal time.

Prevalent user bias (also known as ‘depletion of susceptibles’) arises when treatment
assignment occurs before the start of follow-up. Most commonly, this occurs in
observational settings where comparisons are made between ‘exposed’ (‘treated’) and
‘unexposed’ (‘untreated’) individuals (e.g., those with and without heart disease). In this
setting, the ‘treated’ must remain ‘treated’ long enough to make it into the sample at the
start of follow-up. Any events occurring due to treatment before the start of follow-up
would be missed and undercounted in the ‘treated’ group. For instance, when studying
the effect of unemployment on depression, those whose mental health deteriorates
soon after job loss may make greater effort to find a job quickly or may leave the labour
force entirely. The individuals observed as unemployed at the start of follow-up (rather
than the start of unemployment), then, would be disproportionately made up of those

who are unaffected by unemployment’s deleterious effects (Figure 5.14).
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Figure 5.14: Causal DAG representing prevalent user bias in an observational study
where treatment assighment is determined prior to follow-up time (time zero; T=0).
In the DAG, exposure is measured at time-zero, but exposure can be initiated
before this point (Xr-+). Remaining exposed (Rr-o), which is implicitly conditioned
upon in the study design, may be related to confounders as well as mediators on
the path between Xr-:and Y.

XT=t » Rr1=0 Y

The more harmful the exposure is and the longer the time between exposure initiation
and start of follow-up, the more likely it is for those susceptible to the outcome to be
depleted from the treated group sample. Prevalent user bias is a particular challenge
with cohort data because of the length of time between data collections - participants
may be more likely to experience a harmful exposure and then experience the outcome,
or drop out of the study, before their exposure status is collected at the next wave. Note,
prevalent user bias can affect both internal and external validity as (regarding internal
validity) remaining exposed is a potential collider variable (Figure 5.14) and (regarding

external validity) treatment effects may vary depending on ‘susceptibility’.

These self-imposed analytical mistakes have generated several notable failures in
observational research. For instance, Hernan et al. (2008) show that the supposedly
protective effect of hormone replacement therapy on coronary heart disease, identified
in observational studies but not RCTs (which found the opposite), disappears when
prevalent user bias is avoided. It is thought that those most susceptible to coronary
events after HRT initiation will have been depleted from the sample before the start of
follow-up, meaning the protective effect seen in many observational studies is due to
prevalent user bias. Dickerman et al. (2019) show the apparent protective effect of
statins against cancer arises due to a combination of immortal time bias and prevalent

user bias. First, existing studies compared long-term statin users with non-users, where
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long-term users were defined as those with at least 4 years of statin use. Those who go
on to be classified as long-term users must have therefore survived during this period
without developing cancer (introducing immortal time bias). In addition, existing studies
also included those already on statins before the start of follow-up, which may have led

to depletion of susceptibles (introducing prevalent user bias).

The target trial emulation (TTE) framework (Hernan & Robins, 2016) specifically
attempts to avoid such design biases by emulating the features of an RCT.*¢ In
particular, TTE involves specifying the protocol for a hypothetical (‘target’) trial,
including eligibility criteria, treatment assignment procedures, follow-up, outcome,
estimand, and analysis plan.® This protocol is then used to design a second protocol,
detailing the design of the observational study which will be used to emulate the
hypothetical target trial (Hernan et al., 2025). This mapping is iterative and based on
what is possible with the data — it does not recreate an ideal RCT that one may wish had
been run, and some features of an RCT, such as treatment allocation blinding and
explicit randomisation, will not be possible to emulate (i.e., the target trial may often be
a ‘pragmatic trial’). Preparing data for a target trial emulation can involve significant data
wrangling (e.g., restricting to an eligible sample). For instance, to assess the effect of
job loss on mental health, data may be restricted to those in continuous employment

before exposure ‘assignment’.

The TTE does not map to a single statistical method — instead it is a framework for
designing studies and defining estimands. As such it can be used alongside - or rather,
specify the use of — any of the methods (e.g., regression adjustment), study designs
(e.g., Regression Discontinuity Designs), and falsification tests (e.g., negative controls)
discussed elsewhere in this document. Just like an RCT, TTE can be used to estimate a
range of estimands. In an RCT, the intention-to-treat effect estimates the effect of being

assigned to a treatment, regardless of adherence. Typically, the observational analogue

36 TTE is sometimes referred to as the pseudo-trial design.

37 Note, as the allocation procedure in observational data is not randomisation, the target trial
protocol sets out the steps designed to estimate the target estimand (e.g., regression adjustment or
use of an IV).
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of the ITT is the effect of initiating a treatment, regardless of adherence during follow-up.
In an RCT, there may also be a range of estimands of interest which involve being
assigned to treatment and adhering to it for the duration of follow-up (traditionally
referred to as ‘per protocol’ effects). However, just like an RCT, there is no single ‘per
protocol’ effect and the exact adherence strategy and therefore estimand must be pre-
specified. This requires appropriately accounting for post-treatment confounding and
selection, including any time-varying confounding. This is discussed further in Section

5.12.

TTE is popular in pharmacoepidemiology and with large-scale health record data, but it
isincreasingly used in other fields, including social epidemiology and criminology (see,
e.g., Cornish & Brennan, 2025; Matilla-Santander et al., 2023). It has also been applied
in cohort data, including the CLS cohorts (see below). Cohort data have the advantage
that variables are measured repeatedly which can make it possible to restrict eligibility
to individuals without exposure prior to time zero, though as mentioned previously, the
time gap between data collections can cause issues. Repeated measurement also
allows for a nested trial design, where individuals are entered into multiple successive

‘trials’ until they become exposed.

A final benefit of the RCT design that is naturally encouraged by the TTE framework is
specifying a well-defined intervention that can, hypothetically, be assigned
experimentally. In observational studies, it is often unclear what the equivalent
intervention may be, and hence the interpretation of the causal effect one is actually
estimating (Hernan & Robins, 2023). For instance, a researcher may wish to estimate
the effect of body mass index (BMI) on stroke. However, it is not straightforward to
‘assign’ a certain BMI, even in a trial. Instead, different levels of BMI can be achieved via
numerous interventions (e.g., diet, exercise, Ozempic, amputating a limb). The same
change in the exposure (e.g., transitioning from BMI of 30 to BMI of 25) can therefore be
achieved through different means, each of which may have distinct effects on the
outcome (stroke), making the estimand (the causal effect being estimated) unclear.
Since the effect will be a mixture of different possible interventions, it has limited
practical utility and limited transportability. This problem is much more easily avoided

when we attempt to conceptualise the exposure as a hypothetical intervention as it
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explicitly encourages us to think about well-defined causal contrasts with clearer

interpretations.

5.11.2 Applications

Vagni (2026) uses data from BCS70 to estimate the causal effect of becoming a mother
upon social class (the ‘Motherhood Class Penalty’). The author uses an explicit TTE
framework to define the exposure, outcome, eligibility criteria, time zero, and the
estimand of interest. Comparator women (women who remain childless at age 46) are
identified by matching upon Mahalanobis distance with a novel use of sequence
analysis (Gabadinho & Studer, 2010) to identify pairs of treated and untreated
individuals with similar pre-motherhood class trajectories. The author finds that
motherhood has a large effect on class mobility, with mothers facing long-term lower
likelihood of attaining or remaining in professional occupations following childbirth.
Strengths of the study include: the clear and transparent statement of the study design,
estimands, and assumptions; the use of external data (Annual Population Survey and
British Household Panel Survey) to assess potential bias from attrition; and the use of
data visualisations to display the results and provide compelling evidence that
estimates are causal (e.g., showing estimated differences in occupational class are

confined to the peri- and post-childbirth period).

5.11.3 Opportunities

The TTE approach is relatively underutilised in CLS cohort data, despite the cohorts
having several features making the approach tractable (as noted above), including
longitudinal assessment to determine eligibility and to implement nested trial designs

to increase statistical power.
5.12 G-methods for Time-Varying Exposures

5.12.1 Method

Most of the methods outlined so far focus on the effect of exposures occurring at a
single timepoint. In many applications, however, researchers are interested in how the

effect of the same exposure depends on when it occurs or in how exposure sustained or
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accumulated over time influences later outcomes. CLS’s cohorts are particularly well
suited to answering such questions. However, time-varying exposures introduce
additional challenges for causal inference, some of which cannot be addressed by
conventional statistical methods (e.g., ordinary least squares regression). In this

section, we outline these challenges and briefly discuss potential solutions.

Before turning to time-varying confounding — which was briefly introduced in Section
2.2.3 - itis important to note that the problems and methods discussed here apply
specifically to causal questions about the effects of exposure patterns over time. This is
more specific than simply studying an exposure that may vary over time, since such
exposures may still be analysed as time-fixed depending on the causal question. For
example, for some target population, one might ask about the effect of high versus low
depressive symptoms at age 16 on blood HbA1c concentration at age 30, a biomarker of
diabetes. (For simplicity, we treat the exposure as binary and set aside concerns about
consistency —that is, we assume “high” and “low” depressive symptoms are
‘sufficiently well-defined’.) The causal question is valid, but it concerns exposure at a
single age and its total effect on later HbA1c through all subsequent pathways.
Although depressive symptoms and other influences may change between ages 16 and
30, the causal contrast is defined only in terms of symptoms at age 16. From an
interventionist perspective, this corresponds to asking what the average HbA1c
concentration at age 30 would be under hypothetical interventions that set everyone’s
depressive symptoms to high vs. low levels at age 16, while allowing later symptoms to
evolve naturally thereafter. This matches the definition of the average treatment effect
as provided in Section 2.2.1, and its estimation does not require methods for time-

varying exposures that we discuss in this section.

Alternatively, a researcher may be interested in the effects of different exposure
patterns over time. We will refer to these as ‘regimes’. Extending the previous example,
one might ask about the effect on HbA1c at age 30 of experiencing the treatment regime
of high levels of depressive symptoms at age 16 and again at age 24, compared with the
regime of experiencing low levels of depressive symptoms at both timepoints. This
defines a different type of causal question. Here (again using an interventionist

perspective), we are interested in the joint effect of intervening twice: firstin
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adolescence and again in early adulthood. More formally, for this contrast, the average
treatment effect could be expressed as E[Y*1=1 X2=1] — E[y*1=0.X2=0] '\where X; and X,
denote exposure levels at the two timepoints. Other causal contrasts are also possible,
depending on which exposure regimes are compared. For example, one could consider
HbA1c levels under high depressive symptoms at age 16 but low symptoms at age 24,
and vice versa. Naturally, the very same principle could be extended to more exposure
timepoints, giving rise to an even larger number of possible contrasts.*® For this reason,
defining the causal contrast of interest becomes more challenging in time-varying
settings. Despite this additional complexity, comparisons of different exposure regimes
allow researchers to formalise pressing causal questions. They are especially relevant
when the aim is to learn whether exposures have different effects at different stages of
the life course, whether accumulated exposure has distinct effects, or which exposure

regimes may have the greatest effect and as such be targeted in policy making.

When estimating the effects of exposure regimes, a new complication arises with
respect to confounding. We illustrate this using the simplified example introduced
earlier. Consider the DAG in Figure 5.15, which represents the setting introduced above.
In this DAG, X;and X, represent the two exposure instances and L, and Lorepresent sets
of time-varying confounders (e.g., one’s overall health).*® Suppose we wish to estimate
the effect of high depressive symptoms at both timepoints, compared with low
symptoms at both timepoints, on later HbA1c. The graph is best read sequentially, from
left to right over time. At the first exposure timepoint, the situation looks familiar: to
estimate the effect of depressive symptoms at age 16 (X1) on HbA1c at age 30 (Y), we
would wish to condition on common causes of X;and Y —in this case, L;. The situation is
also familiar at the second timepoint: to estimate the effect of depressive symptoms at

age 24 (X;) on HbA1c at age 30 (Y), we would wish to condition on common causes of X,

38 The same principles also apply when one is interested in the history of different exposures, rather
than repeated measures of the same exposure. For example, one might be interested in the joint
effect of parentalincome in childhood and unemployment in adulthood on later health outcomes.
3% Time-invariant confounders could also have been added to this DAG, but weren’t for readability.
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andY, including prior exposure (X4), and the time-varying confounders taking place

before the second exposure (L;and Ly).

Figure 5.15: A DAG representing a simple setting with a time-varying exposure at
two timepoints (X, and X;). L, and L, are time-varying confounders. To estimate the
effect of X, 2 Y, one must condition on the full history of the covariates and the
exposure, including L,, L., and X,. To estimate the effect of X,2> Y, one needs to
condition on L,, but must not condition on L.. If one wishes to estimate the joint
effect X; and X, have on Y, a problem arises, because the two instances require
mutually exclusive adjustment sets (that is, one needs L, to be conditioned upon,
whereas the other needs that it is not conditioned upon). Standard estimation
methods cannot accommodate this structure, and g-methods are required.

L4 Lo

X4 Xo

So, we have identified two different, though partly overlapping, sets of confounders, one
for X.—=Y and the other for Xo—Y. If we were to estimate these effects separately, we could
simply fit two separate models, each focusing on one exposure instance and
conditioning on the respective set of confounders. However, we wish to estimate an
effect that compares different exposure regimes, so X; and X, must be considered
jointly. Consequently, confounding relevant to both the earlier and later exposure—
outcome relationships must be addressed when estimating that joint effect. The
difficulty arises when confounders of the later exposure—outcome relationship (here L,)
are themselves affected by the earlier exposure. This scenario is known as treatment-
confounder feedback and confounders affected by past exposure levels are referred to
as intermediate confounders. In our example, health status in early adulthood could be
an intermediate confounder: it may affect both later depressive symptoms and later
HbA1c but may also itself be affected by earlier depressive symptoms. Intermediate

confounders have a dual role: they confound the later exposure—outcome relationship

Causal inference in the CLS cohort studies User Guide (Version 1) | 122



(X2 € L2 > Y) but also lie on the causal pathway from the earlier exposure to the outcome

(X1 > L2 Y).

In the presence of treatment-confounder feedback, conventional methods will
generally fail to estimate the effects of exposure regimes correctly, even when all
relevant confounders are measured. To see why, consider what the dual role of
intermediate confounders implies for the adjustment set. To address confounding of the
X2=Y relationship, L, must be conditioned upon. But for the X;-Y relationship,
conditioning on L, would block part of the earlier exposure effect. Standard methods
therefore face a problem with no satisfactory solution: conditioning on L, removes part
of the causal effect X; has on Y, whereas not conditioning on L, leaves the X,-Y

relationship confounded.*°

To address this problem, a family of methods has been developed, which are
collectively referred to as g-methods (the letter g stands for ‘generalised’). The three
main approaches are: g-computation, also known as the parametric g-formula (Robins,
1986); inverse probability of treatment weighting (IPTW; Robins et al., 2000), already
encountered for single time points in Section 5.3; and g-estimation of structural nested
models (Robins, 1989; Vansteelandt & Sjolander, 2016). The naming convention can
cause some confusion. IPTW belongs in the g-methods family despite containing no
signposting letter g, while g-estimation is, despite its name, a method that is fully
distinct from g-computation. Nevertheless, all three methods share the ability to
estimate effects of exposure regimes even in the presence of treatment-confounder
feedback.*' While discussing the details of the three g-methods is beyond the scope of
this work, we briefly outline the intuition behind g-computation and IPTW. We do not

discuss g-estimation further, as it would require additional technical context not well

40 Note, the software DAGitty is less developed for handling time-varying exposures and time-
dependent confounding.

41 Apart from g-methods, related developments have also emerged within the structural equation
modelling (SEM) literature (De Stavola et al., 2015), though the focus is on SEM as a parametric
framework for causal modelling rather than on the broader range of SEM applications familiar from
applied research.
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suited to the brief treatment possible here. Readers interested in more detail on all

three g-methods are referred to Hernan & Robins (2023).

In the most common implementation, g-computation uses a series of regression
models to simulate, step by step and forward in time, what each person’s intermediate
confounders and outcome would be under a particular exposure regime, given the
covariate history up to the respective timepoint. Using these simulations, one could
first estimate, for example, the expected outcome under a regime in which everyone
was exposed at each timepoint. Next, the process is repeated under a different regime
(e.g., no one exposed at any timepoint). The simulated outcomes are averaged under
each regime, and the resulting means can be compared, for example by taking the

mean difference.

This approach naturally accommodates the dual role of intermediate confounders. As
the simulations are carried out forward in time under each exposure regime, they
preserve the influence of earlier exposures on later intermediate confounders and their
resulting effect on the outcome. The final comparison is made directly between the
estimated mean potential outcomes under different regimes, so intermediate
confounders contribute to the differences in the estimated mean potential outcomes
only insofar as they are changed by the exposure regime. The resulting comparison can
be interpreted as the estimate of the respective causal effect, provided that the
identifying assumptions hold (discussed below) and that all models for the intermediate

confounders and outcome are correctly specified.

Unlike the usual implementation of g-computation, IPTW does not attempt to simulate
counterfactual trajectories. Recall from Section 5.3 that, in the single-exposure setting,
the weights are defined as the inverse of the probability of receiving the observed
exposure level, conditional on confounders. Reweighting observations by these weights
aims to create a pseudo-population in which the exposure is independent of the
measured confounders. For time-varying exposures, IPTW extends this same principle:
if successfully implemented, it reweights observations so that, at each exposure
timepoint, the exposure is independent of the covariate history (conditional on past
exposure levels). In its simplest form, weights can be derived separately for each

exposure instance, for example using regression models for the exposure conditional on
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the covariate and exposure history up to that point. These timepoint-specific weights
are then multiplied across timepoints to give a single weight for each individual. The
resulting weights can then be used to estimate the effects of exposure regimes, which
can be obtained through methods such as weighted regression. For a simple worked

example, see Thoemmes & Ong (2016).

IPTW generally relies on the same identifying assumptions as g-computation, but the
two methods have different requirements for statistical modelling. The standard version
of g-computation requires a correctly specified model for each intermediate
confounder as well as the outcome, whereas the implementation of IPTW described
here requires a correctly specified model for each exposure instance. In most analyses,
there are many more potential confounders than there are exposure instances, so IPTW
typically has the benefit of making fewer parametric assumptions than g-computation.
That said, this may come at a cost of lower efficiency of IPTW, producing wider
confidence intervals. In practice, IPTW can also be more prone than g-computation to
numerical instability, especially in settings with many timepoints and complex covariate
histories, where extreme weights are more likely to arise. Importantly, this comparison
applies to the standard versions of the two methods, but other implementations can be
used to relax some of the modelling assumptions (see, for example, Huffman & van
Gameren, 2018; Karim et al., 2017; Zivich et al., 2024). The strengths of the two
methods can also be combined in doubly robust estimators (Bang & Robins, 2005; van
der Laan & Gruber, 2012). The flexible and doubly robust approaches typically come at

the cost of greater complexity.

While progress has been made in statistical methods, identification of exposure regime
effects relies on strong assumptions. The methods outlined above generally require a
sequential version of the conditional exchangeability assumption. In practical terms,

this typically implies that, at each exposure timepoint, one must account for common
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causes of the exposure and the outcome.*? Even when only a single exposure instance
is considered, itis rare that all confounding has been fully accounted for, and some bias
due to unmeasured confounding may remain. As additional timepoints are introduced,
the number of confounders can only increase, so this assumption becomes more
difficult to justify. Other identifying assumptions, including positivity, consistency, and
no interference, also generalise to sequential versions and may likewise become harder

to satisfy (see Hernan & Robins, 2023, for details).

The strong identifying assumptions, together with the added analytical complexity, have
an important practical implication. When many exposure timepoints are available,
researchers may be tempted to define exposure regimes that involve all of these
instances, hoping to make full use of the available information. Yet it may be preferable
to focus on fewer exposure timepoints than are available in the data, so that the
required assumptions remain more plausible. For example, one should consider the
availability of confounders at or before each exposure timepoint. Another reason for
limiting the number of timepoints is so that the causal question becomes clearer. As
additional exposure occasions are introduced, the number of possible exposure
regimes increases rapidly, and it may become unclear which contrasts are substantively
meaningful. Therefore, it may be more informative as well as practical to focus on a few
timepoints that correspond to meaningful developmental periods or plausible

intervention points, rather than modelling every observed measurement occasion.

5.12.2 Applications

Hope et al. (2019) use MCS to examine the effect of time-varying maternal distress upon
childhood mental health problems across ages 3, 5, 7, and 11 years. Using marginal
structural models and allowing for treatment-confounder feedback (prior child mental

health influencing maternal distress) and time-varying confounding via family

42 More precisely, the exact form of sequential conditional exchangeability depends on the exposure
regime under consideration. The implication stated in the main text generally holds for static
regimes, in which exposure is set according to a fixed sequence that does not depend on covariate
history. Hernan & Robins (2023) discuss more complex regimes for which this assumption may need
to be formulated differently, and in some settings more stringently.
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circumstances, they show that maternal distress increases the risk of future mental
health problems in children, even net of future maternal distress. A strength of the study
is the use of QBA (Section 5.20) to examine sensitivity of the results to unobserved
confounding, showing that — according to their reading of the literature —implausibly

strong unobserved confounding would be necessary to explain associations.

Pinto Pereira et al. (2020) use data from the NCDS and the National Survey of Health
and Development (NSHD, the 1946 British Birth Cohort Study; for a cohort profile, see
Kuh et al., 2011; Wadsworth et al., 2006) to assess the causal effect of early- and mid-
adulthood obesity upon physical functioning in mid-Llife. Using the parametric g-formula
and an explicit counterfactual framework, the authors compare the causal effect of
multiple treatment regimes: never obese, persistent obesity, and obesity beginning at
particular ages. Their results suggest that obesity increases the risk of low physical
functioning in mid-life, with greater effects for obesity that began earlier in the life
course. The authors also perform a causal mediation analysis; we delay discussion of
this until Section 5.13. Strengths of the study include: sharing of analytical code, the
reduction of a complex exposure history to a small number of substantively
interpretable regimes, and explicit discussion of study estimands, the assumptions
upon which these are based, and the causal interpretation that can be made, subject to

the assumptions being met.

5.12.3 Opportunities

Given repeated measurement of many factors across the life course, there is ample
opportunity to assess the effects of time-varying exposures in CLS’s cohorts, as well as
to include time-varying confounders in such analyses. Further, unlike many other cohort
studies, data collection in CLS cohorts began at birth or early in life. This allows for
testing of a wider range of life course theories, but also averts an issue with cohorts that
have data collection starting later. Specifically, such cohorts implicitly assume that
exposure begins at the point at which variables are measured (e.g., at recruitmentin
adulthood), though in practice exposure would likely begin before then (Gilsanz et al.,

2022, term this late-study start confounding).
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As discussed, a key limitation is the age gap that can appear between consecutive
sweeps — for instance, ten years elapse between the age 23 and 33 year sweeps in the
NCDS. This could warrant focusing upon life course stages where measurement was
more frequent (i.e., from age 42 years onward in the NCDS), or upon MCS and Next
Steps, whose earlier sweeps are more closely spaced. Data linkages offer a further
route around the problem, as administrative records may capture relevant information

more frequently than survey sweeps.

To our knowledge, most existing applications of g-methods in CLS’s cohorts have been
causal mediation analyses (Section 5.13) rather than comparisons of exposure regimes.
Exposures that are measured repeatedly but to date have been studied largely with
descriptive trajectory methods - e.g., on poverty spells, parental mental health,
employment histories, housing tenure, area deprivation — could be fruitfully reassessed

within a counterfactual framework.

5.13 Causal Mediation

Note: This section builds on the concepts of joint exposure effects and treatment-
confounder feedback (intermediate confounding). Readers unfamiliar with these
concepts are strongly encouraged to read Section 5.12 on G-methods for Time-Varying

Exposures first.

5.13.1 Method

In the previous sections, we have considered settings united by a common motivation:
to understand what would happen to some (population-average) outcome if the
exposure were changed, whether at a single time point or across multiple time points.
Such questions concern a particular end result of interest under specified
(hypothetical) interventions on the exposure and are typically agnostic about the
processes set in motion by those interventions. For example, one may learn that, in
some target population, prescribing one type of medication reduces the five-year risk of
developing heart disease by 20%, compared to an alternative prescription. This may be
sufficient to conclude that prescribing the medication is beneficial over the alternative

in preventing heart disease, but it does not explain how that benefit is produced. For
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instance, the medication could be more effective because patients are more likely to
take it than the alternative, or because it acts on different physiological pathways
involved in heart disease, or because of some combination of these and other
pathways. Questions about intermediate pathways linking the exposure to the outcome

have motivated the development of mediation analysis.

Besides being of inherent scientific interest, understanding the mechanisms by which a
causal effect is produced can provide several real-world benefits. First, there may be no
known way to intervene on the exposure itself in the real world, or such interventions
may be costly, impractical, or otherwise undesirable. Downstream processes may be
more feasible to intervene on and provide alternative levers for producing the desired
causal effects. For instance, policymakers may not have latitude to fully prevent
adverse childhood experiences (primary prevention), but do have more scope to
implement interventions to avert some of their negative psychological sequelae
(secondary prevention; e.g., talking therapies; Ning et al., 2024). Second, understanding
intermediate processes may help refine interventions. Rather than treating an
intervention as a black box, researchers may wish to know which components,
behaviours, or biological changes are most important for producing the outcome of
interest. For example, if obtaining a degree increases wages simply by signalling human
capital, rather than increasing it, a policy goal of maximising university attendance
might be withdrawn. Third, identifying intermediate pathways can help inform tailoring:
different pathways may be more relevant in different populations, settings, or stages of
life. For instance, if the effect of job loss on mental health operates via financial strain,

resources could be focused on those without savings or other sources of income.

In general, mediation analysis has often been understood as an attempt to answer such
questions by decomposing the total effect of an exposure on an outcome into direct
and indirect components. In the simplest setting, an exposure X is thought to affect an
outcomeY, at least partly through an intermediate variable M, referred to as the
mediator. The indirect effect is then understood as the part of the effect of Xon Y that
operates through M, while the direct effect is understood as the part that operates

through paths that do not involve M.
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To make this discussion more concrete, we return to the example introduced in Section
5.12, with some changes. Suppose we are interested in the effect of high versus low
depressive symptoms at age 16 (X), on HbA1c at age 30 (Y), a biomarker of glycaemic
control. We suspect that depressive symptoms may also influence health behaviours,
including smoking, and smoking may in turn affect HbA1c. We may therefore be
interested in whether the effect of depressive symptoms on HbA1c operates, at least in
part, through smoking frequency (M), measured at age 24. As in the previous section,
we set aside consistency issues for simplicity, assuming that both “high” and “low”

depressive symptoms and smoking frequency are sufficiently well-defined.

Although the motivation for mediation analysis may seem clear at first glance,
translating a general interest in “understanding mechanisms” or the notion of “direct”
and “indirect” paths into well-defined causal effects is challenging. Traditional
approaches to mediation developed from path analysis (S. Wright, 1934), an early
framework in which hypothesised relationships between variables are represented
through a system of equations (this was later generalised within structural equation
modelling, SEM). These approaches to mediation define effects through statistical
models and make no reference to formal causal frameworks. While a full description of
traditional mediation frameworks is beyond the scope of this work, we provide a brief
illustration of the simplest approach, where the three effects are defined through linear

regression coefficients (Baron & Kenny, 1986; MacKinnon et al., 2007):

1. Total effect: The first step is to regress the outcome on the exposure and a
baseline set of covariates C4, Co, ..., C,. In our example, this is done by simply
running a linear regression model with HbA1c as the outcome, depressive
symptoms as the exposure, and including some baseline covariates, givingY =
ag + a1 X+ a,Ci+ ...+ a,41C,, + €. The coefficient for the exposure a;
represents the total effect, which, in our example, gives the total effect of
depressive symptoms on HbA1c.

2. Direct effect: The outcome model is refitted with the mediator (smoking
frequency) also included: Y = fy + 51X + [, M + (5Ci+ ...+ Bh42C, + €5. The
exposure coefficient ; estimates the direct effect of the exposure on the

outcome. The idea underpinning this step is that by ‘controlling’ for M, we hold it
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constant, so the regression coefficient for the exposure gives the X-Y association
thatis independent of M.

3. Indirect effect: The mediator is regressed on the exposure and covariates: M =
Yo + 71X +y,C1 +...+ yn41 C, + €3. Following the path-tracing rule, the effect
along a path is obtained by multiplying the coefficients that make up that path.
Therefore, the indirect effect can be defined as y; - 5, (because y; represents the

X-M path and 3, represents the M-Y path).

We have outlined the simplest regression-based approach to mediation, but many
extensions have been developed, including mediation in traditional SEM, longitudinal
mediation models, multilevel mediation, and others (see MacKinnon, 2008, for an
overview). However, greater modelling complexity does not solve the central problem:
these frameworks do not specify what these quantities represent outside the statistical
models in which they are defined. It is therefore unclear what precise causal questions

they answer and under what conditions a causal interpretation is justified.

Work using counterfactual frameworks shows the quantities only correspond to certain
mediational causal effects under restrictive conditions. For example, regression-based
definitions rely on a simple linear structure, and the usual decomposition breaks down
in the presence of exposure-mediator interaction. Intermediate confounding (partly due
to problems discussed in Section 5.12) and collider bias (Section 2.2.4) can also create
issues. Formal causal frameworks are therefore needed both to define the causal
estimands and to clarify the conditions under which they coincide with these
regression-based definitions (De Stavola et al., 2015; VanderWeele & Vansteelandt,

20009).

Despite what the term might suggest, causal mediation analysis is not a single
analytical method. Instead, it can be understood as an umbrella term for analyses that
explicitly target direct and/or indirect effects defined through counterfactual
frameworks. Because many formulations of these effects exist, we briefly outline some
of the most widely used options and discuss their assumptions, focusing primarily on

issues of confounding.
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We begin with an illustrative causal diagram in Figure 5.16. In this diagram, X influences
Y both through M and through other, unspecified pathways that do not involve M. For
pedagogical clarity, we depict three distinct sets of confounders that may be relevant
depending on the causal effect of interest: C, for the exposure—outcome relationship, C,
for the exposure—-mediator relationship, and C; for the mediator-outcome relationship.
Notice that C; is influenced by X, making it a set of intermediate confounders. This
separation is a simplification, as the same variable may confound more than one of
these relationships; that is, many pre-exposure confounders may influence X, M, and Y,

and causal relationships also exist among the confounders themselves.

Figure 5.16: Illustrative DAG for causal mediation analysis, comprising exposure X,
mediator M, and outcome Y. Depending on the causal effect of interest, three
sources of confounding may need to be considered: confounding of the exposure-
outcome relationship by C,, the exposure-mediator relationship by C,, and the
mediator-outcome relationship by Cs.

Cs

/N

C4

As in traditional approaches, we begin by defining the total effect. The total effect
captures the net effect of the exposure on the outcome, without separating the
pathways through which this effect occurs. In the previous sections of this guide, we
have already encountered such a quantity: the average treatment effect. In the context
of mediation analysis, the average treatment effect is usually referred to as the total
average causal effect, or just total effect (TE). For a binary exposure, this is the
difference in mean potential outcome had everyone been exposed compared to no one

having been exposed:

TE = ATE = E[Y*=1] — E[YX=°]
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In our example, this would be the difference in mean HbA1c had everyone experienced
high depressive symptom levels, compared to everyone experiencing low depressive
symptoms. We have already encountered the assumptions required for identifying this
effect from data. Specifically: (conditional) exchangeability (i.e., by accounting for all
common causes of the X-Y relationship), (conditional) positivity, consistency, and no

interference.

Several attempts have been made at defining the direct effect. Intuitively, to
conceptualise the effect “not through M”, one might imagine changing the exposure
while preventing any corresponding change in the mediator. The controlled direct effect
(CDE) formalises this idea through joint hypothetical interventions on the exposure and
mediator, where the exposure is changed while the mediator is held fixed at a specified

value (Pearl, 2001; Robins & Greenland, 1992).

For example, one might compare mean HbA1c if everyone experienced high rather than
low depressive symptoms at age 16, while preventing everyone from smoking at age 24
in both scenarios (thus setting everyone’s smoking frequency to 0). Because smoking
frequency is fixed at the same value under both exposure scenarios, any difference in
mean HbA1c¢ cannot operate through depression-induced changes in smoking
frequency. More generally, the mediator need not be set to 0. A CDE can be defined at

any fixed mediator value M =m:
CDE(m) = E[yX=LM=m] _ p[yX=0M=m]

In this equation, E[Y*=1M=M] denotes the mean potential outcome had everyone been
exposed and had their mediator set to value m. This is compared with E[YX=0M=7] the
mean potential outcome had no one been exposed while also having their mediator set
to the same value m. The CDE can also be viewed as a special case of the joint

exposure regime effects described in the previous section, with the mediator treated as

a second exposure occurring after X.

To identify the CDE, we require the assumptions needed to identify the effect of the joint
intervention on X and M. This includes all the assumptions invoked for the TE, but also
additional assumptions concerning the mediator intervention. In particular, one must

account for confounders of the mediator-outcome relationship (C;) as well as
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confounders of the exposure-outcome relationship (C,). Much like the effects of
exposure regimes, the estimation of CDEs is more complex in the presence of
treatment-confounder feedback (i.e., when some members of Czare influenced by X
and are therefore intermediate confounders). In that case, the CDE can still be
identified if these confounders are measured and accounted for, but g-methods are
typically required for its estimation. In addition to assumptions about confounding,
identification requires sequential versions of positivity, consistency, and no

interference, which are detailed elsewhere (Daniel & De Stavola, 2019).

While CDEs are appealing, a conceptual challenge is that researchers must select the
value at which the mediator will be fixed. This matters in the presence of exposure-
mediator interaction on the chosen effect measure scale. For example, suppose
depression has a more detrimental effect on HbA1c among smokers, perhaps because
depressive symptoms activate inflammatory pathways that amplify the metabolic
consequences of smoking. The CDE would then differ according to the smoking
frequency at which M is fixed. It may also not be obvious which value is most
scientifically or practically relevant. A further consideration is that the CDE has no
corresponding indirect effect, and therefore does not attempt to decompose the TE
(VanderWeele & Vansteelandt, 2009). Nevertheless, CDEs can answer policy-relevant
questions when fixing the mediator at the chosen value corresponds to a feasible
intervention, such as whether intervening on X would provide any additional benefit
once M had already been fixed through a separate intervention (see the example in T. Q.

Nguyen et al., 2021).

Another related approach to conceptualising the direct effect is the natural direct effect
(NDE, Pearl, 2001; Robins & Greenland, 1992). Earlier, we described the general idea
behind a direct effect as a thought experiment in which the exposure is changed while
any resulting change in the mediator is prevented. The NDE follows this intuition more
literally: rather than setting everyone’s M to the same arbitrary value, it sets each
person’s M to the value it would have naturally taken under non-exposure (or under

another comparison exposure level for non-binary exposures).

In our example, this means comparing mean HbA1c under two hypothetical scenarios.

In the first, everyone experiences high depressive symptoms at age 16, but each
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person’s smoking frequency at age 24 is set to the value it would have taken had they
instead experienced low depressive symptoms. In the second, everyone experiences
low depressive symptoms at age 16, and each person’s smoking frequency is set to that
same person-specific value, namely the value it would naturally have taken under low

depressive symptoms. More generally, we write:
NDE = E[yX=1,M=M0] _ E[yX=O,M=MO]

where M° denotes the mediator value under non-exposure. The first term E[yX=1M=M’]
is the mean potential outcome had each person been exposed while having their

mediator set to its person-specific value under non-exposure. The second term

E[YX=°'M=MO] is the mean potential outcome under non-exposure, with the mediator set
to that same person-specific value. Since M?is precisely the value the mediator would
naturally take under X = 0, this second term reduces to the mean potential outcome

under non-exposure, E[Y*=9].

Importantly, the NDE has an indirect counterpart, the natural indirect effect (NIE). To
understand the intuition behind the NIE, it is helpful to revisit the fundamental logic of
mediation: the exposure shifts the mediator, and this exposure-induced shiftin the
mediator then affects the outcome. The NIE attempts to quantify the effect of this shift
on the outcome. It starts from a scenario in which everyone is exposed, and then asks
how the mean outcome would change if each person’s mediator were shifted from the
value it would have taken under non-exposure to the value it would have taken under

exposure:
NIE = E[YX=1,M=M1] _ E[YX=1,M=M0]

Here, E[YX=1'M=M1] is the mean potential outcome under exposure and mediator set to

its corresponding value under exposure, and E[YX=1'M=M0] is the mean potential
outcome under exposure while the mediator is set to its value under non-exposure. In
our example, this would be the effect of changing each person’s smoking frequency
from the value it would have taken under low depressive symptoms to the value it would
have taken under high depressive symptoms, while keeping depressive symptoms

themselves high in both scenarios.
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The NDE and NIE align with some of the intuition underpinning traditional mediation
analysis. This is reflected in their mathematical properties; for example, they
decompose the TE, sothat TE = NDE + NIE for effects on the difference scale.
Importantly, the NDE and NIE are best considered thought experiments, as some of the
hypothetical interventions they represent could not realistically be enacted in the real

world.

NDE + NIE = E[YX=1.M=M°] - E[YX=0,M=M°] + E[YX=1,M=M1] _ E[Yx=1,M=M0]
— E[YX=1,M=M1] _ E[yX=O,M=M°]
= E[Y*=1] — E[Y*=°]
=TE

While some properties of the NDE and NIE may seem conceptually appealing,
identification of these effects rests on strong assumptions that are implausible in many
applied settings. Both the NDE and NIE involve what are referred to as cross-world
counterfactuals — quantities that combine exposure and mediator values from different

hypothetical scenarios that cannot be observed together for all individuals. For

example, the NDE contains E[YX=1'M=MO], where each person’s exposure is set to 1, but
their mediator is set to the value it would have taken had their exposure been 0. This
quantity cannot be observed for any individual whose level of the mediator differs
according to the exposure, because we cannot simultaneously observe that person
under both exposure and non-exposure. Identifying natural effects therefore requires
extrapolating from observed data to these cross-world quantities. This relies on the
assumption of cross-world independence. The general formulation of this assumption
is beyond the scope of this guide, but in practice, the main implication of this
assumption is a requirement of no intermediate confounding: natural effects cannot
generally be identified when any mediator-outcome confounder is affected by the

exposure.®® The violation of this assumption is represented by an arrow from X to C; in

43 The requirement of no intermediate confounding is the main practical implication of cross-world
independence. However, cross-world independence is a broader assumption and is not identical to
the requirement of no intermediate confounding. For technical details, see Andrews & Didelez
(2021).
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Figure 5.16. Even if all intermediate confounders are known and measured, natural
effects are generally not identified, and thus they also cannot be estimated, even if g-

methods are used.

Apart from the absence of intermediate confounding, identifying natural effects
requires accounting for confounders of the exposure—outcome relationship (C+), and
the mediator-outcome relationship (Cs), much like identifying the CDE. In addition, one
must also account for confounders of the exposure-mediator relationship, C.. This is
because the NDE and NIE require the conditional distribution of mediator values under
exposure and non-exposure (i.e., reflecting the causal effect of the exposure on the
mediator) to be recoverable from the observed data. Finally, identifying natural effects
also requires extended versions of positivity, consistency, and no interference, which

are detailed elsewhere (Daniel & De Stavola, 2019).

In applied research, the assumption of no intermediate confounding required for the
standard identification of natural effects is often difficult to justify.** Therefore, in many
settings, other formulations of the direct and indirect effect that do not make this
assumption are more relevant. A popular approach is provided by (randomised)
interventional analogues of natural effects, including the interventional direct and
indirect effect (IDE, IIE; Didelez et al., 2006; VanderWeele et al., 2014). We provide only
a brief introduction to these effects, but readers interested in further intuition and

examples are referred to Nguyen et al. (2021).

The interventional analogues follow a similar logic to their natural counterparts but
differ in an important way. Intuitively, the NDE and NIE involve personalised
hypothetical interventions on the mediator: each person’s mediator is set to the value it

would naturally have taken for them under a particular exposure scenario.

4 |n some cases, cross-world independence may be replaced with additional parametric
assumptions instead (Petersen et al., 2006), although these alternative assumptions may be equally
implausible in many applied settings. Alternatively, one may forgo point identification and instead
estimate bounds or run a sensitivity analysis to obtain a model-based range of plausible effects
(Breum et al., 2025; Daniel et al., 2015). These approaches can be more demanding to implement
and interpret compared to approaches relying on point identification, and they remain uncommon in
applied research.

Causal inference in the CLS cohort studies User Guide (Version 1) | 137



Interventional effects instead involve changing the distribution of the mediator, without
requiring each person to receive their own person-specific value under that exposure

level.

To define these effects, let Gy ¢ be a random draw from the mediator distribution that
would arise under exposure level X = x in stratum C = c. Then, for the binary exposure,

we define:
IDE = E[YXzLM:GOlC] _ E[yX=O,M=GO|C]
IIE = E[yX=1,M=Gl|C] _ E[yX=1,M=GO|C]

To illustrate, much like the NIE, the IIE starts from a scenario in which everyone is
exposed. It then asks how the mean potential outcome would change if the mediator
distribution shifted from that under non-exposure to the distribution that would arise
under exposure, within strata of relevant covariates. The IDE instead keeps the mediator
distribution at that which would arise under non-exposure (within strata of C) and
compares the mean potential outcome when everyone’s exposure is changed from 0 to

1.

Under the assumption of cross-world independence, natural effects equal their
interventional analogues. When intermediate confounding is present, IDE and IIE can
still be identified, as they do not require cross-world independence, but they will no
longer coincide with natural effects and no longer decompose the TE.*® Additionally, all
other assumptions listed for natural effects are still required, and intermediate
confounders must be measured and properly accounted for. It is also worth noting that
interventional effects answer their own causal questions (Miles, 2023; Moreno-
Betancur & Carlin, 2018), and this should be reflected when selecting the target effect
and interpreting the findings. Although they may sometimes serve as approximations to
natural effects, this correspondence does not hold in general, so using them as proxies

should be explicitly justified (see Gervais et al., 2025) or at least noted as a limitation.

45 Specifically, because E[YX=¥M=6xic] = E[YX=*] when there is intermediate confounding, the IDE
and IIE no longer sum to the TE.
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Apart from interventional analogues of natural effects, other estimands have also been
developed. While discussing all alternatives is beyond the scope of this guide, we note
separable effects as an option gaining popularity especially in medical research
(Stensrud et al., 2022). These effects may be relevant when one can plausibly separate
the exposure, or treatment, into two distinct components that act along different causal
pathways: one component that may affect Y only through M, and another component
that may only affect Y through pathways not involving M. This assumption may be more
plausible for some exposures or treatments that act through relatively well-understood

and distinct biological mechanisms (for example, see Andrews et al., 2023).

Another response is to reformulate the question more fundamentally. Natural effects
have been criticised not only because of the assumptions they require, but also
because they rely on nested counterfactual quantities that do not correspond directly
to interventions that could be enacted in a single real-world setting (Robins et al., 2022).
Related concerns can arise for interventional analogues of natural effects, as the
implied intervention on the mediator distribution is challenging to connect to a concrete
action. From this perspective, such effects may serve as conceptual tools, but they may
not always be the most appropriate targets for actionable input. Researchers may
instead focus on causal effects corresponding to more explicitly defined interventions
on the exposure, the mediator, or both. CDEs provide one example of such effects, but
other joint interventions can also be studied, as outlined in Section 5.12 (for example,
see Stacey et al., 2019). Alternatively, other interventional direct and indirect effects
may be formulated to correspond explicitly to a hypothetical target trial of specified

mediator interventions.

We have covered several options for effects one may focus on when conducting causal
mediation analysis and discussed some of their challenges. Importantly, researchers
need not choose a single causal effect. If several effects answer substantively
meaningful questions, they may be reported alongside one another, provided that their
interpretation and identifying assumptions are clearly distinguished. For example,
researchers may be interested in the thought experiments represented by natural

effects or their interventional analogues, but may also estimate the effects of specified
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interventions on the exposure, mediator, or both that could plausibly be implemented in

practice, thereby providing more directly actionable evidence.

Depending on the target causal effect, different statistical methods may be used for
estimation. Although several algorithms and software implementations are available,
the choice is more limited in practice when intermediate confounding is present. In
these settings, g-methods are typically required. For example, CDEs, IDE, and IIE may
be estimated using g-computation, for example with gformula in Stata (Daniel et al.,
2011) or CMAverse in R (B. Shi et al., 2021). A causally informed SEM approach has also
been proposed for some settings with intermediate confounding, under additional
parametric assumptions (De Stavola et al., 2015), although g-methods typically offer

greater flexibility and are more commonly used in this context.

Research questions may also involve multiple mediators of interest, and extensions are
available for such settings (for example Daniel et al., 2015; Vansteelandt & Daniel,
2017). However, broadening the question to distinguish effects involving additional

mediators adds further requirements to an already demanding set of assumptions.

Much like analyses of time-varying exposure effects, causal mediation analyses can
place substantial demands on the time resolution available in the data and related
assumptions. Researchers must carefully consider the temporal ordering of the
exposure, mediator, outcome, and any relevant confounders, as well as whether the
assumptions required for the chosen causal effect are plausible. Even if only a single
mediator is studied, we encourage users to start by asking whether (some form of)
causal mediation analysis provides answers that match their substantive questions
better than alternatives. If it does, they should then consider whether the available data
can support the required assumptions, and whether the research team has sufficient
expertise to implement the analysis accurately and interpret the findings appropriately.
In some cases, it may be preferable to reformulate the research question around less
demanding causal effects, especially when the assumptions required to identify those

effects are more defensible.
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5.13.2 Applications

Ning et al. (2024) perform a particularly impressive study of the effect of early-life
adversity upon adolescent mental health using data from MCS. Testing the predictions
of a theoretical model, the Dimensional Model of Adversity and Psychopathology
(DMAP), the authors estimate indirect effects of two aspects of adversity (deprivation
and threat) via cognitive ability and emotional dysregulation, which, according to the
DMAP, they are differentially expected to affect. Though they find limited evidence that
either dimension of adversity has a net non-zero effect on adolescent mental health,
the authors find evidence in support of the DMAP, with deprivation having a stronger
indirect effect upon mental health via cognitive ability than via emotional dysregulation,
and threat having a stronger indirect effect via emotional dysregulation than via

cognitive ability.

The study has several strengths. The authors follow a pre-registered analysis plan, with
deviations noted and justified. They also clearly state their estimands and the
assumptions under which a causal interpretation can be made. They develop a DAG
paying particular attention to the relationships between variables — for instance, they
separate exposure-mediator-outcome and mediator-outcome confounders, and they
treat threat as an intermediate confounder of the deprivation pathway. Because natural
effects are not identified in the presence of intermediate confounding (see above), they
accordingly target the interventional indirect effect for deprivation, estimated using the
g-formula, while targeting the natural indirect effect for threat, where no such
confounder arises. Finally, they use a child-reported, rather than parent-reported,
measure of adolescent mental health, given concerns with the accuracy of the latter;
they note this decision may have meant they observe no net (total) effect of adversity

upon the outcome.

Hope et al. (2021) use MCS data to assess the effect of hypothetical interventions to
reduce social inequalities in childhood mental health problems (MHP). Though it may
not immediately appear so, this can be treated as a mediation question. Using marginal
structural models, the authors first estimate the controlled direct effect of income upon

childhood MHP with parenting practices treated as a mediating factor and fixed at
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observed levels. They then simulate the effect of interventions that improve parenting
practices by re-estimating the CDE at predicted values for the mediator; the
intervention may thus narrow inequalities by reducing differences in this mediator
between groups. A key strength of their study is that the hypothetical interventions they
evaluate vary in their effectiveness, uptake, and targeting (e.g., offered to families on
means-tested benefits only), with these parameters selected based upon reviews of the
literature (e.g., meta-analyses of the effectiveness of parenting interventions) and
expert discussions (e.g., on plausible targeting strategies). A limitation is that they do
not account for potential reverse causality between (early) child mental health

problems and parenting behaviour.

Pinto Pereira et al. (2020) — discussed in Section 5.12.2 — assess mediation of the effect
of early- and mid-adulthood obesity upon mid-life physical function using data from the
NCDS and the NSHD. Using the parametric g-formula to estimate IDE and IIE for
different treatment regimes (never obese, persistent obesity, and obesity beginning at
particular ages), they find little of the total effect is mediated via physical activity.
However, as the authors note, an issue is their dichotomous measure of physical
activity, which may have little discriminant validity, thus biasing estimates of the

indirect effect towards the null.

5.13.3 Opportunities

The attributes of CLS’s cohorts discussed in Section 5.12.3 also make the data well
suited for causal mediation analyses. Specifically, the availability of multiple data
collections and the breadth of data collected overall mean that temporal ordering can
be established and there are variables for many important mediators and time-varying
confounders. Because data collection began at birth and the same characteristics are
measured repeatedly, many baseline confounders (e.g., pre-exposure measures of

mediators) are also available.
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5.14 Family Designs

5.14.1 Method

In Section 5.5, we discussed the longitudinal fixed effect design which exploits repeated
measurement of the same individuals to control for time-invariant confounders by
design rather than through explicit statistical control. Family designs similarly exploit
features of the data-generating process to control for broad classes of confounders.
There are several family designs that can be used with CLS’s cohort data, including
designs that precede the molecular genetics revolution and those that use genetic data

directly.

Multiple CLS studies have data on siblings, either from a small number of multiple
births or from data collections on a larger number of cohort members’ siblings; for
instance, Sweeps 2 and 3 of the MCS included a questionnaire for older siblings. Like
longitudinal fixed effects, the sibling comparison design exploits variation in exposure
within sibships, this time to account for factors that are common between them
(Sjolander et al., 2022). This includes aspects of family background (e.g., parenting
styles, family socioeconomic position) and shared genetics (50% on average for

dizygotic twins or full siblings; 100% for monozygotic twins).

The usefulness of the sibling desigh depends on the extent to which confounding
factors are in fact shared. The behaviour genetics literature suggests the contribution of
shared environments to traits and other outcomes is relatively weak and declines in
predictive power as individuals age (Davey Smith, 2011; Plomin, 2018; Plomin &
Daniels, 1987). Importantly, this literature also shows that children elicit responses
from their environment, including the parenting they receive (see, e.g., Selzam et al.,
2018; Wertz et al., 2019) — in other words, less of the family environment may be
‘shared’ than initially expected. The range of influences accounted for by the sibling
design plausibly decreases as the age gap between siblings becomes greater, given
differences in childhood environment will be larger and as common events will be
experienced at different developmental stages. Again, as with longitudinal designs that
exploit within-person variation, the sibling design in fact only captures common

environments that make siblings more similar to each other than to other people - to
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the extent that a common exposure has a heterogeneous effect (e.g., because its
effects interact with other exposures, such as prior unique developmental experiences)

it will not be fully controlled for by design in this set-up.

Moreover, in some circumstances, the sibling design can in fact increase bias, relative
to a standard observational design. This is partly due to problems which affect fixed
effects designs more broadly (see Section 5.5): where there is measurement error, a
greater component of within-sibling variation in the measured factor will be noise, and
where a relatively strong confounder causes the variation within siblings, exploiting just
within-sibling variation can increase bias, analogous to the issue of Z-bias discussed in
Section 5.1. Further, some issues are (arguably) unique to the sibling design, including
‘carryover’ effects (Sjolander et al., 2016), where one sibling influences another, and the
existence of shared mediators (Sjolander et al., 2022), which are absorbed into the fixed
effect along with shared confounders - financial resources could be shared within
families, for example. As sibling designs only exploit siblings who are discordant on
exposure, they can also suffer from power issues and low generalisability to the general
population, which includes singletons and families with siblings who are not discordant

on exposure.

Another family-based method that can be used with CLS data is the adoption design.
NCDS and BCS70 cohort members were born during periods when adoption was
relatively common (Rushton et al., 2020) and contain data from ~ 300 adoptees in total,
who can be combined, including with adoptees identified in other studies, to increase
total sample sizes. As discussed in Appendix Section 8.2, a major and consistent
finding in the behaviour genetics literature is that almost all human traits are heritable:
parents and their (biological) offspring resemble each other at least in part because
they share the same genes. The adoption design exploits the fact that children and their
adoptive parents are not expected to be genetically related. Therefore, associations
between adoptive parental traits and family environments and children’s outcomes
should not be explained by direct genetic transmission. However, it is still possible for
children to elicit specific parenting behaviours and other environmental responses
(evocative gene-environment correlation), a form of reverse causality. Moreover,

adoption placements can be selective, including where children are adopted by
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relatives. It is necessary to confirm non-familial adoption as otherwise genetic
relatedness would still be present, albeit to a lesser extent than with one’s biological

parents.

The adoption and sibling designs use facts of genetic inheritance indirectly, but the advent
of molecular genetics has led to the development of designs that use measured genetic
variation. Biological parents and offspring in the MCS were genotyped in Sweep 6 (age 14
years) of the survey, yielding data from more than 2,700 sets of genetic ‘trios’ (mother-
father-offspring) and ~ 8,500 (overlapping) sets of ‘duos’ (mother-offspring or father-
offspring pairs). An increasingly popular design is the genetic nurture design (Bates et al.,
2018; Kong et al., 2018). This exploits the fortuitous feature of Mendelian inheritance that
offspring inherit a random half of each parent’s DNA. With genetic data from parents and
offspring, parental genetic data can be decomposed into variants that were inherited by the
offspring and variants that were not. Any causal effect of the ‘non-transmitted’ genetic
variants upon offspring can only be via the environment —e.g., through the impact on
parental behaviour (so-called genetic nurture). Any association cannot reflect direct
genetic transmission, meaning — quite remarkably — that genes can be used to study the
environment, even if one isn’t interested in genetics per se. Conversely, the effect of
transmitted genes on offspring’s outcomes is a combination of genetic nurture and direct
genetic effects, and so, analysed alongside non-transmitted variants, transmitted variants

can be used to determine the impact of direct genetic effects.

Genetic nurture analyses proceed in one of two ways. With access to raw genetic data,
polygenic scores (summary measures of genetic liability to a trait capturing the effect of
many genes; Choi et al., 2020) can be constructed for non-transmitted alleles and
transmitted alleles, separately, and used in analyses (Kong et al., 2018). Alternatively, with
existing polygenic scores (PGS) constructed from all alleles, transmitted and non-
transmitted (as available on the UK Data Service), researchers can condition on child PGS
and use parental PGS to identify indirect genetic effects (Bates et al., 2018). In both cases,
the parental PGS can be used as instrumental variables for a trait of interest in Mendelian
Randomisation (MR) analyses. See Figure 5.17 for DAGs reflecting these designs. Note, it is
not necessary that the parent’s (exposure) and child’s (outcome) trait are the same — see,
for example, Hughes et al. (2024), who use genetic trio data to assess the effect of parental

education on child’s mental health.
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Figure 5.17: Genetic nurture designs that utilise genetic trio data. In observational
data, parental traits and offspring traits are correlated but this may be due to direct
genetic transmission, rather than an environmental effect of parental
traits/behaviours upon their children. Molecular genetic data can be exploited to
account for this. (a) Polygenic scores (PGS) are derived from parents’ and children’s
genetic data to determine which alleles from each parent have been transmitted to
their child and which haven’t, to construct PGS of transmitted and non-transmitted
alleles (Kong et al., 2018). Non-transmitted PGS can only have a causal effect via
the ‘environment’ (e.g., due to parental traits) and so (under specific conditions —
e.g., exclusion restriction) can be used as instruments for parental traits. (b)
Conditioning upon child’s PGS closes the direct genetic transmission path, leaving
the indirect ‘genetic nurture’ path between parental PGS and children’s traits
(Bates et al., 2018). Again, parental PGS can be used as instruments for their own
traits (under appropriate conditions).
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As Mendelian Randomisation is a form of IV, under treatment effect heterogeneity (and
meeting the monotonicity assumption), the estimand in this analysis would be a
Complier Average Causal Effect (CACE; Section 5.9). The exact interpretation of who
compliers are may be difficult orimpossible to ascertain and this has consequences for

generalisability.

Another issue with the genetic nurture design is that genetic nurture effects can be
biased by population-level phenomena such as assortative mating and population
stratification. But the design does allow one to determine direct genetic effects
accounting for these phenomena. As with other Mendelian Randomisation analyses
(Section 5.9), this design can be biased in the presence of horizontal pleiotropy, a
particular problem when looking at complex traits or when using PGS rather than single
well-understood genetic variants, for both indirect and direct genetic effects.
Nevertheless, accounting for direct genetic transmission may be an improvement on
what has gone before. Genetic nurture studies are also power hungry — current PGS
typically only explain a small amount of variation in their relevant traits — so combining
MCS with other data sources containing genotyped families (e.g., Born in Bradford, the
Avon Longitudinal Study of Parents and Children [ALSPAC], and the Norwegian Mother,
Father and Child Cohort Study [MoBa]) may be necessary.

5.14.2 Applications

Adoption and genetic nurture designs have each been used in CLS’s cohorts. Dearden
et al. (1997) use data from the NCDS to calculate father-son correlations in educational
attainment, comparing these correlations in natural and adoptive families to assess
whether intergenerational stability is genetic, though due to small sample sizes,
estimates are imprecise. Sacerdote (2002) performs a similar analysis with the same
data, showing associations between adoptive families’ SES and adopted children’s

reading test scores, likelihood of university attendance, and marriage.

Wright et al. (2025) use trio data from MCS to examine genetic nurture of BMI, finding
that, although there is widespread observational evidence that parental BMl is related
to offspring BMI, when accounting for direct genetic transmission, there is only

evidence that mother’s BMI is related to offspring BMI. However, BMl is a complex
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phenotype, influenced by multiple traits and behaviours, and there is a substantial
possibility for horizontal pleiotropy to explain maternal results. Nevertheless, the study
shows that associations between fathers’ and children’s adiposity may be explained by
direct genetic transmission, rather than father’s behaviour or related environments.
Tanksley et al. (2025) use a similar set-up but focus on unbiased estimation of the direct
genetic effect of an externalising PGS upon phenotypic externalising behaviour (as
measured by the Strengths and Difficulties Questionnaire) — associations between the
child’s PGS and the SDQ scores are similar whether parental PGS are included in
regression models or not, suggesting the variants captured in the PGS have a causal

effect on the child’s behaviour.

5.14.3 Opportunities

The MCS sibling questionnaires are presently underutilised and contain several items
also asked of cohort members, enabling sibling analysis. The MCS genetic trio and duo
data are also underutilised. Rectifying this is straightforward: ready-made PGS for a
wide array of traits are available via Special Licence Access on the UK Data Service; see

the CLS Genetics GitHub website for more details.

5.15 Negative Control Outcomes and Exposures

5.15.1 Method

In Section 3.3, we discussed making theories “elaborate” as a way to support causal
inference. A broad concern in observational research is that an exposure, X, may be
associated with an outcome, Y, due to an unobserved — or poorly measured -
confounding factor, U. That the exposure and outcome are materially confounded by U
is a competing theory to the possibility that the exposure has a causal effect on the

outcome.

Competing theories should be treated seriously; one way of treating a competing theory
seriously is to ask what predictions it makes about the world. A given confounding
process may imply a larger set of associations than simply a spurious one between X
and Y. For instance, the confounding factor may generate an association between X and

a larger set of outcomes, or between Y and a larger set of exposures. But these
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associations may not be predicted by the central theory that X causes Y, and there may
be no plausible reason the alternative exposure would cause Y or X would cause the

alternative outcome.

Figure 5.18: Negative control outcome and negative control exposure design. (a) We
are interested in the causal effect of X upon Y, but anticipate there may be
confounding via a common (unmeasured) cause U. Any association between X and
Y could reflect this confounding pathway. (b) U may also be a common cause of
another ‘negative control outcome’ (Ync) which we have good reason to expect X
would not have a causal effect on. Any association between X and Ync would
therefore reflect the confounding by U. (¢) U may additionally be a common cause
of another ‘negative control exposure’ (Xnc) which we have good reason to expect
does not have a causal effect on the outcome of interest, Y. Conditional on the
exposure of interest (X), any association between Xyc and Y would therefore reflect
the confounding by U. Note, in practice, some confounders may be measured, and
these would be conditioned upon in the negative control analysis.

a. u b. u c. u » XNC

X - ¥ X Yne X - Y

The negative control exposure and outcome designs encapsulate this logic (Lipsitch et
al., 2010).%% In the negative control outcome design (Figure 5.18b), a ‘placebo’ outcome,
Yne, is identified which should only have an association with X through a confounding
factor U that is thought to bias the association between X and . If an association is
observed between X and Y, this may indicate the main study analysis is biased by U.#’
To take an example, let’s say we are interested in the effect of breastfeeding on child
cognitive development (Lawlor et al., 2016). Breastfeeding is strongly socially patterned
in the UK, with more socioeconomically advantaged parents more likely to breastfeed;

an association between breastfeeding and child cognitive development could therefore

46 Another negative control design — negative control populations (Piccininni & Stensrud, 2024) —is
discussed further in Section 5.16.

47 Sanderson et al. (2021) note the negative control outcome is a renaming of Austin Bradford Hill’s
(1965) ‘specificity of association’ criterion for assessing causation. The flip-side of specificity is
coherence among outcomes (Rosenbaum, 2019) — some variables can be used as “positive
controls” to determine that statistical models perform as expected (Gutierrez et al., 2025).
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be expected due to higher socioeconomic position (SEP) of parents or even direct
heritability of cognitive ability. But SEP is difficult to measure accurately, so residual
confounding may persist even if measured SEP is controlled for. Home invasion by mice
during childhood is also socioeconomically patterned, but we would not expect it to be
influenced by breastfeeding. Home invasion by mice is therefore a plausible negative
control outcome because any association with breastfeeding should be spurious rather
than causal. What’s more, it would be spurious for similar reasons that a link between

breastfeeding and child cognitive development could be spurious.

The negative control exposure design is similar (Figure 5.18c), but in this case a
‘placebo’ exposure, Xng, is identified that should not have a causal effect on the
outcome but would be likely confounded by the same factors as X, the exposure of
interest. An example of a negative control exposure design is using paternal smoking to
assess whether maternal smoking during pregnancy has a causal effect upon child
health, in cases where the smoking is hypothesised to have an effect by influencing the
intrauterine environment. As mothers’ but not fathers’ behaviour has a direct effect on
the intrauterine environment, one would expect to see specific associations between
mother’s smoking and child health. On the other hand, as both mother’s and father’s
smoking are patterned socioeconomically, a countervailing theory that associations are
driven by confounding through SEP would also predict an association between father’s
smoking and child health. Thus, if paternal smoking is related to offspring outcomes
(conditional on maternal smoking), it would suggest an association between maternal

smoking and child outcomes is also biased (Brion et al., 2007).4

Negative control designs are sometimes referred to as placebo, specification or
falsification tests (Eggers et al., 2024). The success of the negative control outcome and
exposure design depends on the negative control sharing the same confounders as the
true exposure or outcome of interest — referred to as ‘U-comparability’ (Lipsitch et al.,
2010). Since it refers to unobserved confounders, the assumption of U-comparability is

untestable. In practice, the proposed negative control(s) may only share part of the

48 Conditioning on maternal smoking is required as the Xnc-Y association is additionally confounded
by the path Xne < U > X — Y if a causal effect of X upon Y exists.
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confounding structure. In the absence of full U-comparability, an observed association
with the negative control will not necessarily indicate residual confounding in the X-Y
association, and a null association with the negative control will not necessarily
indicate absence of residual confounding. Nevertheless, the negative control design
may still provide useful information on the presence or absence of bias from major

confounders — e.g., on SEP, as in the examples above.

Itis not just the presence of the confounders, but similarity in the strength of their
relationship with the true and negative control exposures or outcomes that is important.
For instance, given the additional possible health risks of smoking during pregnancy,
one may expect greater selection into smoking among mothers, compared with fathers.
For this reason, a negative control test may represent only a weak test of the competing
theory. Showing an association between the negative control and the true exposure or
outcome would suggest the true exposure-outcome association is biased, but the
reverse may not be true: not finding an association with the negative control is not
necessarily dispositive evidence that the true exposure-outcome association is

unbiased.

In practice, it may be difficult to identify negative controls that have no causal
association with the true outcome or exposure, whatsoever. For example, it is possible
that father’s smoking influences the intrauterine environment, albeit indirectly via the
mother inhaling smoke second-hand. In this case, the pattern and overall size of
associations would be informative, rather than only observing a null association for the
negative control: given father’s effects on the intrauterine environment should be
weaker than mother’s, we would expect (a) child health to have a weaker association
with father’s smoking than mother’s smoking and (b) the absolute size of the
association with father’s smoking to be small. Otherwise, strong confounding bias is

likely to be present.*°

4 The utility of examining patterns of association (“pattern matching”) was discussed in Section 3.3,
where we noted how associations between measures of socioeconomic position (SEP) and health
should follow a particular pattern of association if explained by cognitive ability, a hypothesised
confounder of that relationship.
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The negative control method can therefore involve a degree of uncertainty for the
analyst and require some persuading of the reader. Operating under this uncertainty
requires discipline and transparency as it can be tempting to spend “researcher degrees
of freedom” (Simmons et al., 2011) in light of inconvenient results — one should not
jettison a negative control analysis after seeing the results, if the results motivate one to
think ‘maybe the confounding structures are not quite the same’ or ‘perhaps there is a

causal relation the association represents’.

Nevertheless, there are general strategies for identifying plausible negative controls.
These focus on finding situations where a hypothesised active ingredient linking
exposure and outcome is missing or an essential mediating pathway is not present
(Lipsitch et al., 2010; X. Shi et al., 2020) or, less restrictively, is weaker. The parental
comparison design (Davey Smith, 2008; Richmond et al., 2014) used in the smoking
example above follows this logic, and is frequently used in settings where maternal
exposures are expected to operate via the intrauterine environment given fathers do not
influence this directly. In pharmacoepidemiology, negative control outcomes can be
relatively straightforward to identify as treatments may be expected to have causal
effects on only a limited set of health outcomes. For instance, flu vaccination, which
would plausibly reduce hospitalisation rates due to respiratory problems, should not

lower rates of hospitalisation due to injury or trauma (L. A. Jackson et al., 2006).

Another strategy is to take measurements from periods where the exposure should not
have an effect on outcomes — for instance, flu vaccination should not affect
hospitalisation outside the flu season, when there is no influenza for it to prevent (L. A.
Jackson et al., 2006). Using outcome measurements prior to exposure or exposure
measurements post outcome can also represent expressions of this idea — for instance,
a future measurement of environmental pollution when looking at hospital admissions
for asthma (Flanders et al., 2011). Height, which has been repeatedly used as a negative
control outcome in the health and social sciences (Cohen-Cole & Fletcher, 2008; L.
Wright, 2020; L. Wright et al., 2021), can have this property as it is largely set from late
adolescence. It is also very highly heritable, so large associations with environmental

factors (within a population) are likely spurious. Cohen-Cole & Fletcher (2008) show
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that in addition to obesity ‘spreading’ between friends in social networks (Christakis &

Fowler, 2007), so do height, acnhe and headaches.

Negative control tests are routinely used in some particular study designs. For instance,
as discussed in Section 5.10, sharp RDD studies typically exploit a placebo test, where
arbitrary cut-offs in the running variable are chosen that are known to have no bearing
on treatment, but could still be related to unmodelled confounders. Sanderson et al.
(2021) discuss using phenotypes determined prior to outcome and exposure as

negative controls in MR studies, e.g., tanning ability and hair colour.

So far, we have described negative control designs for detecting bias from unobserved
confounding. But negative controls can also be used to detect selection and
measurement biases (Arnold et al., 2016); regardless of the source of bias, the purpose
of the negative control exposures and outcomes is to identify variables that have similar
(hypothesised) biasing structures to the main association of interest. For instance,
recall biases can generate spurious associations between exposure and outcome if the
accuracy of recall of exposure is related to the outcome (e.g., disease cases more likely
to remember a childhood ailment). Yet, recall bias may also apply to negative control
exposures that have no plausible causal effect on outcomes. Zaadstra et al. (2008)
examine recall bias in a study of multiple sclerosis (MS) using negative control
exposures for broken limbs, concussion, and tonsillectomy, each of which is not
expected to have a causal effect upon MS. Returning to genetics studies, sexis a
particularly useful negative control when using polygenic scores as these are typically
calculated from autosomal (i.e., non-sex-specific) chromosomes; any association with

observed sex must therefore be due to selection bias.

Negative controls can be used not just for bias detection, but also bias correction or
reduction (X. Shi et al., 2020; Yang et al., 2024). Again, strength of association between
negative controls and true outcomes and exposures can be revealing. For instance,
VanderWeele (2011) notes that although height, ache and headaches are correlated
within friendship groups (Cohen-Cole & Fletcher, 2008), the size of this correlation is
lower than that for obesity, and so greater confounding would be required to explain the

obesity spreading hypothesis.
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5.15.2 Applications

Libuy et al. (2024) use MCS data to assess the effect of changing proximity to fast food
restaurants on weight gain. Given fast food restaurants are spatially patterned, they use
proximity to several other types of commercial establishment (e.g., employment and
career agencies) as negative control exposures, arguing that time-varying changes in
these might reflect unobserved confounding processes, such as gentrification.
However, the plausibility of the assumption behind the negative control analysis is not
explored and other types of commercial establishment not examined could plausible
share confounding structures more closely with fast food restaurants (e.g., betting
shops). Hamer & Batty (2020) use data from BCS70 to investigate the association
between infection requiring hospital admission and later diabetes risk, using non-
infectious reasons for admission as a negative control exposure. This has a more

plausible common confounding structure (e.g., health consciousness).

Tabor et al. (2025) use data from MCS, Next Steps, and BCS70 alongside data from
other cohorts to examine the effect of sexual minority status on asthma. Their theory
suggests effects should only occur in adulthood so they use childhood asthma as a
negative control outcome, an application of the idea that measures prior to plausible
causal effects occurring can be used as negative controls. Wright et al. (2021) use data
from Next Steps to assess the effect of youth unemployment on later mental health,
using height and patience as negative control outcomes. A question in both papers is
whether confounding structures are sufficiently similar to the focal associations of

interest.

5.15.3 Opportunities

Given data collection from parents and children, including on characteristics prior to
the cohort members’ births, there are ample opportunities to employ the parent
comparison design in CLS cohorts. The cohorts have each collected data on a wide
variety of factors and traits, which may be useful more generally (e.g., height, suncream
use, etc.). Data linkages also increase the possibility for negative control designs,
including links with health record data, enabling assessment of multiple health

outcomes, which can serve as negative control outcomes. A variety of data on health
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outcomes is also collected in standard survey data collections. Longitudinal
measurements add further possibilities as there is ample pre-exposure measurement
of many variables. Finally, there is also an opportunity for research-enabling activity

reviewing plausible negative controls and determining their possible use in CLS data.
5.16 Cross-Context Analysis

5.16.1 Method

In Section 5.15, we saw that one way to make a theory elaborate is to enumerate which
variables an exposure should have a causal effect upon (and which it should not) or
which variables an outcome should be causally affected by (and which it should not),
given the set of predictions a theory can make. Another way to make a theory elaborate
is to draw out the settings or individuals a hypothesised causal effect should exist in or
in which the effect would otherwise be stronger or weaker than usual. A competing
theory may be able to explain the presence of an association between Xand Y in
general, but not specific patterns of association between these different cases.
Alternatively, a causal effect may be similar in different settings, but (hypothesised)
confounding structures may change, so consistency of association across these
settings is evidence compatible with the causal theory being true. Cross-context
analysis encapsulates this logic by performing analyses in different (subsets of) data or

populations (Eggers et al., 2024; Gage et al., 2016; Piccininni & Stensrud, 2024).

There are three types of comparison that are particularly relevant for CLS’s cohort
studies. First, time — a causal effect may be anticipated in some periods, cohorts, or
stages in the life course, but not others. Second, space - a causal effect may be
anticipated in some geographies, but not others, or the confounding structure may
differ fundamentally between geographies. Third, population subgroups —there may be
certain sections of the population for whom a causal effect would not be anticipated.

These are best explained by way of examples.

Causal inference in the CLS cohort studies User Guide (Version 1) | 155



Time

Space

Cognitive ability is hypothesised to have a beneficial effect on health due to
greater knowledge and better decision making among those with higher cognitive
ability (Gottfredson, 2004). Knowledge about diseases — and how to prevent
them —varies across time as scientific discoveries are made and technologies
are introduced (Clouston et al., 2016). Given this, if cognitive ability causes
health, we should expect inequalities in health according to cognitive ability to
grow after facts about a disease are first discovered and to decline as
technologies are introduced that reduce the difficulty of avoiding or managing a
disease.

In the UK, maternal smoking during pregnancy has become less prevalent but
more strongly associated with socioeconomic adversity over time. If
associations between maternal smoking and offspring outcomes are merely
driven by confounding through socioeconomic position, we would therefore

expect stronger associations in more recent cohorts (Sellers et al., 2020).

Between 1999 and 2010, the UK Government implemented a well-funded
strategy to halve teenage pregnancies in England (Hadley, 2017). Teenage
pregnancies did fall over this period (Wellings et al., 2016) but may have done so
absent the strategy. Was the Teenage Pregnancy Strategy successful? At the very
least, we would expect pregnancy rates to fall faster than in other UK countries
that did not implement such strategies (Baxter et al., 2021; Craig et al., 2016).
The 2013 Removal of the Spare Room Subsidy (the so-called ‘Bedroom Tax’)
reduced benefits for working-age individuals in social housing with an
unoccupied bedroom. This reduction in entitlements for individuals already
more likely to be on low incomes may be expected to reduce mental and
physical health (cf. Reeves et al., 2016). However, a curious feature of the
policy’s implementation is that, in Scotland, the government compensated any
reduced benefits with Discretionary Housing Payments, meaning the bedroom

tax did not affect incomes for residents in that country. We should therefore not
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expect any association between being subject to the bedroom tax and mental
health in Scotland but should expect to see one in England and Wales.

= The social patterning of breastfeeding varies across the world. For instance, in
the UK, socially advantaged mothers are more likely to breastfeed, but this is not
the case in Brazil. If the association between breastfeeding and child
developmentis simply a product of socioeconomic confounding, we would
expect a positive association in the former, and little association in the latter

(Brion et al., 2011).
Population Subgroups

= Asdiscussedin Section 5.9, certain variants of the ALDH2 gene are related to
better cardiovascular health. This is hypothesised to be due to the effect of
ALDH2 on reducing alcohol consumption by determining the comfort with which
one metabolises alcohol. In East Asian cultures, women typically drink little,
regardless of which ALDH2 variant they carry, while men are more likely to drink
and for this to be related to ALDH2. If ALDH2 has a causal effect only via alcohol
consumption, we should therefore expect associations with cardiovascular
disease in East Asian men but not women (L. Chen et al., 2008).

= Unexpected events (Section 5.8) should only have effects among those who are
aware of them. For instance, the release of the Royal College of Physicians’
(1962) report on smoking and health was a watershed moment in public
appreciation of the harms of smoking, but if access to information is sufficient to
alter the decision to smoke, then smoking among TV owners or newspaper
readers - likely more aware of the RCP report — should have declined the most
(James, 2024).

= Cholera being transmitted via infected water, rather than miasmic air, predicts
that people who live near the Broad Street pump, but do not take its water, will be
less likely to succumb to the disease, and that those who live far away, but still

have its water delivered, will become infected (Section 3.3).

The examples where the causal effect is expected to differ share a commmon feature: an
essential mechanism transmitting the effect is missing, or is otherwise weaker, in one

setting than another. For instance, for the bedroom tax, in Scotland, the essential
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ingredient — lower income — was not present. Readers may notice the similarity between
the cross-context design and the negative control outcome design - rather than choose
different variables for analysis, different sections of the data are used for which, e.g.,
causal effects should not exist. Cross-context designs where there is an absence of a
causal effect in the comparator population but biasing processes are otherwise the
same have been termed negative control population designs (Piccininni & Stensrud,

2024).

Like the negative control design, convincing cross-context analyses require knowledge
of the subject area. However, here the barrier to entry may be lower, and the arguments
easier to make. For instance, the ALDH2 example largely requires identifying a group
with very low alcohol consumption regardless of the ALDH2 variant they carry. Also, like
the negative control design, the cross-context design can still be useful when the
strength of a causal mechanism varies across settings, rather than the mechanism
being absent or blocked entirely. The elaboration lies in predicting an overall pattern of
results. In their discussion of cross-context designs, Gage et al. (2016) describe a test of
the hypothesis that cannabis has a causal effect on psychosis due to its
tetrahydrocannabinol (THC) content: a corollary is that as levels of THC in cannabis
have increased, associations between cannabis use and psychosis should have

similarly increased, if this is the causal mechanism.

Where the cross-context design is motivated by an argument that the causal effect of
the exposure of interest will vary across populations, plausibility relies on the extent to
which biasing processes are similar, akin to the assumption of U-comparability in the
negative control outcome and exposure designs (Section 5.15). Additionally, where itis
the biasing processes that are hypothesised to vary across populations, an assumption
is that the causal effect should be similar in each population, but effects may be

heterogeneous and could themselves lead to cross-context differences in associations.

Cross-context designs are extensively used in the genetics literature in the study of
gene-environment interaction (GxE; Pereira et al., 2022). For instance, studies have
examined the association between polygenic scores (PGS) and attained education as
access to education has expanded (Herd et al., 2019; Morris et al., 2026), or between

PGS and body mass index before and amidst the obesity epidemic (Conley et al., 2016;
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L. Wright, Davies, et al., 2024) or in other groups for whom genetic effects should be
stronger (e.g., among those genetically predisposed to obesity and living near fast food
outlets; de Roo et al., 2024). Again, adding a cross-contextual element supports causal
interpretations by testing for a predicted pattern of associations. However, a drawback
of GxE studies is that the environment may be ‘endogenous’ (determined in the system;
e.g., people may choose where to live based on their genetic predispositions). Further,
for complex traits, the associations between PGS and phenotypes may reflect
pleiotropic effects (also see Westerman & Sofer, 2024, for discussion of issues in GxE
studies). Note, birth year — and the cohort effects it implies — more plausibly represents
exogenous environments, as genetic changes occur at a relatively slow rate. A
drawback, however, is the lack of specificity in which aspects of the environment have

changed (e.g., aspects of the obesogenic environment in general).

5.16.2 Applications

Sellers et al. (2020) compare associations between maternal smoking in pregnancy and
offspring development (birthweight, conduct problems and cognitive ability) in the
NCDS and MCS - as discussed, social patterning of maternal smoking was stronger in
the more recent cohort. Associations between maternal smoking and birthweight were
similar in each cohort, whereas associations were stronger in the MCS for other
outcomes assessed, consistent with material bias from confounding. However, causal

effects becoming larger in more recent cohorts is also compatible with the results.

Wright et al. (2024) examine the association between a PGS for BMI and phenotypic BMI
across life in the NSHD, NCDS, BCS70, and MCS, which collectively span a period
before and during the obesity epidemic —the NSHD cohort members grew up during
post-war rationing, while childhood obesity rates reached 20% in the MCS. They find
stronger associations in more recent cohorts, particularly comparing the MCS with
earlier generations, consistent with the theory that the PGS reflect genes that have
effects on adiposity via modifiable behaviours. However, this is evidenced only
indirectly using birth year as a proxy for exposure to the ‘obesogenic environment’ —itis

unclear which aspects of the environment are operative (if any).
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5.16.3 Opportunities

Opportunities for cross-context analysis arise from the temporal and geographic span
represented in CLS’s cohorts. For instance, education systems have historically differed
in England, Scotland and Wales, e.g., on rules on minimum school leaving ages, which
(over some time frames) entail that individuals born earlier in a school year in England
are able to leave school at a younger age than if they went to school in Scotland (Del
Bono & Galindo-Rueda, 2007). Geographic range can also be extended by harmonising
with studies from other countries where, e.g., different confounding structures for

exposures and outcomes of interest may be present.

There are numerous opportunities for GxE in the cohorts, including comparing genetic
effects across cohorts, given the generational differences they represent (Morris et al.,
2026; L. Wright, Davies, et al., 2024). Opportunities also exist linking genetic data with
geographic data (e.g., to identify differences according to pertinent features of the local
environment) and with other survey data, given the extensive phenotypic data available
(e.g., association between genetic risk and depression among victims of crime),
notwithstanding potential endogeneity of these latter environments. Again,
harmonisation with other international data could also expand possibilities for GXE

cross-context analysis.
5.17 Biases of Known Direction

5.17.1 Method

Though it would be optimal and most useful to identify a precise and unbiased causal
estimate, sometimes only determining the overall direction of a causal effect or that it
exceeds a minimum effect size is sufficient or still insightful. A valid test of a theory may
be that Xincreases Y, however large or small (though it is of course usually better to
know that X is an important causal factor of Y), and one may only need to know that a
causal effect exceeds some defined quantity to make a good decision —for instance,
knowing that an intervention will yield higher benefits than the alternative. Health
economists have a useful concept, ‘value of information’, which denotes the higher

expected utility one would obtain if able to make decisions on more accurate data

Causal inference in the CLS cohort studies User Guide (Version 1) | 160



(Tuffaha et al., 2014); if decisions are unlikely to change following further data
collection, then the information collection does not have much value instrumentally.
Analogously, in some circumstances, one may be satisfied with a biased estimate of a

causal effect if removing the bias would not yield further valuable information.

While the precise extent of a bias may not be known, its direction may be guessed at
with high certainty, and this can be used to draw causal inferences even where biases
are present and acknowledged (Rosenbaum, 1989, 2020). For instance, an observed
positive association would only get larger if a confounding factor positively related to X
but negatively to Y (or vice versa) were controlled for. Readers will be aware of this type
of reasoning — it appears frequently in discussion sections of papers where authors note
the possibility of a source of bias but dismiss its importance as it implies the observed
association is a conservative (under)estimate of a true causal effect. One oft-repeated
case of this is independent, non-differential (i.e., classical) measurement error in the
exposure variable which, in expectation, should bias an association towards the null, in

proportion to the size of the measurement error (i.e., regression dilution).

Biases of known direction need not only enter at the interpretation stage of a study -
they can also motivate study design. One example of this is to choose a setting in which
confounding structures run opposite to a hypothesised causal effect — for instance, in
many low- and middle-income countries, obesity is related to higher socioeconomic
status (Dinsa et al., 2012), so observational estimates of the causal effect of obesity
upon health conditions are likely biased towards the null. Another possibility is the
judicious choice of a comparator group that provides a greater hurdle for a causal effect
to surmount. For instance, in a study examining the effect of banning individuals with
prior convictions from purchasing guns (and discussed in Rosenbaum, 2020), Wright et
al. (1999) compare rates of violent crime among those affected by the law against
individuals who had previously been arrested for a crime but found not guilty; one may
expect that, if both were able to purchase guns, those who have been convicted of
crimes would have a greater likelihood of committing further crimes than those only

previously suspected of criminality.

Exploiting biases of known direction can be especially compelling when it is possible to

obtain two or more estimates biased in opposite ways, in which case these estimates
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can provide an upper and lower bound to “bracket” the true causal effect. The main way
this can be achieved is through the use of multiple comparator groups (Rosenbaum,
1987). For instance, in the difference-in-differences design (Section 5.6), such a
bracketing analysis would work by identifying comparator groups who violate the
parallel trends assumption, one anticipated to have stronger time trends than the
treatment group and one to have weaker time trends than the treatment group (Ye et al.,
2024).%° Hasegawa et al. (2019) bracket the effect on homicide of the repeal of
Missouri's handgun purchaser licensing law, which required a permit (and hence a
background check) to buy a handgun, using two groups of comparator states that had

either higher or lower homicide rates than Missouri prior to the repeal of the law.

Exploiting biases of known direction is not without its problems, however. Most
obviously, in many cases it may not yield any useful information because it would
suggest an estimate is anti-conservative (i.e., if anything an association is biased away
from the null). Examples of this abound - for instance, in studies of the effect of
socioeconomic position on health, both causal and confounding (health-related
selection) explanations predict poorer health in more socioeconomically deprived
groups. Additionally, it may not be straightforward to identify comparator groups biased
in opposite directions (and thus obtain a bracket for the causal effect), or the resulting

bracket may be too wide to be useful.

In other cases, only one bias may be known but others not, and it may not make sense
to emphasise the one known factor. This is particularly the case where biases interact,
yielding unclear direction of bias in aggregate. For instance, bias from classical
measurement error is not necessarily towards the null where there is unobserved
confounding (Davey Smith & Phillips, 1996).°" Given incentives within academia to

overclaim evidence for a proposition, it is possible for motivated reasoning to lead

50 Ye et al. (2024) provide formal estimation procedures for difference-in-differences bracketing
analyses.

511t is also worth noting that for classical measurement error the phenomenon of attenuation towards the
nullis true in expectation but may not hold in a given study, so the direction of bias is not in fact known
(Fox et al., 2021).
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authors to focus attention on those known biases that lend support, rather than those

thatdon’t (Fox et al., 2021).

5.17.2 Applications

Ermisch & Pevalin (2005) use data from the BCS70 to assess the effect of teenage
parenthood upon partnership status and partner quality at age 30y. They use multiple
comparison groups, including women who did not have a teenage birth and — using
miscarriage as an IV —women whose teenage pregnancy ended in miscarriage. Though
not reported so explicitly, using miscarriage as an IV could bias towards a “benign view”
of teen motherhood (Ashcraft et al., 2013). For instance, miscarriage can occur due to
factors related to poorer outcomes in general (e.g., smoking and alcohol consumption),
whereas teen mothers may be expected to have worse outcomes than other women
more generally, even if they had not had a child. Provided no other biases are present,

the OLS and IV estimates therefore arguably bracket the true causal effect.

5.17.3 Opportunities

Whether the method can be applied in CLS’s cohorts depends on the specific research
question as the direction of known biases depends on information that is not captured
in the data collection. Assessing this requires domain-specific knowledge. A key benefit
of CLS’s cohorts is the depth of data collection and the sample size, which mean

multiple comparator groups can be defined.

5.18 Differential Effects

5.18.1 Method

The negative control exposure design exploits situations where the same set of
confounders has effects on multiple ‘exposures’, only some of which plausibly have a
causal effect upon the outcome of interest. Confounders like these are said to be
“generic” (Rosenbaum, 2019), having multiple impacts on the world. For instance, a
generalised disposition to risk may influence consumption of several drugs, meaning

that people who are more likely to smoke crack cocaine may be more likely to inject
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heroin. A generalised interest in health could lead one to exercise more and follow a

good diet.

The effects of a generic bias may be competing or the overlap between them
incomplete —for instance, one may become addicted to one drug, but not another.
Those who perform just one of these behaviours may be more similar in terms of the
confounding factor to those who perform only the other than to those who perform
neither, but in standard observational research both would appear in the comparison
group. Instead of comparing exposed vs. non-exposed groups, the differential effect
design (Rosenbaum, 2006, 2013) compares individuals exposed to only one of two
factors in lieu of the other to reduce imbalances on generic confounders — e.g., people
who exercise but eat poorly may be more similar to people who eat well but do not

exercise than exercisers in general are to non-exercisers in general.

The differential effects design is another expression of the principle Zubizarreta et al.
(2018) term ‘isolation’ — a smaller comparison is made that is less biased than the
overall association in the wider system. Two examples discussed by Paul Rosenbaum in
Design of Observational Studies (Rosenbaum, 2020) clarify the differential effects

design as well as highlight its limitations:

1. Non-steroidal anti-inflammatory drugs, such as ibuprofen, may reduce the risk
of Alzheimer’s, but pre-clinical Alzheimer’s may reduce pain sensitivity leading to
lower ibuprofen use. However, pain sensitivity should affect the use of other
analgesics, too, including ones that are not anti-inflammatory, such as
paracetamol. Comparing exclusive ibuprofen users with exclusive paracetamol
users is useful for gauging the effect of anti-inflammatory drugs on Alzheimer’s
as this would likely reduce imbalance on pain sensitivity, though other
confounders may remain.>?

2. Understanding the effect of cannabis use during pregnancy on child

development is challenging as mothers who smoke cannabis during pregnancy

52 Note, preferences are sometimes used as Instrumental Variables (e.g., in the judge fixed effect or
physician preference designs).
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differ sharply from those who do not (Columns 2, 3 & 5, Table 5.6). Cannabis
users are more similar to those who use crack cocaine than those who use no
drug, however; comparing exclusive cannabis users with exclusive crack cocaine
users leads to an analytical sample less imbalanced on potential confounders
(Columns 3-4, Table 5.6). Nevertheless, maternal crack cocaine use likely has an

independent effect on childhood development.

Table 5.6: Characteristics of mothers by drug use during pregnancy, from an
example differential effects study (figures from Rosenbaum, 2020). The differential
effects desigh compares mothers who used only cannabis with those who used
only crack (shaded columns), who resemble each other more closely than either
resembles mothers who used neither drug.

Number of Babies

Cigarette use during

22% 100% 92% 100%
pregnancy
Alcohol use during pregnancy | 23% 64% 74% 100%
Late or no prenatal care 10% 27% 48% 40%
Less than high school

23% 54% 49% 60%
education
Married 34% 0% 3% 0%
Did not want to get pregnant 32% 46% 59% 80%

By comparing two exposures, the ‘effect’ identified is not directly informative of the
effect of an exposure vs. its absence. However, this may still be useful if the comparison
factor does not plausibly have an effect on the outcome (i.e., it is a type of placebo test;
Example #1) or where the effect of one is known and so the effect of the other can be

back-transformed, or where the direction of effect of the comparator is known and
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exceeding this is informative (similar to reasoning in Biases of Known Direction, Section
5.17). The differential effect design can be particularly beneficial in drug safety research
where side-effects for a specific health complaint may only be expected to exist for one
treatment under study (again, as with Example #1). Regardless, the information gleaned
from the differential effects design may be useful as part of a strategy of triangulation.
An additional limitation of the design is that, where behaviours are rare, by focusing on

subgroups of the population, statistical power may be much lower.

5.18.2 Applications

Applications of this method using any data appear to be few and we identified none
using CLS data — according to Google Scholar, the Rosenbaum (2006) paper only has 47

citations (as of September 2026), many of which are other methodological papers.

5.18.3 Opportunities

Several behaviours plausibly reflect common traits and impulses - e.g., health-seeking
behaviour or risk aversion, in general. Given the variety of behaviours (e.g., on drug use)
measured in the cohorts, there may be many possible applications. However, as the
differential effects design uses only subsets of the data, the opportunities to obtain
sufficient sample sizes with the method in CLS data may be fewer, though will increase

if the cohorts are combined with each other or with similar studies.
5.19 Reasons for Effects

5.19.1 Method

Theories that predict a causal effect of an exposure on an outcome typically invoke a set
of mechanisms linking the two. One way of making a theory elaborate is to consider
intermediate effects. For instance, the theory that cognitive ability improves health by
influencing health-related decision making assumes that (a) cognitive ability influences
health-related decision making and that (b) decision making influences health. While it
may be difficult to directly empirically assess the causal effects of cognitive ability upon
health, in general, these ‘reasons for effects’ provide extra targets for empirical study

(Rosenbaum, 2005, 2020). A causal theory may fail at the first step, if no link between

Causal inference in the CLS cohort studies User Guide (Version 1) | 166



intermediate factors can be shown. For instance, one may discard a hypothesis that
blood alcohol limits reduce car fatalities by disincentivising drink-driving, if these limits

have no observed effects on drivers’ drinking behaviour.

One advantage of subjecting reasons to empirical scrutiny is that certain links in a
causal chain may be more amenable to causal effect estimation or to more persuasive
testing than others. For instance, in their sociological study of diabetes patients, Lutfey
& Freese (2005) provide compelling evidence of the difficulties individuals with lower
cognitive resources have in managing the illness. From there, if one is interested in the
effect of cognitive ability upon diabetes survival, one needs to establish that poor
disease management negatively affects prognoses, which some might consider self-
evident. Consider also papers that repeatedly show that youth unemployment is related
to poorer mental health later in life (see L. Wright, 2021, for a review). This association is
hypothesised to partly reflect youth unemployment having a deleterious long-term
effect on labour market outcomes —i.e., individuals who were previously unemployed
may have poorer mental health later because they are more likely to earn low wages at
the point of measurement of mental health. One would therefore expect youth
unemployment to negatively affect labour market prospects. This can be tested
experimentally, albeit in a somewhat artificial way, with correspondence studies — a
type of field experiment in which curricula vitae (CVs) are sent to real-world employers
and interview offers recorded. These CVs are manipulated and sent randomly to
determine the effect of applicant attributes on job prospects. For instance, CVs may
vary in whether an individual has experienced an episode of unemployment (Eriksson &
Rooth, 2014). Thus, while the main estimate of interest may be biased, one can still
have good, empirically well-supported reasons for thinking a causal effect exists.
Indeed, because of their expense, RCTs frequently use surrogate outcomes — outcomes
preceding the true outcome of interest (e.g., blood pressure in an RCT of a drug
designhed to reduce cardiovascular disease mortality) — on the logic that established

‘reasons for effects’ will translate into clinical outcomes.

Reasons for effects are conceptually similar to Bradford Hill’s (1965) ‘criterion’ of
“biologic plausibility” and form further pieces of evidence to assess whether an

association of interest is causal. To be clear, here the object of inquiry is independent
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assessment of the effect of the exposure upon intermediate outcomes, or intermediate
outcomes upon final outcomes or even other intermediate outcomes, in the causal

chain, rather than performing a mediation analysis.

There are four issues with solely relying on ‘reasons for effects’. First, there may be
several mechanisms of action — cognitive ability is proposed to influence health not just
through decision making, but also by affecting socioeconomic position (Deary et al.,
2021). Ruling out one mechanism does not rule out transmission through other
pathways (Gerring, 2010), including pathways that have not yet been thought of.
Second, mechanisms may counteract, producing an unknown aggregate effect — this
indeterminacy may in fact be motivation for assessing total causal effects empirically in
the first place. Third (and related), assessing reasons for effects does not
straightforwardly translate into determining effect sizes. Rather, it most
straightforwardly informs qualitative judgements about a causal effect being present or
not, limiting its usefulness, especially given effects may need to be of a certain

minimum size to be practically important.

Fourth, the populations used to estimate effects at each step along a causal chain may
vary and results may not generalise across these. It is possible that the overall chain
may be broken for the target population of interest. For instance, one may observe a
causal effect of youth unemployment on short-term employment prospects and a later
effect of contemporaneous income on obesity at age 50 years, but by age 50 years, any
labour market disadvantage arising from an episode of youth unemployment may be

compensated for (e.g., through faster within-firm job promotions once a job is found).

5.19.2 Applications

Decades of research has shown that socioeconomic and psychosocial adversities are
related to poorer health outcomes (Marmot, 2016). Major theories conceptualise
adversities as stressors that, experienced chronically, alter and cause “wear and tear”
of multiple systems within several of the body’s regulatory systems (cardiovascular,
metabolic, immune, etc.; Delpierre et al., 2016) and lead to a state of chronic
inflammation. Wear and tear is operationalised as measures of “allostatic load”, which

combine measures of biomarkers across multiple systems, while chronic inflammation
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is most commonly indexed by elevated levels of C-reactive protein (CRP). Several
studies have used data from the biomedical sweep of the NCDS to examine
associations between socioeconomic (Barboza Solis et al., 2016) and psychosocial
(e.g., adverse childhood experiences; Barboza Solis et al., 2015; M. Chen & Lacey, 2018)
adversity and allostatic load or CRP, in an effort to provide mechanistic understanding
of the association between these adversities and clinical health outcomes. While these
studies show such associations, issues are that (1) chronic stress is only one pathway
and (2) the same factors that may confound the association between adversity and
health plausibly also confound the association between adversity and allostatic load
and CRP. Counterclaims would make the same set of predictions; biases are replicated

(Rosenbaum, 2001).

5.19.3 Opportunities

Given the rich data collection reflected in CLS’s cohorts, data related to causal

mechanisms may be available (e.g., on biomarkers, health behaviours).
5.20 Quantitative Bias Analysis

5.20.1 Method

There is a quantitative question. Cigarette smokers have a ninefold greater risk of
developing lung cancer than nonsmokers, while over-two-pack-a-day smokers
have at least a 60-fold greater risk. Any characteristic proposed as a measure of
the postulated cause common to both smoking status and lung-cancer risk must
therefore be at least ninefold more prevalent among cigarette smokers than
among nonsmokers and at least 60-fold more prevalent among two-pack-a-day

smokers. No such characteristic has yet been produced despite diligent search.
Cornfield et al. (1959)

In Section 5.17, we discussed approaches to exploiting biases of known direction to
support causal inference. These approaches incorporate information on bias
qualitatively — e.g., to identify appropriate groups for study, contexts to draw data from,

or to ascertain in which direction an estimate is likely to be biased. A drawback with this
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approach is that it does not allow the analyst to determine by how much an estimate is
likely to be biased or what an unbiased estimate would plausibly look like. It is also not
useful in situations where bias runs in the same direction as the anticipated causal
effect or where the causal effect is hard to predict a priori - in these cases, a given

estimate would be compatible with a null or opposite-signed effect.

As the name suggests, quantitative bias analysis (QBA) instead incorporates or
produces quantitative information on bias. QBA methods allow analysts to produce
bias-corrected estimates or to ascertain the size of bias necessary to overturn a
substantive result. This makes better use of the information the analyst may have - for
instance, analysts may be able to make reasonable assumptions about the size of bias,
as well as its direction. By providing data on the likely material effect of bias, QBA can
support better decision making, enable more plausible comparisons of alternatives,
and inform the direction of research resources to areas where the expected
consequences of reducing uncertainty in a biasing factor would be greatest. QBA can
also focus disagreement (Fox et al., 2021): instead of unproductive debates over
whether an estimate is or is not biased, discussion can centre on whether bias is
plausibly sufficiently strong in practice or whether it has been appropriately

operationalised by the analyst performing the QBA.

The term QBA denotes a broad aim rather than a single method. An arsenal of QBA
methods exists, though not all are advertised under this name - sensitivity analysisis a
popular alternative term (Cinelli & Hazlett, 2020; Rosenbaum, 2020; VanderWeele &
Ding, 2017), though this is also sometimes unhelpfully used synonymously with
‘robustness checks’ — additional analyses performed to check that incidental analytical
decisions (e.g., the coding of variables) do not influence results. There are QBA
methods for measurement error, selection bias, and confounding; some can be
combined to deal with each within a single analysis (Fox et al., 2021). QBA methods
vary in their complexity, ranging from post hoc deterministic methods applied to
summary data (e.g., regression coefficients) to simulation-based stochastic methods
that adjust record-level data repeatedly using random draws from hypothesised

distributions for biasing factors.
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Methods also vary in what they produce. Some methods - like the E-Value
(VanderWeele & Ding, 2017) — produce bounds on the size of bias required to entirely
explain an observed association; larger bounds mean stronger — potentially implausibly
strong — bias is required to explain an association absent a causal effect. Other
methods - like Pattern Mixture Modelling (Leurent et al., 2018; C. D. Nguyen et al., 2025;
Tompsett et al., 2018) — can produce a bias-corrected estimate reflecting the
researcher’s best guess at what the causal effect is, given assumptions put into the QBA
model. These methods can also be used for tipping-point type analyses to assess
whether only a large degree of bias could explain an association (Y. Liu et al., 2025).

Given the large number of QBA methods, what follows is a selective review.

5.20.1.1 Methods using Summary-Level Data

As discussed in Section 1, observational studies formed a major source of the evidence
in the discovery of the harmful effect of smoking on lung cancer. One reason
observational evidence was compelling was the size of the association between
smoking and lung cancer observed. In one of the earliest quantitative bias analyses,
Cornfield et al. (1959) derived lower bounds on the associations a single binary
confounder must have with a binary exposure and binary outcome to fully explain an
observed association between the two. Specifically, they show that the exposure-
outcome association must be equal to or exceeded by both the confounder-outcome
and confounder-exposure associations, rules now referred to as the ‘Cornfield

conditions’.

One corollary of their formulation is that the closer the confounder-outcome
association is in size to the exposure-outcome association, the stronger the
confounder-exposure association must be (and vice versa). This trade-off between
confounder-exposure and confounder-outcome associations necessary to explain an
exposure-outcome relationship follows a simple equation and can be plotted as

contours as in Figure 5.19 — see the figure caption for further details.
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Figure 5.19: Graphical representation of the ‘Cornfield Conditions’ (Cornfield et al.,
1959) for a binary exposure (X), outcome (Y) and confounder (Z). For a given risk
ratio (RR = 2) between exposure and outcome (i.e., P(Y=1|X=1)/P(Y=1| X=0)) and
probability Z =1 given X = 1 (green, orange, and pink lines), the graph shows the
combinations of association between confounder and exposure (RR[XZ], x-axis)
and confounder and outcome (RR[ZY], y-axis) required to fully explain the
association. If the confounder-exposure association is weaker (e.g., RR[XZ] J or P(Z
=1|X=1) »l«), then the confounder-outcome association must be stronger to explain

the same result.
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The Cornfield conditions formalise several intuitions, including:

1. Stronger exposure-outcome associations require a greater degree of
confounding to explain results.

2. Confounders must have at least as large a causal effect on the outcome as the
observed exposure-outcome association.

3. The strength of effect of the confounder on the outcome must be greater if the

effect of the confounder on the exposure becomes weaker (and vice versa).

Using their bounds, Cornfield et al. (1959) offered an unanswerable test to sceptics of

the link between smoking and cancer (among whom was Ronald Fisher): no plausible
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confounding factors existed that could explain the very large association between the

two.

The Cornfield conditions further formalise the intuition that there must be strong
imbalance in absolute terms in the prevalence of the confounder between levels of the
exposure; otherwise the confounder must have a particularly strong impact on the
outcome to compensate (compare the pink, orange and green lines for a given RR(XZ) in
Figure 5.19). To give an applied example, parental problematic drug use may be a
confounder in the association between parental SES and childhood development, but it
is (thankfully) a rare occurrence, so is unlikely to explain much of the association

between the two.

The E-Value (VanderWeele & Ding, 2017), a widely used QBA method, builds upon the
Cornfield conditions by making two assumptions: first, that the treatment-confounder
and confounder-outcome effects are equal, and second, that the prevalence of the
confounder among exposed is 100%. The E-Value is represented as a point at the
intersection of the pink (P(Z=1 | X=1)=1) and blue (RR(XZ) = RR(ZY)) lines in Figure
5.19. As Fox et al. (2021) and others (e.g., Poole, 2020) note, however, the assumption of
complete prevalence of the confounder among the exposed is generally implausible
and conservative. Fox et al. (2021) thus introduce the ‘G-Value’, which generalises the E-
Value to situations where prevalence of the confounder is lower — Figure 5.19 also
displays the G-Value(0.25) (intersection of green and blue lines) where the prevalence of
the confounder among treated is 25%. As can be seen, the G-Value is larger than a given
E-Value; the confounder has to have a stronger effect on the outcome because itis now

less prevalent among the exposed group.

Though both the E-Value and G-Value allow bounds to be represented in a single scalar
value, the price of this is the assumption that confounder-exposure and confounder-
outcome associations are equal. This is not likely to be plausible in practice. Itis
instead preferable to posit values of each separately and to determine the
consequences of this for bias, as enabled by drawing contours as in Figure 5.19. The
utility of the Cornfield conditions and the E-Value and G-Value is that they can be used
as a basis for rigorous argument about confounders, including providing a frame for

reviews of existing evidence on plausible confounding variables. It is not sufficient to
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say a confounder exists — it needs to have particular properties. However, this does not
appear to be how E-Values and the like are used in practice. In their review of the use of
E-Values, Blum et al. (2020) report that few authors assessed whether confounding was
likely to overturn results or even noted candidate confounders likely to be missing from

analyses.

A further limitation of the E-Value concerns multiple confounders — the E-Value relates
to the combined effect of these, so several confounders that are individually too weak
to explain away an association may jointly do so (loannidis et al., 2019). This joint
strength can be particularly difficult to ascertain where individual unmeasured
confounders are correlated. On the other hand, the degree of residual confounding
depends on the confounders that have been controlled for — some of these (e.g., age
and sex) can be strongly related to unobserved confounders, and so partly operate as
proxies for these variables (Greenland, 2020). Together, these issues mean the E-Value
can give an overly optimistic or overly pessimistic view of sensitivity to confounding bias

(Sjolander & Greenland, 2022).

Though developed for settings with binary variables, the E-Value can be produced for
continuous variables too, using heuristics for converting standardised beta coefficients
to odds ratios (Mathur et al., 2025). Methods have also been developed for settings with
continuous outcomes, specifically. Omitted variable bias (OVB) follows a simple
formula in linear regression settings: it is the product of the regression coefficient for the
confounder had it been included in the regression model and the coefficient from a

regression of the confounder on the exposure had it been performed.
TrueModel: Y =y + (1 X+ P, Z +¢
Estimated Model: ¥ = B, + B, - X + ¢
Decomposition: B; = 8; + B, - &; (True Effect + Omitted Variable Bias)
Where §; is the solution to regression: Z =6, +8; - X + 1

Note, §; is the solution to the regression of Z upon X, despite this running counter to the
direction of hypothesised causality (i.e., X is dependent on Z, rather than the other way

round). However, this formulation makes intuitive sense: the observed association
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between X and Y is equal to the causal effect of X upon Y (;) plus the effect of ZuponY
multiplied by the association a one-unit difference in X has with Z. This formulation has
another advantage: even where Z has a large per-unit effect on X, §; can be smallif Z

accounts for little of the variance in X. Again, absolute effect size is key for driving OVB.

The OVB formula, 3, - §; , can be visualised in a contour plot similar to the Cornfield
conditions in Figure 5.19. An issue, however, is that the standard OVB formulation
depends on the scales used for the exposure and outcome and so identifying
appropriate literature on confounder-exposure associations may be difficult.
Additionally, the formula does not easily generalise to situations with multiple
confounders. To address this, Cinelli & Hazlett (2020) reparameterise OVB in terms of
partial R?(i.e., the proportion of residual variance in exposure and outcome a
confounder explains after conditioning on covariates).® With this formula, analysts can
determine the required confounding associations to materially change an observed
association between exposure and outcome (e.g., attenuate to the null), again assisted

aided by contour plots.

Cinelli & Hazlett’s (2020) method is implemented in the sensemakr R package (Cinelli,
Ferwerda, et al., 2024); see Figure 5.20 for an example. The sensemakr package
outputs additional information to contextualise analysts’ consideration of whether
unobserved confounders can plausibly explain results. This includes a ‘robustness
value’ (for both the point estimate and lower confidence interval), which — analogous to
the E-Value - specifies the minimum partial R? that would be required to attenuate the
observed association to the null, assuming equal partial R*for both the confounder-
exposure and confounder-outcome associations. It also includes information on the
associations between observed confounders and exposure and outcome. For instance,
in their working example on the effect of experiencing violence during the Darfur war on

attitudes to peace (displayed in Figure 5.20), the authors benchmark the effect of the

53 As partial R? are directly related to the (partial) correlation between two variables, the partial R?is
symmetric. (Note in the equation above, OVB is expressed in terms of a regression of the confounder
upon the exposure, even though the assumption is that the confounder is the cause of the
exposure.)
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supposed confounder (whether the respondent lived in the centre of a village) against
sex, showing that centre would need to have multiple times stronger association with
outcome and treatment than sex to explain results (‘[1-3]x female’ sit below the red-
dashed line of null association in Figure 5.20). This is helpful because, while not all
confounders may be observed, major ones may be. Using the latter to calibrate

expectations can therefore help interpretation of the QBA.

Figure 5.20: Contour plot of a Cinelli & Hazlett (2020) type sensitivity analysis.
Drawn from the Cinelli & Hazlett (2020) running example examining the potential
for confounding in the association between experiencing violence during the Darfur
war and attitudes to peace. The authors hypothesise that this association is
confounded by whether the survey respondent lived in the centre of the village
(more likely to be victimised) or at the periphery, and use the variable ‘female’ to
contextualise discussion of whether confounding would be sufficient to reduce the
observed association (0.097) to the null. If the confounder were to have 3 times the
strength of association with violence victimisation and peace attitudes as female
does, this would still not be sufficient to reduce the point estimate to the null (3x
female [0.03]). Cinelli & Hazlett (2020) type sensitivity analyses can be performed
with the sensemakr R package (Cinelli, Ferwerda, et al., 2024), which also outputs
‘robustness value’ statistics.
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Oster (2019) provides another formulation of bias from omitted variables that, like

Cinelli & Hazlett (2020), uses observable information from regressions including
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observed confounders, but also uses information on the “stability” of coefficients when
adding observed confounders to models. Oster’s solution parameterises OVB as a
function of four observable and two unobserved quantities: the model R? from (a) a
“short” regression of Y on X (denoted R), (b) a regression of Y on X plus observed
confounders (R), and (c) a regression of Y on X plus observed and unobserved
confounders, would it be possible to run this (R, 4x); coefficients for X in regressions (a)
(,B’) and (b) (E); and a parameter, 0, capturing “proportional selection” — the association

of unobserved confounders with treatment relative to that of observed confounders (by

necessity, this is also unobserved).

. 7 . 5 Buax —R
B zﬁ—5'(ﬂ—ﬁ)'ﬂ
... where * is the coefficient on X from a regression of Y upon X plus observed and
unobserved confounders. d captures imbalance in the unobserved confounders across
exposure levels (though as a function of imbalance in the observed confounders) and
Ryax — R captures the impact of confounders on the outcome. All else being equal,

greater proportional selection and larger effects of the confounders on the outcome will

bias coefficients more.

Using this formula, one can reason about the combinations of Ry;4x and é that would
reduce B* to an important value (e.g., the null, §* = 0) or to determine what plausible
values of Ry;4x and § would imply for 8*. A key development in Oster’s (2019) paper is
that she identifies heuristics for Ry 4x and o by applying her formula to the results of
RCTs, among other analyses. Oster suggests values of Ry 4x = min(1,1.3-R)and § =1

as sensible bounds.

The Cinelli & Hazlett (2020), Oster (2019), E-Value, G-Value, and Cornfield Condition
methods each exploit summary-level data and are referred to as ‘simple sensitivity
analysis’ techniques. Each is generally used to evaluate bias from unobserved
confounding, though can be extended to assess other types of bias, including selection
bias or bias from violations of the assumptions of instrumental variables analysis
(Mathur et al., 2025; Mellon, 2025). Other QBA methods to obtain bounds that use

summary-level data exist, including for (e.g.) bias from differential measurement error

Causal inference in the CLS cohort studies User Guide (Version 1) | 177



(VanderWeele & Li, 2019). We will not cover these methods further here (for more, see

Fox et al., 2021).

Another summary-level approach that has been used extensively to account for bias is
regression calibration (Keogh & White, 2014), though in this case the purpose is to
provide a bias-corrected estimate. Regression calibration applies where there is
regression dilution — classical measurement error in the exposure, which would bias the
estimate, most commonly towards the null. This attenuation is predictable: in linear
regression, the observed association will be attenuated by a factor equal to the
measurement’s reliability (i.e., the correlation between two independent measurements
of the same variable). The correction is therefore straightforward — one can divide the
estimated coefficient by assumed reliability — though more complex ways of
incorporating this information can be performed (e.g., by treating reliability as an
uncertain estimated quantity with its own distribution). However, this approach will
generate biased results when there are unobserved or mis-measured confounders
(Davey Smith & Phillips, 1996; Phillips & Davey Smith, 1991) as the uncorrected

estimate will be subject to other biases, rather than just the regression dilution.

5.20.1.2 Methods using Record-Level Data

Another popular method that corrects for measurement error but instead uses record-
level data is Simulation and Extrapolation (SIMEX; Cook & Stefanski, 1994). In SIMEX,
analyses are re-run adding random measurement error to (continuous) variables.®*
Progressively increasing error and then drawing a line of best fit through estimates,
before extrapolating back, allows one to predict a situation where no measurement
error exists (see Figure 5.21). SIMEX can handle situations where it is confounders,
rather than the exposure itself, that are subject to measurement error, but accurate
extrapolation requires (a) correct assumptions about the reliability of the initial
measurement (which determines how far a line of best fit should be drawn backwards
to reflect a situation of no measurement error) and (b) use of an appropriate

extrapolation function, which is an inherently uncertain choice.

54 Kichenhoff et al. (2006) extend SIMEX to categorical data.
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Figure 5.21: Results of an example SIMEX analysis. SIMEX consists of two steps.
First, one reruns analyses, progressively adding random measurement error to the
variable hypothesised to be subject to measurement error, in proportion to the
amount of error anticipated in the raw variable already. Next, one estimates a line
of best fit through the estimates obtained from Step 1 (blue line) and then
extrapolates this line back to the point where no measurement error would exist to
obtain the measurement-error-corrected estimate (orange line for x-axis = 0).
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Systematic or differential measurement error can be corrected for via simulation using
record-level data (Gallop & Weschle, 2019; Pina-Sanchez et al., 2023; L. Wright,
Ploubidis, et al., 2024). For instance, to account for ‘mode effects’ (a type of
measurement error where responses vary systematically by mode; Section 2.2.5)ina
mixed-mode study in which participants are not randomised to mode, external
information on mode effects can be used to simulate values had participants
responded in a single mode. For example, experimental evidence may indicate that
individuals report 0.2 SD better mental health when responding via telephone rather
than web (Goodman et al., 2022; Tomova, Silverwood, & Wright, 2026a). Subtracting 0.2
SD from observed mental health for those in the telephone mode would therefore
provide (estimated) counterfactual values which can be used when fitting the
substantive model of interest. This approach is very flexible — it can handle

multiplicative, or other non-additive, errors and differential measurement errors (Pina-

Causal inference in the CLS cohort studies User Guide (Version 1) | 179



Sanchez et al., 2023), e.g., by incorporating different-sized errors according to
participant characteristics. The process can be repeated to explore sensitivity of the

findings to different magnitudes of measurement error.

Another record-level simulation-based method is Pattern Mixture Modelling (PMM;
Leurent et al., 2018; C. D. Nguyen et al., 2025; Tompsett et al., 2018). PMM is used to
correct for violations of the Missing at Random Assumption used in multiple imputation
(Section 5.4) —i.e., for selection bias. Post hoc adjustment is used to amend imputed
values - for instance, if one anticipates missing values to in fact be 0.3 SD lower than
imputed, imputed values can simply be corrected to reflect this and analyses otherwise
run as usual (i.e., with estimates pooled with Rubin’s Rules). As with simulation for non-
random measurement error, the complexity of the PMM procedure can be increased —
for instance, by choosing more complex patterns of MNAR (e.g., larger violations in
some groups than in others). Corrections to MNAR should be performed within the
‘Gibbs sampler’ - i.e., within the imputation procedure, rather than once the imputed
datasets have been created — so that chained equations models reflect beliefs about
MNAR. However, this can be hard to code (some limited functionality exists in the mice
R package; C. D. Nguyen et al., 2025) and is more computationally demanding to run as

it requires separate imputations for each MNAR assumption posited.

Simulation-based methods can incorporate assumptions on biases stochastically,
rather than use single deterministic values - for instance, by reflecting uncertainty as
distributions and repeating the simulation using draws. Fox et al. (2021) provide advice
on turning beliefs about the size of biases into statistical distributions from which to
draw. Often, it may be easier to rule out particular-sized biases, than rule biases in (for
instance, mode effects are unlikely to exceed 0.5 SD, but may be within the range 0-0.2
SD; Tomova, Silverwood, & Wright, 2026a). In this case, simulations can berunin a
tipping-point-like fashion, or large and implausible biases used to assess whether

implausible levels of bias would be insufficient to change substantive conclusions.

Readers interested in QBA can see the textbook by Fox et al. (2021), which includes
recommendations for performing and reporting QBA (see also Lash et al., 2014).

However, note, as epidemiologists, the authors focus their exposition and examples on
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cases with binary exposures and outcomes. For comprehensive discussion of QBA for

measurement error, specifically, see Keogh et al. (2020) and Shaw et al. (2020).

5.20.2 Applications

Several papers have calculated E-Values as part of analyses of CLS data (see, e.g., Gondek,
Bann, Brown, et al., 2021; Metherell et al., 2023; Moulton et al., 2023; Ning et al., 2021). For
example, Gondek et al. (2021) use E-Values to understand the potential consequences of
bias in an analysis of early mental health and later problematic alcohol use using data from
the NCDS and BCS70. Though the E-Values were small, they note a paucity of existing
evidence on the strength of the confounders they hypothesise, making it difficult to
evaluate plausibility. Nevertheless, this evidence may appear in future, so performing the

QBA provides information that may still be of use to future readers.

Drager et al. (2025) perform an Oster (2019) type QBA of the association between school
absences and attainment at GCSE using data from the MCS. They show that many of their
results are robust to an assumption about relative selection on observables and
explanatory power of observables for their outcome. However, this assumption is not well
justified and is only compared against a much more conservative assumption, which

produces prima facie implausible results for some model specifications.

Bann et al. (2023) use PMM when assessing cross-cohort differences in the association
between height and cognitive ability using data from NCDS, BCS70 and MCS, given different
levels of non-response and missingness in each of these studies. They perform a tipping-
point-style analysis to assess whether differences in missingness mechanisms would be

required to explain results.

5.20.3 Opportunities

As QBA methods are designed for situations where data are missing (e.g., on
confounders), they typically do not make demands upon existing data. Therefore, there
is ample opportunity to use these in CLS’s cohorts. That said, as data on many major
confounders are available, Cinelli & Hazlett (2020) type QBA may be especially
compelling as these confounders can be used to calibrate assessments of unobserved

confounding.
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6 Discussion

Causal inference is one of the central goals of quantitative health and social science,
but also one of its most difficult to attain. The foregoing has shown that there may be
ample opportunities for making causal inferences using CLS cohort data and multiple

different methods and broad approaches to utilise when doing so.

Viewed individually, each of these methods stands or falls on the validity of its
assumptions. Validity depends on the specific situation to which the methods are being
applied and usually cannot be ascertained directly. Determining whether assumptions
are valid — or close enough to be valid as to still be useful — requires knowledge of a
specific research domain and an ability to synthesise evidence and construct
arguments, especially when realising that one’s readers need convincing, too (‘The first
principle is that you must not fool yourself—and you are the easiest person to fool’;
Feynman, 1974).%° Argumentation about whether assumptions are met is necessary
regardless of whether model-based approaches (is residual variation as-if random?),
design-based approaches (does this IV meet the exclusion restriction?), or Elaborate
Theory approaches (is the mechanism of action weaker in this setting, as

hypothesised?) are used.

In any case, no single study is likely to be perfect. An RCT may accurately balance
treated and control groups, but available measures may be inadequate, diluting
estimates, or the intervention may be too narrow to generalise directly to situations of
interest, necessitating the application of theory to justify any generalisation, perhaps
informed by other empirical results (Deaton & Cartwright, 2018). Viewed as one
component of a wider literature, however, imperfect studies can still make a
contribution. For instance, a study may reduce uncertainty about a hypothesis by
testing the effect of a confounder not yet considered in other studies. More formally,

one study may have biases unrelated to those in another study, possibly because it

% The advice that is made harder to follow by the human brain’s capacity to treat results as obvious
in hindsight, and to forget uncertainty that existed before (Baratz, 1983; Yudkowsky, 2007).
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used a different study design (e.g., a quasi-experiment rather than statistical control). If
these studies nevertheless converge upon the same result, this is stronger evidence of
the reliability of the causal effect estimate (Gutierrez et al., 2025; Lawlor et al., 2016).
Such “triangulation” can involve evidence of different characters that may even, at first
glance, appear only tangentially related. Part of the evidence for the effect of smoking
on cancer involved the results of prospective cohort studies (Doll & Hill, 1954), but it
also included ecological studies of societal trends in lung cancer mortality, lung
autopsies of smokers who died from other causes, and experimental evidence from
animal models (Cornfield et al., 1959). Added more recently is evidence from
individuals with particular genetic disorders, who provide indirect evidence for later
steps in a hypothesised biological pathway, which smoking is thought to precipitate

(Rosenbaum, 2015).

Rosenbaum (2015) following Haack (2009) likens such reasoning to completing a
“causal crossword”. Considered in isolation, each piece of evidence supporting a
causal inference may be weak, but together they lend mutual support, as two guesses
intersecting with the same letter do for crossword players. Meditating on this and advice
to “Make your theories elaborate”, Rosenbaum (2015, p. 209) concludes “If you took
[the advice to make your theories elaborate] seriously, then you would ask of each new
study what it contributes to the currently incomplete, partly penciled-in puzzle. You
would welcome the completion of a new entry, even a small entry, compatible with the
current tentative completion. You would also welcome a compelling new entry that
challenged some current entries. You would welcome the suggestion that a particular
entry is mistaken and constitutes a barrier to correct completion of the puzzle. A pencil
and an eraser would be two tools of equal importance.” As with a crossword, two entries
may not intersect — may be only tangentially related — but still contribute to the

completed whole.

Completing causal crosswords would require quantitative researchers to clearly state
their goals and the quantity they are trying to learn with their statistical analysis (the
estimand; Lundberg et al., 2021). Several authors have offered powerful critiques of
prevailing norms in non-experimental sciences against stating one’s causal ambitions

(Dahabreh & Bibbins-Domingo, 2024; Grosz et al., 2020; Hernan, 2018b; Labrecque &
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Kezios, 2026). These norms encourage the use of imprecise euphemisms such as
‘association’ and allow researchers to claim an interest only description or prediction,
when in fact that would motivate different analytical choices to those chosen (Grosz et
al., 2020; Labrecque & Kezios, 2026). Hiding one’s aims makes productive
disagreement more challenging and holds back cumulative scientific progress
(Dahabreh & Bibbins-Domingo, 2024; Grosz et al., 2020). It also enables suboptimal
practices, such as controlling for mediators in statistical models (Labrecque, 2023) and
formulating poorly conceptualised research questions where the intervention is not
well-defined (Hernan, 2018b). This taboo has led to the curious practice of researchers
cautioning against causal interpretations in their studies while, at the same time,
assuming causality when drawing policy and action recommendations from their work
(Bann et al., 2025; Haber et al., 2022) — a practice that has been referred to as

“Schrodinger’s inference” (Tennant & Murray, 2021).

Authors critiquing current practices have offered several recommendations for the
conduct and reporting of studies that aim to generate evidence for causal inference
(Dahabreh & Bibbins-Domingo, 2024; Grosz et al., 2020; Haber et al., 2022; Hernan,
2018b; Labrecque & Kezios, 2026). For instance, Hernan (2018b) argues causal
language should be used throughout papers except in the results section, where the
language of association should instead be used, reflecting that statistical estimates
acquire a causal interpretation only through the arguments made elsewhere in the
paper. Others have produced “roadmaps” for designing causal inference studies —
checklists and processes going from defining a coherent research question and
theoretical estimands to choice of appropriate statistical estimator, quantitative bias
analyses and falsification tests, and judicious interpretation of results (Dang et al.,

2023; Dang & Balzer, 2023; Petersen & van der Laan, 2014).

All of which is to say: beyond simply being a set of methods, causal inference requires
an ability to ask good questions, to synthesise disparate lines of evidence to come to
reasoned judgements, to be transparent about the plausibility of underlying
assumptions, and to be honest about uncertainty. CLS data have many attributes that

can support causal inference, but the data alone are not enough.
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8 Appendix

8.1 Correlation # Causation: A Short Empirical
Review

Nature is replete with examples of correlations between variables that clearly do not
result from causal effects of one variable upon the other; see Vigen (2025) for a
humorous list. Associations identified in observational studies that persist even after
adjusting for known confounding factors may be more plausible and anticipated by
existing theories (or less rigorously, explainable post hoc; Bishop, 2019), but still be
incorrect, regardless. We can be confident this is the case because RCTs regularly
produce results that are discordant with those in standard observational studies.
Moreover, observational studies can produce estimates of causal effects that are
implausible prima facie, including cases where similar procedures (e.g., statistical
adjustments for major hypothesised confounders) are followed that identify estimates

that appear more plausible.

Given medicine’s widespread use of randomised controlled trials, much of the evidence
on the discordance between observational studies and RCTs comes from the medical
literature. The history of epidemiological research includes multiple examples of factors
that, based on observational studies, were thought to cause, or protect from, disease,
but have been subsequently shown in RCTs to act otherwise. This includes factors that,
despite showing initial promise, have in RCTs produced only null results; for instance,
Vitamin C was thought to reduce the risk of cardiovascular disease but large RCTs have
shown no evidence of effect (Lawlor et al., 2004). More troublingly, factors that have
appeared protective in observational studies have turned out in RCTs to be harmful,
including cases where observational evidence had been used to inform medical
recommendations and clinical practice. This includes HDL (“good”) cholesterol and j3-
carotene. For instance, in observational studies, B-carotene was found to be related to
lower risk of cancer, but in fact increases risk among smokers (Davey Smith & Ebrahim,

2001). Dispiriting results from RCTs have led prominent epidemiologists to wonder,
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tongue in cheek, whether it was “time to call it a day” on their field (Davey Smith &

Ebrahim, 2001).

High-profile examples comport with more general findings. Meta-analyses comparing
observational associations with effects from RCTs in studies of therapeutic
interventions (Golder et al., 2011; Papanikolaou et al., 2006; Toews et al., 2024) or
disease risk factors (Janiaud et al., 2021) show small average differences between the
two designs, but this masks substantial heterogeneity, including cases of statistically
significant differences in effects, variations in effect size of double or more, and
instances of reversal of sign (loannidis, 2001).%¢ Similar patterns have been found in
economics (Glazerman et al., 2003), while in education, (non-randomised)
interventional studies have a mean effect size exceeding 0.4 SD, compared with an
average effect size of just 0.06 SD in well-conducted RCTs (Lortie-Forgues & Inglis,
2019).°%” Studies comparing observational and quasi-experimental estimates of the
effects of educational attainment also show a variety of discordant effects (Davies et
al., 2023). Though there is evidence that longitudinal or prospective cohort studies
show smaller discrepancies with RCTs than other observational study designs, bias is
observed in these types of study, too (Brockelmann et al., 2022; Glazerman et al., 2003;

Toews et al., 2024).

A crucial feature of studies comparing RCTs with observational studies is that, in some,
authors have noted the difficulty of predicting the size and direction of bias a priori and
of finding statistical methods that reliably eliminate bias (Glazerman et al., 2003;
loannidis, 2001; Janiaud et al., 2021). While studies often differ in results, this would not
matter so much if the size of this difference were predictable — a clock that has yet to be
set to daylight saving time can be corrected post hoc. Nevertheless, while at an

aggregate level, bias may be difficult to predict, there are several research areas where

%6 The cited studies are only a selection of those available. The blogger Gwern Branwen (2022)
maintains a larger list.

57 To understand how dispiriting this is, imagine you took a random person who received the
intervention and compared them with a random person who did not. With an effect size of 0.4 SD,
the intervention recipient would have the better outcome 61.1% of the time. With an effect size of
0.06 SD, this would drop to 51.7%, little better than a coin toss (i.e., 50%).
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bias is expected to operate in a single direction. As noted, observational studies of
educational interventions typically overestimate effect sizes, and there are other fields
where this is the case. Notably, social epidemiology studies investigating the effect of
social status upon health can generally be presumed to find a stronger negative
association between disadvantaged social status and health than reflects a causal
effect of the former due to, among other things, health-related selection into social
position. This presumption is supported by studies exploiting policy experiments that
find comparatively small effect sizes of, e.g., income on health (Bann et al., 2024;
Courtin et al., 2020), as well as the persistence of health inequalities in relatively
economically equal societies (Mackenbach, 2019). Observational studies assessing the
effect of the family environment upon children may also be expected to be biased
towards finding larger effects than is correct due to the heritability of human traits and
direct genetic transmission within biological families (Plomin, 2018; Rich Harris, 1999);
this point will be expanded upon in Section 8.2. In both social epidemiology and family
research, bias is particularly concerning as observational studies are expected to give
estimates that are anti-conservative —i.e., larger than the true causal effect. An

unbiased association could therefore be small or even null.

There are, however, sometimes substantively important reasons why results from
observational studies and RCTs differ that do not reflect confounding bias in
observational studies. This includes differences with what intervention is implemented,
how and to whom, and in the target estimand. Individuals tasked with providing an
intervention in an RCT may be more motivated and well-trained than those so tasked
when the intervention is rolled out as policy in the real world, meaning fidelity to
protocols may decrease (Kunz & Oxman, 1998). RCTs by necessity also only deal with
interventions that are ethically, financially and physically feasible to implement, a
constraint that does not apply to observational studies. Interventions in RCTs are thus
typically more limited in scope than the corresponding comparisons made in
observational studies and are often focused on quite specific groups of individuals
(Bann et al., 2024). For instance, rather than examine a change in household income
from bottom to top quintile among the general population, which a typical observational

social epidemiology study would do, an RCT may instead investigate relatively small
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and short-term increases in welfare generosity among people, e.g., receiving sickness
benefit.%® Nevertheless, it is still the case that observational studies can yield results
that can only be plausibly explained by residual confounding or other biases - for
instance, after controlling for several confounders, smoking remains associated with
suicide (heavy vs. non-smokers, OR = 3.33; Davey Smith et al., 1992) and hormone
replacement therapy use remains related to lower risk of mortality from accidents (RR =
0.5; Petitti et al., 1986). These findings demonstrate the potential for substantial bias in
observational studies, though as noted in Section 5.11, some of this bias can be “self-
inflicted” and follow from the analyst’s decisions, rather than irredeemable issues of

internal validity (confounding, selection, and information biases) in the underlying data.

8.2 Why Does Correlation (Often) Not Equal
Causation?

The prevalence of observational studies generating different results to RCTs raises the
question of why correlation often does not equal causation (Branwen, 2019). Several
disciplinary perspectives are useful for understanding why confounding may arise in

observational studies. Here we highlight two: economics and behaviour genetics.

The economics perspective highlights that individuals attempt to achieve their goals but
differ in their preferences and the resources they have available (finances, cognitive
skills, etc.). All actions have opportunity costs — resources expended on one action
cannot be expended elsewhere — and individuals are in competition over finite
resources. This competition usually resolves with the person who is willing to pay the
most obtaining the resource - e.g., the person who is willing to pay the most for the nice
house in the nice area is the one who gets it. In many situations, this will lead to

positively valenced things becoming clustered - the family who can afford to move

58 |t should also be noted that there are meta-scientific reasons why results can differ between
observational and interventional studies: specifically, p-hacking and publication bias. Though there
is evidence of p-hacking and publication bias in RCTs (Dwan et al., 2013), funders of RCTs also often
require pre-registration and publication of results (Lortie-Forgues & Inglis, 2019). In observational
studies, a null result may be more easily dismissed as reflecting bias in the observational data and
filed away.
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within the catchment area of the high-achieving school could also afford to move to the
low-crime neighbourhood as well as afford to insulate and heat their home and to follow
the most healthful diet. In other situations, this will lead to attractive goods becoming
anti-correlated as they are, to some extent, substitute goods - for instance, time spent
on one activity means less time for another. Both of these processes can lead to

confounding in observational data.

Another corollary of the economics perspective is that the people least harmed by a
negative situation, or who derive the greatest benefit from a positive one, are the people
who are most likely to select into or remain in that situation — for example, those whose
disease prognosis is the worst may be most willing to accept the experimental
treatment. (Prescribing based on prognosis is known as ‘confounding by indication’.)
Again, this can lead to confounding in observational data. Indeed, the very fact that, in
observational data, two people differ on some exposure variable should give us pause

before assuming they are otherwise comparable (Rosenbaum, 2020).

The behaviour genetics perspective highlights genetic influences on human traits and
the direct transmission of DNA from parents to their children in (biological) families.
This is supported by decades of research using twin and other genetically informed
family studies showing that almost all human traits are heritable (Polderman et al.,
2015), including unsurprising traits like height, but also complex, social traits like
education and even divorce. The behaviour genetics perspective predicts that parents’
and children’s traits will be correlated, regardless of any environmental effect parents
may have; children with highly educated parents are more likely to attain higher
education themselves partly because they have inherited education-promoting genes
from their parents. For compelling descriptions of this view, see Robert Plomin’s (2018)

book Blueprint and Judith Rich Harris’ (1999) The Nurture Assumption.®®

% Twin studies offer another reason to be sceptical that environmental exposures can have large
causal effects — specifically the small role the shared environment (non-genetic factors shared
between siblings) has in explaining trait variation, a phenomenon that has been referred to as the
‘gloomy prospect’ of behaviour genetics (Davey Smith, 2011; Plomin & Daniels, 1987).
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The behaviour genetics perspective also highlights gene-environment correlation (rGE)
as a potential source of confounding in observational studies. rGE describes the
processes by which genes and environments become correlated and comes in three
forms: passive, active, and evocative. Passive rGE describes the process discussed
above - children inherit genes from their parents as well as family environments, so
these become correlated with no further intervention. This includes correlations
between parents and their children for the same trait (e.g., education) but also
correlations with other aspects of the family environment that are influenced by
parental genes. For instance, parents with high reading ability may have more books in
the home but will pass genes related to reading ability on to their children, whether their

children read those books or not.

Active rGE describes the process by which people choose environments based on their
genetically influenced proclivities — a child with high reading ability may spend their
pocket money on books. Evocative rGE describes the process by which the environment
and people within it respond to a person partly based on their genetic endowment - for
instance, a child who is perceived to be struggling academically may elicit more support
from teachers. In each of these cases, an observational study that assumed the
direction of causality ran solely from the environmental factor to the child’s trait would

be in error.

One final genetics perspective relates to the relatively limited number of protein-coding
genes in the human genome (approximately 20,000) compared with the incredible
number of tasks a body carries out, and the wide and often continuous variation
observed between individuals in their traits. Genome-wide association studies have
demonstrated that most traits are polygenic (influenced by many genes each having
small effects) and that genes are pleiotropic (implicated in many traits) (Chabris et al.,
2015). Correlations between traits can therefore arise because of the varied action of
genes. This includes correlations between traits that otherwise would not have an
obvious link. For instance, height and schizophrenia have genetic overlap (Romero et
al., 2025). The observation that “everything correlates to some extent with everything
else” has been called the “crud factor” in psychological and sociological research

(Meehl, 1990).
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