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Abstract

The counterfactual framewonepresntsthe dominant paradigm for testing and evaluating
causal claimgithin epidemiology. What began aghilosophicaframework has been
formalised mathematically in the language of directed acyclic graphs (DAGSs), whose
underpinning theory provides a riggus mathematicalframework for the identificatiorand
estimationof causal effectdMoreover, DAGs provide a conceptual framework for thinking
though causal processes and explicating causal assumptions.

Advances in DABased methods are invaluabletimle S NI 2 F Wo A3 RIGF QT aAy
increasingly awash with largeomplexg and frequently longitudinat datasets However, the

relative recentness of such developmentsansthat many established methods fanalysing
observational data have not been comsied within a robust causal framework.

This PhD thesis explores how counterfactual thinking, encoded in the language of DAGs, may
be integrated into established methods for longitudinal data analysis, and illustrates several
advantages of doing so. Thretatistical and simulatiorbased methods are considere(d:)

the analysis of change, S ANB & & A 2y 6 A (K YdzRBrictakinmulatyrS R NBS & A
modelling For each method, DA@se specifically employed to consider causal structaires

to expbre potential problems and/or biases that might arisken these methods are applied
without sufficient consideration fosuchstructures In (1), DAGs are used to demonstrate that
WOKFyYy3dS a02NBaQ R2 y20 Ay 3ISYSNIt NBLNBaSyil
for isolating change are identified. In (2), DAGs are employed to illustrate why the method

works and how it may be &nded to adjust for confounding. In (3), DAGs are used to

explicitly consider datgenerating processes, and to demonstrate some of the unique

challenges faced by simulation approachi2A.Gs are demonstrated to be useful tools for

informing causal analyseacross a wide variety of longitudinal scenarios, thereby providing a
basis for integrating counterfactual thinking into other methods for longitudinal data analysis.
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Chapter 1
Introduction

1.1 Introduction

QalGAYIFGAY3a GKS OFdzal t ST7T Sxpdsuré@fon & subds#qiefitA O dzf | N
FI Ol 2N 2 NtcG®BSy (A » | WaskiCausatibmid aZkankept for which most (if not

all) human beings have an intuitive understanding. Nevertheless, it is a complex phenomenon
which may be difficult to even articulate. Despite thousands of years of philosophical

discourse, there existsewy little consensus as to what it is, how it can be defined,@nd

perhaps most importantly for researchegdiow it can be inferred within practical research
applicationg7-15). Prominent theories of causation include the regularity, counterfactual,
probabilistic, agency and interventionist, and rhaaistic theorieg16), though no single

account may be cordg¢red universal because each is subject to counterexanipl®s

The counterfactual framework has risen to prominence as the dominant paradigm for testing
and evaluating casal claims in many disciplines; this is likely due to both its conceptual
simplicity and its recent mathematical formalisation in the form of directed acyclic graphs
(DAGs¥.However, in spite of its prominence, there exist many (purportedly causal) mgthod
which have not been examined through this lens. This PhD thesis explores how counterfactual
thinking, encoded in the language of DAGs, may be integrated into established methods for
longitudinal data analysis; this thesis also seeks to demonstrate tengages of doing so,

though focus on the counterfactual framework is not intended to imply its superiority over any
other causal framework. The contexts considered are primarily heattth epidemiology

focused, but the analyses performed have applicghiti other domains.

Populationlevel health patterns emerge from a complex, dynamic, and Aaytred system,

in which a multitude of different interrelationships operat@l). Estimating causal effects in

this context requires somehow accounting for all potential fwaisal associations and biases

which may distort the association of interg@® | A 4 0 2 NROWG Qe E LABRG DK K|
implemented to control such complexities and minimise biases via study design (e-g. case

control studies, radomised controlled trials ® | 2  SOGSNE Ay GKS SNI 27
increasingly awash with large and complex datasets from the many systeartechnologies

that routinely record information on individual experiences. Big data offers much promise for

1¢KS GSNY WINBIGYSY(iQ Aa 2F0Sy dzaSR Ay{mBINDKIy3ISH o
health-related contextg6).

2ThisNI YS@2N)] A& adzoadlydiAragSte OSNE aAYATFN G2 GKS
Neyman in 192818)and more extensively developed and popularised by DonabdrRtom 1974
(19, 20) though the two frameworks employ different terminologypd possess other subtle
differences.



understanding causal processes, but it does not in and of itself eliminate any of the classical
challenges and data quality issues associateld abservational data, such as missing or
incomplete data and measurement err(#2). Neither does big data eliminate the need &or

%

priori subject matter knowledge, sin@yl 3 a2 OA GA2Y YIF & NBIFOK GKS
AAAYATFAOI yOSQ 3IAAQGSY adzFFAOASY iritidl of big dstllS & | Y LI
robust methods for evaluating causal relationships are needed which emphasise

understanding datayenerating processes from the bottom up.

Longitudinal data in particular form a large proportion of the new and emerging forms of data

in the digital age. For instance, smartphone apps are able to continuously track and collect

data relating to location and activity levels. Hospital records constitute another example,

which may additionally be linked to general practice and pharmacy recorci®ate a more
O2YLINBKSYaA@dS LAOGA2NE 2F |y AYRAGARdZ f Qa Ay
forms of data collection like crosectional surveys are inherently longitudinal, since even data
which are collected or measured at the satime are likely to have an implicit time ordering.

This is because the time at which a variable is measured implies nothing about the time at

which its value became manifest. For example, a esestional survey may contain

AYT2NXYIE GA2Yy AodicahsgxRind@nkiRdsght, Buftheselv@iables nevertheless

have a clear temporal orderingsex becomes fixed at the time of conception, whereas weight
represents an accumulation of infinitesimal changes throughout the life course and whose
valueonlyp SO2YSa YIyAFSad G GKS GAYS Al Aa YSI ac
typically applied to data for which there exrsultiple measurements of one or more variables,

and this is the meaning we adopt throughout. Such dataeagdicitlylongitudinal, and are of

particular interest to epidemiologists and data scientists as they allow for changes to be

quantified and examined. A key focus of life course epidemiology, for instance, is to identify

and quantify important periods of change or growtheim exposure, and to evaluate their

effect on subsequent outcom&g3, 24)

Longitudinal data may be conceptualised both as exposures and as outcomes, but across all
contexts they present analytical challenges for causal inference over and above those -of cross
sectional data. This thesis explores some of those challenges inrnlext of three statistical

and simulatiorbased methods for assessing causal relationships, and demonstrates the
insights that DAGs and the counterfactual framework can bring to causal analyses.

1.2 Aims and objectives

As outlined previously, the aim of tH#D thesis is to explore how DAGs can be integrated
into established methods for longitudinal data analysis, and to illustrate the benefits of doing
so. To this end, three specific statisticahd simulatioAdbased methods are considered, all of
which rehte to distinct longitudinal scenarios but which are connected via the fact that they
are purportedly used for estimatingausalrelationships.



As broad objectives, DAGs will be used to depict the longitudinal context in which each
method is deployed; therinciples of graphical model theory will be applied in order to
identify how each method should be employed to robustly estimate causal effects; and the
potential biases which result from failing to consider each method within a robust causal
framework wil be identified and explored.

1.3 Thesis overview

Chapter 2 provides background literature related to the counterfactual framework for causal
inference, and demonstrates how this framework has been formalised mathematically in the
language of DAGs. The airfntiois chapter is to provide sufficient information related to the
concepts and vocabulary which are necessary for understanding the contents of the remainder
of the thesis.

Chapter 3 expands on Chapter 2 by introducing several methods for estimating etiests

in longitudinal data, some of which are based on DAGs but many of which are not. The utility
of using DAGs to inform causal analyses is demonstrated through specific examples.
Additionally, a critical comparison of statistical methods and indafdased simulation

methods is provided, since both have been recognised as useful tools for evaluating
counterfactual contrasts. This provides a foundation for understanding the contexts in which
the methods considered in the remainder of the thesis rhayused, as well as understanding
some of the potential strengths and weaknesses of these methods.

Each of the next three chapters uses DAGs to examine a particular method for estimating
causal effects in longitudinal data. The methods are both statistical simulatiorbased, and
each method relates to a different longitudinal scenario.

Chapter 4 uses DAGs to consider the analysis of clt@agepic which has historically been a

matter of much disagreement but which has rarely been examined withinrdmadwork of

DAGs. This context involves quantifying the relationship between a single exposure and

ddzo aSljdzSyd WOKIFyYy3aSQ Ay | f2y3AGdzRAY T 2dzi02Y
considered within a formal causal framework, in order to demoristthe analytical strategies

Y2ald O2YLI GA0fS gAGK Fylftedaiayd WOKIy3aSQ | yR
consider underlying causal structures and dgéerating processes.

/| KFLIWISNI p dzaSa 5! Da (2 O2yaiRSHNmMMBAWMBREWAS: 2y &
introduced to circumvent some of the difficulties associated with estimating causal effects in
longitudinal settings but which was never extended to address confounding. This context

involves quantifying the relationship betwesepaate measurements of a longitudinal

exposure and a subsequent outcome. In this chapter, DAGs are used to illustrate why the

method works in the absence of any confounding, and to provide the principles on which the
method may be extended robustly to accddar confounding by both timdixed and time

varying covariates.



Chapter 6 uses DAGs to consider microsimulation modejlangimulation method often used

to estimate counterfactual quantities for policy evaluation and which shares many similarities
withi KS a0 FOANNIOH @0 WIKA & O2y GSEG Ay @2t @Sa | dz
multiple measurements of a longitudinal exposure and a subsequent outcome. In this chapter,
DAGs are used to consider the parallels between the-dateerating process they represent

and those which are modelled using microsimulation, and the importance of faithfully

modelling datagenerating processes from the bottom up in order to make causal inferences.

Chapter 7 summarises the findings and implications of alltelspincluding their

contributions to the literature. It additionally discusses the limitations of the research
contained in the thesis, and offers suggestions for future research of this kind. Potential areas
for future research are outlined.



Chapter 2
Background

2.1 Introduction

Epidemiological research relies primarily on the counterfactual theory of causation for testing
and evaluating causal claims. Counterfactual reasoning underpidsmasedcontrolled trials

long considered to be the superior and most robust method for demonstrating causal effects.
However, the counterfactual framework has also been formalised in the tayjegaf DAGs

which provide a rigorous mathematical framework for cdwsalyses and the identification of
causal effects in nerandomised contexts.

Chapter 2orovides a comprehensive introduction to the counterfactual framework for
exposures which are both tirxed and timevarying; of fundamental importance is the

concept of exchangeability, which allows for the identification of causal effects in this
framework. This chapter also introduces DAGs, and illustrates their utility in identifying causal
effects for timefixed and timevarying exposuresSince this thesis exqiles how DAGs may be
integrated into established methods for longitudinal data analysis, the purpose of this chapter
is to provide sufficient information related to the relevant concepts and vocabulary which are
necessary for understanding the remaindetlut thesis.

2.1.1Chapter overview

A general chapter overview is provided below.

In Sectior?.2, we distinguish between timéixed and time varying vables, and consequently
define what it means for an exposure to be either tifireed (8.2.1) or time-varying (8.2.2.

In Sectior?.3, we introduce the counterfactual framework for causal inference. We use

specific examples to demonstrate how this framework conceptualises indivighgllcausal

effects for both timefixed §2.3.1.7 and timevarying (8.3.1.9 exposures. We additionally
highlight a crucial concept in counterfactual causati@xchangeability (&3.2).

In Sectior.4, we discuss how randomisation may be used to identify average causal effects
for both timefixed (8.4.1) and timevarying (8.4.2 exposures. Weighlight the difference
between unconditional and conditional exchangeability in each context.

In Sectior2.5, we introduce graphical causal modeisth particular focus given tBDAGs
(82.5.2. We illustrate how DAGs may be used to identify causal effects for botHitiet:
(82.5.3 and timevarying (8.5.4) exposures by emulating randomisation.
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2.2 Timefixed versus timevarying variables

A variable is considered to biene-fixedif it occurs only once (e.g. a om@se vaccine,
birthweight), does ot change over time (e.g. sex, BRCA1/BRCA2 @25psor evolves over
time in a deterministic way (e.g. age, time since treatmé¢). Very few timefixed variables
exist over the entire lifecourse, but over shorter periods of time certaiables may be
reasonably conceptualised and/or treated as tifireed. For example, height changes
substantially over the lifecourse, though remains relatively fixed throughout miaigie

In contrast, a variable is considered totbae-varyingif it ocaurs multiple times (e.g. a mudti

dose vaccine) or changes over time (e.g. smoking status, blood $2@rSuch variables form

the majority of those of interest in epidemiological applications, though the complexity of
dealingwithvariabla 2 F (GKAa (el YSIya GKI HixddySe | NB
defining their values at a particular point in time. For example, height at age three and height

at age five could be considered as two distinct tifixed variables.

2.2.1Timefixed exposires

We use the termiime-fixed exposureto refer to an exposure whose effect on an outcome of
interest is only being considered at a single point in time. For example, an epidemiologist
might consider what effect obesity at age fifteen has on the riskepfession at age twenty.
Although obesity is a timearying variable, it is considered a tiffieed exposure in this
context because its effect is only being considered at the specific age of fifteen.

2.2.2 Timevarying exposures

We use the termime-varying eyosureto refer to an exposure whose effect on an outcome

is being considered at multiple points in time. For example, an epidemiologist might consider
what effect obesity at ages ten, fifteen, and eighteen has on the risk of depression at age
twenty. A sguence of exposures such as this is often referred texgposure (or treatment)
regime

2.3 The counterfactual framework for causal inference

Here, we introduce the basic concepts of, and the intuition behind, the counterfactual

framework for causal inferenc& his framework is most easily conceptualised in the context of
individuatlevel causal effects, and so we define such effects for both-fireel (8.3.1.7 and
time-varying (2.3.1.9 exposures. We additionally highlight the key concept of exchangeability
(82.3.2 andtheseOl f £t SR WTdzy R YSy (il LINRotSY 2F O dzal
individuatlevel causal effects £83.3.

2.3.1Individuakevel causal effects

2.3.1.1For timefixed exposures

The counterfactual framework states that an evénti.e. a timefixed exposure) may be
considered a cause of an evetf, contrary to fact hadd not occurred then®would not



have occurred16, 27) As an example (adapted frof@a7)), we can imagine that an individual,

Mary, is driving to work and comes to a fork in the road. She chooses to go left (i.ec®vent

and subsequently arrives late for work (i.e.evaith @ | LJASGZ al NB RSOf I NBa
NAIKG AyadSFIRHQ 2KIGd KSNI adldSYSyid AYLX ASa A
caused her to be late for work becaused she gone right instealA @S ©® &g G Wy 2 i
wouldk NNR @SR 2y (i AW Bf coukse) e iSnd vay to privg Betistatement, as

doing so would require Mary to simultaneously go both left and right and then observe the
outcome under each condition, in order guarantee that the effect cannot be attributed to

any other factor that differed between the drives. Nevertheless, this example demonstrates

the intuition of (and utility behind) conceptualising causal effects as counterfactual contrasts
between two scearios that are equivalent in every way except for the putative causal factor

of interest.

2.3.1.2For timevarying exposures

The counterfactual frameworg although more frequently conceptualised in the context of

time-fixed exposureg can also be naturally exteled to timevarying exposures. To this end,

we consider a scenario involving tegents® and® (i.e. a timevarying exposure). The

events® and@® may be considered @int cause of an event abif, contrary to fact had at

least one ofv or @ not occurred therwowould not have occurreR6). As an example, we

can imagine that Mary takes two doses of antibiotics to treat a chest infection (i.e. edents

and® , respectively), which clears up (i.e. eveptafter the secondlose. We may conclude

0KS G¢g2 R2aSa 2F ylGAoAz2GA0a INB | 22Ayd OFd
counterfactual scenario in which Mary didt take at least one of the doses and her chest

infection did not clear. For example, ifaW did not take the second dose of antibiotics (i.e.

SISy oWy 2y R KSNJ OKSaid AyFSQOX2¢gSLIORHZA R ORY O
Gg2 R2aSa INB I 22Ayid OFldaAS 2F KSNI OKSad AyT
cleardregardlesf whether she took each dose of antibiotics (i.e. if all counterfactual

scenarios resulted in the same outcome), the clearing cannot be attributed to the antibiotic

regime.

2.3.2Exchangeability

Exchangeabilitys a fundamental concept in countadtual causation. In this framework, a

causal effect is defined in terms of a comparison between two units of analysis which are in all
ways equivalent except for the putative causal factor of integast other words, two units of
analysis which arexclangeable

233¢CKS WTdzyRI'YSYi(lf LINRPoO6fSY 2F OF dzal f
TheseOl £ t SR WTdzy RIF YSy (I  (28)B thdt iSowidievelQdusaty | £ Ay T
effects cannot ever be identified because it is impossible to observe an individual subjected to
different values of the putative causal factor simultaneously. In other words, it is impossible to



view the unrealised counterfactual scenario(s) and therefore impossible to achieve
exchangeability.

2.4 Using randomisation to identify average causal effects

Although identification of individuallevel causal effects is generally agreed to be impossible
within the counterfactual framework, identification azerage causal effects possible and
forms the basis of a great deal of epidemiological causal infer@)cAverage causal effects
may be identified by creating exchangeaf@teupsof individuals and comparing theawverage
outcomes. This is ofteachieved through randomisatiof29, 30)

2.4.1 Average casgal effects for timefixed exposures

To demonstrate the principle of using randomisation to identify the average causal effect for a
time-fixedexposure, we consider a specific example involving the effect of chemotherapy
versus radiotherapy on twgear survival amongst breast cancer patients. We illustrate how
both unconditionally and conditionally exchangeable groups of individuals may bedreat
randomisation.

2.4.1.1Exchangeability

2.4.1.1.1Unconditional exchangeability

Epidemiologists have long considered taedomised controlled trial RCT)2 06S G KS w32
a0FyRIFENRQ F¥2NJ RSY2yaidNrdAy3 OrdalftAde oSOl dza
unconditional exchangeabilif1). An RCT in our example context might involve randomly

assigning each patients to receive either chemotherapy and radiotherapy, and then comparing

the average outcome for eh treatment group.

In this situation, the group who received chemotherapyrnsonditionally exchangeablgith

the group who received radiotherapyhis is because randomisation ensures that the outcome
is equally likely in both groups prior to the intention, and so a simple comparison of the
average outcome for each group after the intervention is sufficient to identify an average
causal effec{32). In other words, those who received chemotherapgd they instead

received radiotherapywould have experienced the same average outcomes as those who
actually did receive radiotherag$), i.e. they are unconditionally exchangeable.

2.4.1.1.2Conditional exchangeability

We could alternately consideranditionallyrandomised controlled trid (CRCT)n which
each patient is randomly assigned to receive either chemotherapy or radiothbegmsd on

31f there exists differential loss to followp, then exchangeability may not be ensured by this process
(33, 34) However, this is an additional complexity which we do not cover hareg ®ur purpose
is simply to illustrate the conceptual rationale behind such designs.



their initial cancer stageFor example, individuals in stage 1V are randomised to receive
chemotherapy with a higher probability than radiotherapy

Here, a simple comparison of the average outcome for each treatment group cannot be
assumed sufficient, as any difference in tyar survival might be attributable to the fact that
the chemotherapy group has, on average, a worse prognosis at the liegiohthe study.
Nevertheless, we are still able to identify an average causal effect by comparing the average
two-year survival between those who received chemotherapy and those who received
radiotherapy among individuaisho had the same initial cancetage Thuswithin each

subgroup of cancer stagéhose who received chemotheragyad they instead received
radiotherapy would have experienced the same average outcomes as those who actually did
receive radiotherapy6). The two treatment groups areonditionally exchangeablgi.e. they

are exchangeableonditionalon initial cancer stage.

2.4.2 Average causal effects for timearyingexposures

To demonstrate the principle of using randomisation to identify an average causal effect for a
time-varyingexposure, we return to the example from Sect®3.1.2involving the use of
antibiotics to clear a chest infection, in which a dose of antibiotics may be prescribed at the
point of initial diagnosis or at a subsequent folloyy visit.

We illustrate in this context how unconditionally and conditiopa&tkchangeable groups of
individuals may be manufactured by sequential randomisation.

2.4.2.1Exchangeability

2.4.2.1.1(Sequential) unconditional exchangeability

An RCT in our example context might involve randomly assigning each patient to receive each
dose of antibioti®a @ ¢ KA & A& NBTFSNNBER ((3)bécausepdtiénlisars y i A | f
randomised at each time point. In this way, we create four treatment grqupsse who

received two doses, no doses, only the first dose, or only the second dose.

The proportion of people whose infections subsequently cleared in each of the treatment
groups may then be directly comparethe process of sequential randomisation ensures that
the outcome is equally likely in all groups prior to treatment both atghet of diagnosis and

at the point of followup. Thus, a simple comparison of the average outcome for each group
after the final interventionis sufficient to identify an average causal effect. For example, those
who received both doses of antibiotidsad they instead received one of the other dosing
regimes would have experienced the same average outcomes as those who actually did
receive those other dosing regimg), i.e. they arainconditionally exchangeable

2.4.2.1.2(Sequential) conditional exchangeability

By contrast, a CRCT in our example context might instead involve randomly assigning each
patient to receive each dose of antibiotibased on the severity of their infection at the time
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For example individual who are initially judged to have more severe infections may be
randomised to receive the first dose of antibiotics with a higher probability than those with
less severe infectionSimilarly, individuals with more severe infections at the follguwisit
may be randomised to receive the second dose with a higher probability.

Because each treatment group (i.e. those who received two doses, no doses, only the first
dose, or only theecond dose) is likely to have a different average outcome prognosis as a
result of the way in which individuals were randomised, they cannot be directly compared.
Moreover, we cannot even identify an average causal effect by comparing the proportion
clearal chest infections among individualdo had the same infection severity at both time
points, because infection severity at the second time point is itself affected by whether or not
an individual received the first dose of antibiotics (indection sevaty is not randomised
However, within subgroups defined by initial infection severity, receipt of the first dose of
antibiotics, and followup infection severity, those who received the second dose of
antibiotics,had they instead not received the sedatose of antibioticsvould have

experienced the same distribution of outcomes as those who actually did not receive the
second dose. The average outcome for each of the treatment groups may then be compared
within levels of baseline and folloup infecton severity because they a(sequentially)
conditionally exchangeablgi.e. they are exchangeable at each time paioditional on

current infection severity.

We will return to this concept in Secti@5.4 where we present a clearer graphical depiction
of this issue (8.5.4.] and the chlenges associated with identifying casual effects in
sequentially randomised contexts2%.4.2.

2.5 Using DAGs to identify average causal effects

Forsituations in which (C)RCTs are either infeasible (e.g. for extremely rare diseases),
impractical (e.g. for complex and/or costly interventions), and/or unethical (e.g. for potentially
deadly or otherwise harmful exposures), epidemiologists must rely semhationalnor-
randomiseddata. However, the average causal effect of an exposure on an outcome may still
be identified by using the principles of graphical model theorgrtmlateexchangeability

In this section, we give a brief introduction to gragicausal models and DAGs, and illustrate
how they encode counterfactual statements for both tiffibeed and timevarying exposures.

2.5.1Graphical causal models

a2RENY Ol dAalf Y2RSfa (NI OS GKSANINR2GA (G2 wmd
analysiq35, 36) They also have origins in structural equation models (SEMs), which represent
groups of causally related variables (both observed and latent) as systems of simultaneous

linear equationg37). However, both were subsumed at the beginning of the tweirst

century under the framework afonparametric causal mods by Judea Pearl in his seminal

book Causality(38).
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These models are typically represented graphiaalk S \gi@mbicatéausal model®) and
consist of two fundamental components:

1. Asetofvariablesdt A ®S® Wy 2RSaQuT | yR
2. Asetofarrowsdo A @S P Wl NDAQ 2N WSR3ISaQuo

Any two variables in the graph may be connected by an arrowdeg0 ), which means that

the first variable §) exerts a direct causal effect on the secodjl for at least one member of

the population(39). A variable may be eith@ndogenouqi.e. havimg at least one direct cause
represented in the graph), @xogenougi.e. having no direct causes represented in the

graph). However, the graph makes no assumptions about the distribution of the variables, nor
does it imply or constrain either the magnite@r functional form of the causal effeq(27,

39).

Two examples of graphical causal models are provid&ejure2.1. By convention, observed
and/or measured variables are denoted bytangles, whereas unmeasured and/or
unobserved (i.e. latent) variables are denoted by ovals. We also adopt the convention that
time flows from left to right(6).

Figure2.1 Graphical causal models depicting the causal relationships between three random
variables=, 1, andd

(1) X (2) X

Y Y

Observed and/or measured variables are depicted in rectangular boxes, and latent variables
are depicted in ovals. In panel (®)and wcause one another. In panel (@and ware caused
by the unobserved variabl¥

The graphical causal modglparel (1) ofFigure2.1 depicts the causal relationships between
the variablesh, &, and, the graph implies that bottb andare direct causes ab, and that
wandcause each other. The graphical causal model in panel ERywfe2.1 is very similar
to that in panel (1), but instead depiaisand®as being caused byé unobserved variable,
which is the source of their mutual dependency.

The graph in panel (2) is a particular type of graphical causal maedeirected acyclic graph.

ADNJ LIKAOFt Ol dzal t Y2RSta Y& FfiGRYNEST Kol KRBTSR
Q75 2NJ aAY@)e WIANI LK&EQ
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2.5.2Directed acyclic graphs (DAGS)

Directed acycligraphs (DAGSkepresent a special subset of graphical causal models, as they

form the foundation on which modern statistical causal inference methods are based.

Il 51D A& I 3INYLKAOIET Oldzalf Y2RStf Ay 6KAOK |
Moreover, noVAIA | 6t S OF'y AYRANBOG (8 3WAsddansfiedh 1 a St T oK
previously, the graphical causaodel in panel 1 ofigure2.1is not a DAG because there

exists a bidirectional arrow betweghand @, whereas the graphical causal model in panel 2 of
Figure2.1is a DAG because the bidirectional arrow has been replaced by two unidirectional

arrows emanating from the common cau$é

DAGs encode qualitative causal assumptiainsut thedata-generating proces the
population(39), i.e. the process by which any endogenous value in the graph obtains its value.
Given information on all>@genous variables in a DAG, the values of any endogenous variable
can be identified. Ifrigure2.2, for example, if we know the values@fndo (the exogenous
variables, which have no causes in the graph) we are able to identify the valyasfit

depends only om for its value. Similarly, we are able to identify the values of all other
endogenous variable®, O, and’Q as they depend only on other variabli the graph.

Figure2.2 DAG depicting the datgenerating process for theixrandom variables=, || F
m I ands

A

T

2.5.2.1Key terminology

Kinship terminology is often employed to describe the relationships between variables in a
DAG(39). For example, the variables which are directly caused by a garéable are called its
children(e.g.0 and‘Oare children ob in Figure2.2), and all variables which are directly or
indirectly caused by a given variable aedled itsdescendantge.g.0, O, O, and"Care
descendants ob in Figure2.2). Conversely, the variables which directly cause a given variable
are called itparents(e.g.0 andOare parents ofin Figure2.2), and all variables which

directly or indirectly cause a given variable are calledritestors(e.g.0, 6, andOare

ancestors oin Figure2.2).

Apathis a sequence of arrows connecting two variables, regardless of the orientation of those
arrows; there may be multiple paths connecting any two nodes in the dgig@hFor example,
‘Oand"Care connected by the patdN ¢ © 'O© "Oin Figure2.2.
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Acollideron a path is a variable on a path that has two arrows pointing into it; all other
variables on the path amon-colliders(39). For exampleéQis a collider on th pathd © 'ON
0 in Figure2.2.

Acausal paths a sequence of arrows which all flow in the same direq®@®) For example,

0 © 00 ‘0% "Ois a causal path betweanand"Oin Figure2.2. Any path which connects two
variables and is not a caalgpath is anon-causal path of which backdoor paths are of
particular interest.

Abackdoor pathis a path from one variable to another which begins with an alirawthe
first variable(39). For example, the path N 6 © ‘'O© 'O° "Os a backdoor path between
and’Oin Figure2.2.

Conditioningrefers to the act of filtering a dataset based on the values of one or more
variableg(27).

A path between two variables épenif it does not contain a collider, or if it contains a collider
which has been conditioned updB9). An open path therefore transmits a statistical
association between the two variablé®7). For example, the backdoor padhN 6 © '0©

‘00 "Cbetweent and™Oin Figure2.2 is open. Conversely, a path between two variables is
closedif it contains a collider, or if it contains a neollider which has been conditioned upon
(39). A closed path transmits no statistical association between the two variébig¢srhe
backdoor pattb N 6 © 'O© 'O° "Ohetweend and"On Figure2.2 can be closed if we
condition on any 0B, ‘O, or’O.

2.5.2.2Direct, indirect, and total causal effects

For any two variables in a DAG, there are potentially three typeausal effectf the first
6GKS WSELR&MZINBQU 2y G(GKS &8S02yR o00GKS wW2dzid2YS$
Thedirect causal effectepresents the change in the outcome that results directly from

changing the exposur@7). This is signified by the existence of an arrow that directly connects
the exposure and outcome.

Anindirect causal effectepresents the change in the outcome that results from changes to
the exposue which are passed through one or more other variaii9. This is signified by
the existence of @ausal pathwaypetween the exposure and outcome.

Thetotal causal effec{ TCExomprises all of the direct and indirect causal effects (i.e. all of
the direct and indirect causal pathways between the expesand outcome}27).>

To demonstrate, we conséd Figure2.2, in whicho is the exposure antis the outcome.
There is no direct causal effect@on "Q since there is no arrow from to "O However, there
are two indirect causal effects 6f on"Q as indicated by the two causal pathway8 O©

51n a linear gstem, the total causal effect is simply a sum of the direct and indirect effects, though this
does not hold in a notinear systen{27, 40)
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‘00 "Cand06 © 'O° "0 The total causal effect @f on "Othus comprises just the combination
of two indirect causal effects.

2.5.2.3Variable roles

The role(s) of any variable in the DAG are defined with respect to its relationship with the
exposure and outcome and outcome of interé4l, 42) In the following paragraphs, we

define all other potential roles that a variable in a DAG may have. We also provide an example
of each role by considering the DAGFigure2.2, in which 0 is the exposure anDis the

outcome.

Aconfounderis a variable which is an ancestor of both the exposure and outcome (i.e. a
preceding common causé}1). A confounder transmits mon-causalassociatiorbetween the
exposure and outcome vialmckdoor path InFigure2.2, for exanple, 0 is a confounder of
the relationship betweem and"0Q 0 transmits a norcausal association betwee@nand"Ovia
the backdoor patlto N 6 © 'O° '0° O

A mediator is a variable which is a descendant of the exposure and an ancestor of the
outcome (i.e a variable which lies on the causal pathway between the exposure and outcome)
(41). A mediator transmits part of the causal association between the exposure and outcome.
In Figure2.2, both'O and'Oare mediators of the causal effect @fon"O 'O transmits a causal
association betwee and™Ovia the causal path © 'O° 'O° "Q whereasOtransmits a

causal associatioriarthe causal path§ © O° 'O° "Cand6 © 'O° O

Aproxy confounderis a variable which is a descendant of a confounder and an ancestor of
either the exposure or the outcome (but not both, otherwise if would be a confour(dé)) A
proxy confounder thus does not itself transmit a Roausal association between the exposure
and outcome, but it may be thought of as an imperfect measure of the true confounder. In
Figure2.2, Ois a proxy confounder of the relationship betwe@mnd™Q since it is a
descendant of the confoundér and an ancestor of the outconi®

Acompeting exposuras a variable whictsian ancestor of the outcome but is unrelated to the
exposure (i.e. it is neither a confounder, mediator, or proxy confounddr) A competing
exposure therefore represents an independeailse of the outcome. IRigure2.2, 0 is a
competing exposure for the causal effecttoéind™Q since it is a parent 60but it does not
affect (nor is it affected byj.

It is possible for a variable to have multiple roles in a single DAG. For example, when
considering the exposureutcome relationship betweed and"Oin Figure2.2, O acts both as
a mediator and a proxy confounder (for the confoundgr

2.5.3 Average causal effects for timBxed exposures

To illustrate how DAGs can be used to identify the causal effectiofe-fixedexposure on an
outcome, we return to the previous context involving the effect of chemotherapy versus
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radiotherapy on tweyear survival amongst breast cancer patient3.48]). Instead of
randomised data, however, we oriyavedata collected by hospitals.

In this dataset, it is unlikely that the group of individuals who received chemotherapy are
equivalent to (i.e. exchangeable with) those who received radiotherapye¥ample,
chemotherapy drugs aresslikely to be administered to individuals who are taking

medications for other conditions in order to minimise the risk of adverse interac(iBjsbut
morelikely to be administered to individuals whose cancer is at an advanced stage and grade
at the time of treatment(44).

Suchimbalances between the groups receiving chemotherapy and radiotherapy mean that

their average outcomes cannot be directly compared. However, this scenario is not in principle
far removed from the scenario involving a CRCT. That is, if we are able tdyitlemitauses of
two-year survival which affect the treatment received, we can conceptualise the exposure as
having been randomised within subgroups defined by those factors and identify the average
causal effect within them. For example, we could com@arerage tweyear survival between

those who received chemotherapy and those who received radiotherapy among individuals
who were taking no other medications and whose cancer was classed as stage IV and grade IlI.
In this way, the two treatment groups aoenditionally exchangeablgi.e. they are
exchangeableonditional orthe factors which affected the treatment received.

The power of graphical model theory is that it provides a way of determining which set(s) of
variable(s) are sufficient f@guaranteeing conditional exchangeability for a given DAG through
a simple graphical criteriogthe backdoor criterion.

2.5.3.1The backdoor criterion

Thebackdoor criterionis actually a set of three criteria, which, if met, guarantee conditional
exchangeabilityor a given DAG, thereby allowing for the identification of the avetats
causal effecbf a timefixed exposure on an outcon{@7). Briefly, a set of variables is
sufficient for guaranteeing conditional exchangeability if conditioning on those variables:

Closes all nowausal paths between the expasuand outcome;

Doesnot close any causal paths between the exposure and outcome; and
Doesnot open any additional neoausal paths between the exposure and outco®e
27).

There may be multiple sets of variables in a given DAG which satisfycttitesia, or none. A

set is said to be minimally sufficient (i.eminimally sufficient adjustment setor MSAS) if it

satisfies the backdoor criterion with the smallest number of varia{883 Variable sets which
alrdAratTe GKS o0FO1R22NJ ONARGSNAR2Y Yl & 0S ARSy(A
software(45)or R packagét6,47)), and it is for this reason that DAGs have heralded as tools

which facilitate s WI € 32 NAGKYA &l G@ARYY 2F O2dzy G SNF I O dz ¢
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2.5.3.2A graphical representation of exchangeability

Figure2.3 provides a graphical depiction of exchangeability, in whichpresents a timdixed
exposurerepresents an outcoma) represents a set of measured baseline causes aind
"Yrepresants a set of unmeasured and/or unknown baseline causés(@b).

In panel (1)unconditionalexchangeability holds, since no baseline causes of the outcome
(either measured or unmeasured) affect the exposure.

In panel (2)conditionalexchangeability holds, since only measured baseline causes of the
outcome affect the exposure (i.e. exchangeability can be created by conditioning on the
variables i) ). It is for this reason that the conditional exchangeability is sometimes referred
toasK S O2 y Rnb (inln@agured donfodndifpe).

In panel (3), exchangeability does not hold, since unmeasured and/or unknown baseline
causes of the outcome affect the exposure.

Figure2.3 DAGdepicting the datagenerating process for a timéixed exposureL, an
outcomed, a set!! of measured baseline causes of the outcome, and ass@f measured
and/or unknown baseline causes of the outcome
(1)
M X Y
(2)
Y
(3)
M X Y
In panel (1), unconditional exchangeabiliglds. In panel (2), conditional exchangeability
holds. In panel (3), exchangeability does not heigure is adapted froRobins, J.M. and M.A.
Hernan (26)

2533hGKSNJ WARSYUGATALILOATAGE O2yRAGAZ2YAQ
Twoother conditions are required to identify the average causal effect of a-fireel

exposure on a subsequent outcome; together with conditional exchangeability, these are
referred to as thddentifiability conditions (26).

Positivity is therequirement that the exposure is not deterministically allocated within any of
the subgroups defined by possible combinations of the measured baseline cové2@tes
Recall that, in principle, average causal effects are identified by cangpue average
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outcomes within subgroups for which the distribution of confounding factors is equivalent. If
there exist one or more subgroups in which every individual in the subgroup received the same
value of the exposure (i.e. the exposure was detaistically allocated), then we cannot

identify the causal effect of the exposure in that subgroup because there exists no
WO2dzy i SNF I Olidz £t Q A0Syl NAR2®

Consistencys the requirement that, for an individual who received a particular value of the
exposure, th@ counterfactual outcome is equal to their observed outcome and is therefore
known (though their other counterfactual outcome(s) remain(s) unknof®6b). Consistency

may not hold for exposures comprised of a combination of various factoichvelffect the

outcome through different mechanisms (e.g. socioeconomic position), since such an exposure
would likely have multiple counterfactual outcomes associated with a single value of the
exposure(49).8 Inherent in the consistency condition is the assumptionofnterference i.e.

the assumption that the gposure received by one individual does not affect the outcomes of
any other individua(54).”

Taken together, the three conditions (i.e. catmshal exchangeability, positivity, and

consistency) imply that an observational study may be conceptualised as a CRCT, or an RCT in
which the exposure was randomised conditional on the set of covariates which satisfy the
backdoor criterig26).

2.5.4 Average causal effects for timearying exposures

DAGs can also be used to identify the causal effectiofi@varyingexposure on an outcome

in nonrandomised contexts. As in the tiriixed case, this is achieved by using the principles
of graphicaimodel theory to determine set(s) of variables which are sufficient for guaranteeing
sequentialconditional exchangeability.

The criterion for determining which set(s) of variable(s) are sufficient for guaranteeing
conditional exchangeability for a give\B is known as theequential backdoor criterion
which is a generalisation of the previoustyroduced backdoor criterion 85.3.]). The logic
behind the sequential backdoor criterion is very similar to that of the original and for that
reason we do not explicitly cover it here. However, a comprehensive summary of the
sequential backdoor can be found Elwert, F. (39)

6 We note that there exists a substantive and contentious debate within the causal inference
community as to whether consistency is assumptioror atheorem(50-52), and consequently
whether causal effects can be identified in the absence of-defihed interventiong53).
However, this is a philosophical debate which we believe has very little bearing on the topics
covered in this thesis.
T¢KS laadzYLWiA2y 2F y2 AYOGSNFSNBYyOS yvYre Fftaz2 oS NB
FaadzYLIGA2@3 6{ ! ¢+! 0
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2.5.4.1A graphical representation of exchangeability

Exchangeability in a timearying contexts most easily represented graphicalygure2.4
provides such a representation, in whi@éhrepresents a timevarying exposure measured at
baseline (i.ed0 ) ard follow-up (i.e.0 p), Wrepresents an outcome measured at or after
the point of followup, 0 represents a set of measured causesuatt baseline and followup,
and”Y represents a set of unmeasured and/or unknown causebaifbaseline and fédw-up
(26).

In panel (1)unconditionalsequentialexchangeability holds, since neither measured nor
unmeasured/unknown causes of the outcome affect the exposure at either time point. This is
signified by a lack of any arrows fraimor "Yinto (.

In panel (2)conditionalsequentialexchangeability holds, since only measured causes of the
outcome affect the exposure at each time point. This is signified by a lack of any arrow¥ from
into Q.

In panel (3), sequential exchangeability does hold, since unmeasured and/or unknown
causes of the outcome affect the exposure at each time point.
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Figure2.4 DAG depicting the datgenerating process for two measurements of a time
varying exposurek (i.e.£= and= ), one outcomel, two measurements of a sel of time-
varying causes of the outcome (i.4. and{ ), and two measurements of a set of time-
varyingunmeasured and/or unknown causes of the outconfee.= and=F )

(2)

(3)

5

U, M, X, U, M, X, Y

In panel(1), sequential unconditional exchangeability holds. In panel (2), sequential conditional
exchangeability holds. In panel (3), sequential exchangeability does not hold.

2.5.4.2Time-dependentconfounding

Timedependentconfoundingis an issue that is unique tdgitions involving timevarying
exposures. Whilst it is conceptually challenging to understand within the counterfactual
framework, the use of DAGs illustrates simply the problem posed bydapendent
confounding(39).

For example, we consider the DAG in panel (Bigdre2.4 where we are interested in the
joint effect ofcd and@ on . In this DAG) is a confounder for the effect @ on &, and
thus the noncausal patiio N 0 © @should be closed by coitibning ond . However)

is also a mediator for the effect 6§ on @ and thus conditioning ot closes the causal path
® O 0 O ¢ Moreover,D is a collideronthe patthb © 0 N Y O ¢ such that
conditioning ond opens an additional nenausl path betweenid andd.
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Thus, it is both necessary and forbidden to conditiondorbecause it simultaneously

confounds and mediates the causal effectwdn &. Estimating the joint effect ab and®

on®ONEB lj dzZA NBa (KS dmete RATS2 YK A20K KNS W3 adzAadS 27
time-dependent confounding in ways that do not involve direct conditioriz@® 56) The g

methods are reviewed in the next chapter.

2543h 0 KSNJ WARSYUUAFAIOATtAGE O2yRAUGAZYAQ
As in the setting of a timéixed exposure (8.5.3.3, two additional identifiability conditions

are required to identify the average causal effect of a twvaeying exposure on a subsequent
outcome(26).

In a timevarying settingpositivity is the requirement that the exposure at each time point is
not deterministically allocated within any of the subgroups defined by possible combinations
of past exposure and covariate histg®6). In other words, there is a nerero chance of being
exposed (or unexposed) at every time point, regardless of prior exposure and confounder.
Thus, positivity is satisfied when there are both exposed and unexposed individuals within all
levels of prior &posure and confounders, which can easily be evaluated empirically (for
categorical variables, at leag§6).

Consistencys the requirement that, for an individual who received a particular exposure
regime, their counterfactual daome is equal to their observed outcome and is therefore
known (though their other counterfactual outcomes remain unknoyag). This condition also
includes the assumption ofo interference

Taken together, the three conditions (i.e. comainal exchangeability, positivity, and
consistency) imply that an observational study may be conceptualisedeuantialCRCT, or
an RCT in which the exposure at each time point was randomised conditional only on prior
exposure and measured covariatestory (26).

2.6 Summary

The counterfactual framework for causal inference underpins much of health and social
science research. Although it is impossible to identify indivithuadl causal effects in this

TN YSG2N] 00KAOK Ada 2FGSYy NEFTSNNBRYGEMEXROSRS
possible to identify average causal effects. This has historically been achieved through
randomisation, though recent advances in graphical model theory have provided a framework
for identifying causal effects by emulating randomisatio observational data. Of particular
importance are DAGsvhich encode counterfactual statements in simple statistical diagrams.
Timevarying exposures present additional identification challenges over and above those of
time-fixed exposures due to thesue of timedependent confoundingThe utility of using

DAGs to estimate causal effects and the additional methodological challenges presented by
longitudinal data structures will be expanded upon in the next chapter, in which we review and
critically conpare statisticaland simulatioAbased approaches.
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Chapter 3
Methods for estimating causal effects in longitudinal data

3.1 Introduction

There exist myriad methods for estimating causal effects in longitudinal data, some of which
are grounded in therinciples of graphical model theory but many of which are not.

Chapter 3dntroduces several methods for estimating causal effects in longitudinal data. Of
fundamental importance are statistical, regressioased methods which are informed by
DAGs; thesenethods utilise the principles of graphical model theory to robustly estimate
counterfactual quantities. There additionally exist individbased simulation methods (i.e.
microsimulation modelling and agebased modelling) which are able to simulate
counterfactuals; however, the conditions under which they provide meaningful causal effect
estimates are not wellinderstood. This chapter offers a critical comparison of statistical and
individuatbased simulation methods for causal inferenatich providesa foundation for
understanding the contexts in which the methods considered in the remainder of this thesis
may be usedThis chaptenlso provides several examples of the benefits of using DAGs to
consider problems and paradoxes which have historicaibearin causal analysghereby
providing a basis for our aim to integrate DAGs and counterfactual thinking into the methods
considered in the remainder of this thesis.

3.1.1Chapter overview
A general chapter overview is provided below.
In SectiorB.2, we demonstrate how DAGs can be used to inform statistical (regression) models

in order to estimate causal effects in observational data, for limtie-fixed (8.2.1) and time
varying exposures 82.2).

In SectiorB.3, we give three specific examples which illustrate the benefits of applying DAGs
and counterfactual thinking to new ctexts.

In SectiorB8.4, we introduce three established methods for longitudinal data analysis (both
statistical and simulatioAbased) which will bexamined in this thesis. The methods

considered are the analysis of chang8.g810 ¥ NBINB & &A2Y 6 A (0 K3.49dzy SE LI
and microsimulation modelling 84.3.

In SectiorB.5, we critically compare statisticadnd individualevel simulatiorbased
approaches for causal inference.

3.1.2Related publications

This chapter contains work based on the following publications:
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Arnold, K.F,. Berrie, L., Tennant, P.W.G. and Gilthorpe, M.S. A causal inference perspective on
the analysis of compositional datiaternational Journal of Epidemiolod020,0(0), pp.%7.

(1)

Arnold, K.F,. Davies, V., de Kamps, M., Tennant, B&\WMbotwa, J. and Gilthorpe, M.S.
Reflections on modern method&eneralised linear modeter prognosis and interventioq
theory, practice, and imations for machine learningnternational Journal of Epidemiolagy
2020 0(0), pp1-9. (2)

Arnold, K.F,. Harrison, W.J., Heppen#{aA.J. and Gilthorpe, M.S. DA@ormed regression
modelling, agenbased modelling and microsimulation modelling: a critical comparison of

methods for causal inferencéternational Journal of Epidemiolod¥019, 48(1), pp.243253.
(3)

3.2 DAGinformed regression methods

As introduced previously 285.2), a DAG is a qualitative (ironparametri¢ map of the data
generating process for a set of variab{88). For any given DAG, the principles of graphical
model theory provide a way of determining whetherausal effect can be identified and, if so,
what set(s) of variables need to be conditioned on to do so.

Where the true structure of a DAG is not known, as in almost all observational contexts, its
structure must be assumed based upon subject matter kndgdeand theories, and then
tested and further refined according to available d&d, 57) In this way, the DAG represents
the hypothesisediata-generating process, and all inferences are made subject to the DAG
being correct.

This DAG may then also be combinechyiarametricassumptions about the datgenerating
process in order to estimate causal effects. The primary method for achieving this is through
regression modelling. In the following subsections, we outline how-DAsBned regression
modelling can be impmented in order to estimate causal effects in observational data, for
both time-fixed (8.2.1 and timevarying exposures §2.2).

Throughout, we use capital letters (ed.to denote random variables and small letters to
denote specific values (e.¢. Torw p), by conventior(26).

3.2.1For timefixed expasures

To illustrate, we consider the DAGHigure3.1, which represents the hypothesised data
generating process for a tirdixed exposurey, outcomed, confounder, ¢, andd, and
mediator’Oin a population of individuals (all continuotendom variables).
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Figure3.1 DAGdepicting the hypothesised datgenerating process for a timéxed exposure
L, an outcomell, a set ofconfounders=, ||, and f, and a mediatory

Observed and/omeasured variables are depicted in rectangular boxes, and latent variabl
are depicted in ovals.

By the backdoor criterion £§85.3.]), there exist two sets of vaibles which are minimally
sufficient for identifying the total causal effect @fon ¢

Setl: 0 ando6
Set2: 0

Therefore, conditioning on either of these sets of variables will allow us to estimate the

%)

C

desired total causal effect. However, given thias unmeasted, Set lwould be chosen as the

conditioning set.

In the context of linear regression, conditioning is achieved by including the variable as a

covariate in the model. Estimating the total causal effeabain &in our example context thus

becomes a mider of estimatingthe parameters of the following model:
® T Fo 16 16 -

Assuming the model has been correctly parameterised, we are able to intérpast the
estimated total causal effect @don . In other words, for individuals witlhe same values of
0 and6 (i.e.conditionally exchangeablgroups, every oneunit difference in the exposure
corresponds to an expected difference in the outcomg of

The expected counterfactual outcome associated with a particular vabféhe exposure for
an individual whose values 6fand® were equal tohand ) respectively, can thus be
computed as:

1T T ol di o
3.2.2For time-varying exposures

We next consider the DAG kigure3.2, which represents the hypothesised dajanerating
process for two measurements of a timarying exposureé(i.e. and® ), one subsequent
outcome®, and one timedependent confounded (all continuous random variables) in a
population of individuals.
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Figure3.2 DAGdepicting the hypothesised datgenerating process for two measurements
of a time-varying exposuret (i.e.= and=< ), one outcome-, and one time-dependent
confounder-!

The joint causal effect @b and® on the outcomebis identifiable by the sequential

backdoor criterion(39). However, simultaneously conditioning and not conditioning)oris

impossible in a conventional singéguation regression mod¢89). Thus, oneoff KS §(-KNBS W
YSGK2RAaQ YI& 0S dzaSR G2 SadAayrasS G6KS F@SNF 3S
different exposure regimes. Eachethod is summarised in the following subsections; more

detailed descriptions are provided BRobins, J.M. and M.A. Hernan (28ximi, A.l. et al. (56)

Daniel, R.Met al. (58), Arnold, K.F. and M.S. Gilthorpe (bBaubman, S.let al. (60), Robins,

J.M.et al.(61), Vansteelandt, S. and M. Joffe (62hdPicciotto, S. and A.M. Neophyt¢s3).

3.2.2.1The (parametric) gormula

Implementing the parametric-fprmula requires that we first use our data to estimate the
functions which govern the datgenerating process, thereby creating a sequence of functions
which combine to generate the valués every endogenous node in the DAGor example, if
we assume a linear process, we would estimate the parameters for each of the following
models:

Estimatihg the average value ofthat would have been observédhe exposuresd and®
had been equal to whatever values we are interested in (8.gnd , respectively) therefore
requires replacingd with @ andd with @ in our estimated models and sequentially
computing the expected value of each variable, as in:

8n lowdimensional settings with discrete data, the conditional probability of each variable may be
estimated nonparametrically; in such cases, thisr@efd A & aA YL & NEMNIYNKNBR (2
(64).
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The gformula thus effectively simulates the joint distribution of the variables thauld have
been observed under a hypothetical intervention targeting the exppbased on the joint
distribution that was actually observe@).

3.2.2.2Inverse probability of treatment weighting (IPTW) of marginal structural
models

The second-gnethod usesveightinginstead of conditioning to estimate the average
counterfactual outcome associated with different exposure regimes.

Inverse probabilityoi NB+ G YSYyd ¢SAIKAIGAY3I oLt ¢20 NBFSNE
L2 Lddz | GA2yQ o6& SadAYlFridAay3d GKS SELISOGSR gt t dzS
conditional on previous exposure and confounding history in the whole sample, calculating the
expected alue of each measurement of the exposure for each individual, and then weighting

each individual by the inverse of their expected value of each measurement of the exposure.

For example, based on the DAG-igure3.2 and assuming linearity, we would first estimate
the parameters of the following models:

(AT l© | O -
For any individual, we can then calculate the expected valde afnd the expected value of
® when® ® and0d a as:

w |

O | | @ | &
9+ OK A Y RA @ N Risitheh @laulaedhy @Atiplying the inverse of their expedbed
by the inverse of their expected , i.e.:

o —0—

In the resulting pseudpopulation, the counterfactual mean associated with each exposure
regime is equal to that in the true population, but the exposure at each time point depends

only on prior exposure history (i.there is no timedependent confoundg). The DAG for the
pseudepopulation is depicted ifrigure3.3, in which there is no arrow betwean andd® .

Figure3.3 DAG depicting the pseudpopulation created by inverse probability of treatment
weighting (IPTW) for the DAG #Rigure3.2

IPTW creates a pseughmpulation in which there exists no tirdependent confounding (i.e.
there is no arrow betweetn andw ).
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Because there exists no tindependent confounding in the pseugmpulation, the joint
effect of&d and® ondcan be edmated by estimating the parameters of a single model:

O1T 1O 1O 1 o0 -

Ly GKS 02@3S WY NH keprdsénts thel audiagdietfantian,] Mgrddéits Q>
the average effect o , andf represents the average addital joint effect oo andd® .

The average value ¢fthat would have been observédhe exposuresy and® had been
equal to whatever values we are interested in (exgandw , respectively) is therefore:

® 7T T o oo
3.2.2.3G-estimation of structural nested models (SNMs)

The condition of sequential conditional exchangeability underlies causal inference fer time
varying exposures, as outlined@mapter 2 Moreover, the conceptualisation of longitudinal

data as arising from#%y Sa i SRQ aS|jdzSy O0S 2 T -ediirdidn,fwhichA & ( KS
exploits conditional exchangeability to estimate average counterfactual outc(d3s

Heuristically, the idea is to estimate the average effect of the exposure for the innermost
(most recent) trial first (i.e. the average effect®fon &), while adjusting for past exposure

and covariate history (i.éo and0 , respectively). The estimated effect®f is then removed
from ¢, and the process is repeated far. Ultimately, the average counterfactual outcome

associated with the exposure regimiefto is computed.

For the DAG ifrigure3.2 and assuming linearity, for example, we could construct the
following two structural nested models (SNMs):

O o o o T O -
&1 16 -

G-estimation refers to the method by which the parameters of the above models are
estimated. The first model expresses the average effedi an &, which may be modified by
@ and0 . The second model expresses the averagecetie®w on @, when the exposure at
time 1 is set to some counterfactual value of interest (be. ).

Sequential conditional exchangeability implies that the counterfactual outcome associated
with a particular exposure regims ht is independenbf the exposure regime that was
actually observed. @stimation directly leverages this assumption by determining the
parameters for which the counterfactual outcomes are statistically independent of the
observed exposures. In practice, this often involaegid search or optimisation algorithm
(63).
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3.3 Examples of the benefits of DAGased counerfactual thinking

For the identification and estimation of quantifiable causal effects, DAGs hold a privileged
position due to the rigorous mathematical framework that underpins th{és).° However,

the utility of DAGs extends far beyond the narrow framekvof identifying and estimating

causal effects. DAfBased thinking has also been instrumental in providing clarity to previously
dzy NB & 2 f @S R(66BR)foNdxafplé &nd iR clarifying the assumptions that must hold
for an association to be interpreted azausalassociatior(27, 70)

3.3.1Example 1: Understanding the implications of conditioning on a collider

Thedependency induced between two independent events when conditioning on a common
outcome (i.e. aollidel) has the potential to cause serious interpretational problems for causal

Iyl f&&sacolider Ba>SRA W 2 FG Sy LINR RdzOSiswhich & Ay 3t & |
contrary to intuition and/or scientific feasibility (e.g. the Monty Hall probi@w)). However,

there are circumstances in which conditioning on a collider may provide useful and informative
causal effect estimates.

The implications of conditioning on a collider can be easily understoddllaminated using

the framework of DAGs. We first discuss the birthweight paradox, which is considered to be
one of the most welknown examples ofollider bias. We then discuss compositional data,
which present a unique context in which conditioningacollider may be desirable (ireot

bias).

3.3.1.1The birthweight paradox

Low birthweight has long been recognised as a strong factor which increases the risk of
neonatal and infant mortality71). Moreover, maternal smoking during pregnancy increases
the risk of an infant being born with low birthweigft2). However, paadoxically, among low
birthweight babies, infant mortality is substantially lower for mothers who smoke compared to
those who do not smoke. Thus, among low birthweight babies, maternal smoking appears to
have aprotective effecon the risk of infant mortkty. This paradox was first noted by
Yerushalmy, J. (78) 1971 and has been consistently replicated in other dataGets

Many hypotheses have been put forward attempting to explain the seemingly paradoxical
results, e.g(75), but perhaps the most compelling is grounded in graphical causal m@dels
76-79). To demonstrate, we represent the situation by the DAGigure3.4, in which all
unknown causes of low birthweight are represented y

9 Nevertheless, it is worth mentioning that DAGs are currently underutilised in health research; a recent
review byTennant, P.W. et a{57)of studies published between 1999 and 2017 identified only 234
which used a DAG to guide their analysis.
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puj

Figure3.4 Directed acyclic graph (DAG) depicin 1 KS WoANIKg SAIKG LI NI

Maternal
smoking

°| Infant
death

"Yrepresents all unknown common causes of low birthweight and infant death.

In this DAG, it is apparent that low birthweight isalideron the (closed) path w0 Qi % @ &
0 ¢ &0 @O Y That is, maternal smoking afdare competing causes of low
birthweight. However, conditioning on low birthweight (as Yerushalmy did) opens the path
between maternal smoking antYand thus creates a necausal dependency between the
competing causes dbw birthweight.

Heuristically, what this means is that if a low birthweight baby has a mother who smokes,
his/her low birthweight is likely a consequence of that smoking rather than a consequence of
another serious unobserved cause of infant death. fibiighis reason that maternal smoking
then appears to be protective against infant death despite there being no obvious causal
explanation.

3.3.1.2Relative versus total effects in compositional data

Although the consequences of conditioning on a collider are welkrecognised in specific
probabilistic instances, such as the birthweight paradox, the consequences of doing so in
deterministic instances are only beginning to be recogni$edllustrate, we consider the case
of compositional data, where conditiordgron a collider may in fact provide useful causal effect
estimates. This example represents additional work carried out by the author of this thesis,
and has been recently published in its entiréty.

[ 2YLRaAAGAZ2Y T RIFGF YO22WLINAGEESQ 00 K2ST LA 2N goke2ND SP A
all parts sum to that wholé80). For example, suppose we are interested in the causal effect of

the total number of economically active individuals within a geographical@rebe area

level gross domestic product (GDP). This can be represented by the Biy@re8.5, which

explicitly depicts the compositional nature of the exposure. g¢conomically active population

+ economically inactive population = total populatidf).

10 Although the components together determine the total, no time flow is indicated by the double arcs
from the components to the total. Compoisihal data are unique in that the component parts and
the total ¢ which denote the same variable at different levels of aggregationcur
simultaneouslyThis is an additional complexity that we do not discuss here, but has been
addressed in Arnold et g81).
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Figure3.5 DAG depicting total population in relation to gross domestic product (GDP), in
which total population issubdivided into economic activity and inactivity

: Economically

| activepop. |

|

|

I Total

: population GDP
I . I

: Economically , :

1 | inactive pop. I

Deterministic relationships (i.tatal population = economically active population +
economically inactive populatipare indicated by doublined arrows, and fully determined
nodes are indicated lgoubleoutlined rectanglesthis notation has been adapted from
Shachter, R.D. (82 dashed box around variables indicates that those variables occur at{an
instantaneous point itime.

The benefit of depicting compositional data as-igure3.5 is that total population
immediately becomes recognisable asddlideron the (closed) path

O0E 6 QoD @b B YE orpkan 6 a & OGE & € & B ) EAY DS,
conditioning on the total population when estimating the effect of the economically active
population on GDP will create a depemay between the economically active and inactive
populations, thereby generatingralative effect

Therelative effectof the economically active population represents the average change in
GDP achieved 3wappingeconomically inactive individuals for@wmically active
individuals Thiseffect is therefore goint effect, representing theombinedeffect of
simultaneously increasing the economically active population while decreasing the
economically inactive populatidoy equal numbers (thereby retaimg the same total
population)

By contrast, theotal effect of the economically active population (i.e. without conditioning on
the total population) represents the average change in GDP that resultsadoing

economically active individuals to the argéhereby increasing both the number of

economically active individuals and the total number of individuals, whilst doing nothing to the
population of economically inactive individuals.

In this scenario, both the relative and total effects reflect the dapian-level average effects

of changing the relative numbers (i.e. the proportions) of economically active individuals to
alter GDP, but by different means. It is therefore possible derive two distinct causal quantities,
each of which may be of interesedending on the context or hypothetical intervention. For
example, an estimate of the relatiwdfect may beof interest ifthe government were
consideringob-training programme for currently unemployed individualsvhereas an
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estimate of the total effetmay be of interest if the government were considering policies
aimed at increasing economic immigration

In general, whether the relative or total effect represents a useful estimand dependents upon
the context and, in particular, the number of compongenthich make up the total.

3.3.2Example 2: Understanding the distinction between prediction and causal
inference

Causal inference is fundamentally distinct from predicti®8, 84) However, the two are often

conflated since many of the same statistical techniques (e.g. linear models) can be applied to

both predictive and causal queri€g0). Moreover, the relative newness of a formal framework
for causal inference from observational data meant that the routine application of such
techniques that became embedded was predicatecoediction rather thancausal inference

| 2yaSldsSyates A4 NBYFAya O02YY2y LN} OGAOS
significance, either explicitly or implicitly (e(§5)). The framework of DAGs offers insight into

the dangers of doing so by explicating the assumptions required to inteagsmciations
between individual predictors and the outcomecausal effects

To illustrate, we consider the following line@aodel, which represents the expected value a
single variatgdo 4 KS WRSLISYRSy (i Q 2NJ W2dzi O2 Y 6f@sefof NR |

g2

of !

observed covariate® BBty 0 1 KS WAYRSLISYRSYy (i Q 2NJ WSELX Iyl 3

WLINBRAOG2NBE QO Y
1 T & E & Equation3.1

Any coefficient irEquation3.1 could potentially represent a true causal effect (either direct,

total, or a subset of the total), an association due to uncontrolled confounding or collider bias,

or any combinatiorthereof. Interpreting a particular coefficient as an estimate of the total
causal effect of that covariate on the outcome requires making the assumption that all other
O2@F NAIF 1S&a Ay (GKS Y2RSt WO2yiNRBt Wgdie | f €
causal association, and do not create any additional spurious associgtioassal modelling
processes have these assumptions explicitly built into their foundations, but prediction
modelling processes do not.

A model for prediction is concerdewith optimally deriving the likelyalue(or risk) of an

a L.

outcome (i.e®inEquation3.10 3IAGSY AYF2NXIF A2y FNBY 2yS 2N

prediction modelling is to develop a useful tool to forecast an outcome that has yet to occur,
and so the modebuilding processsiultimately driven by convenience and other practical
considerations. It is weduited to automated methods for covariate selection and

HegrkAa Aa Of2asSte NBfIFIGISR §2F XS NB T INNRR 2072 Wyadzi O

(86)¢ since interpretingeverycoeffident in the model as a total causal effect requires making
these assumptions about all other covariates in the model simultaneously, which cannot be valid

dzyf Saa +ftf O2@INAIFGS&a FNBE Ol dzal ff& dzyNSf I SR

uncortelated in the sample).

0
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parameterisation, because thepecificsubsetof covariates that is ultimately used to predict
the outcome (and the wain which they are parameterised) is relatively unimportant so long
as the model has a sufficient degree of internal and external validity.

In contrast, a model for causal inference is concerned with optimally deriving thedhahge

in an outcome (i.ef forp "Q ¢ in Equation3.1) due to (potentially hypotheticahange

in aparticular covariatgi.e.®). The causal moddduilding process isecessarildriven by
externalanda prioritheory, and thus benefits little from algorithmic modelling methodologies.
To estimate the causal effect of one variable on another, one must specify both the possible
causal pathways through which those effects are realised and the possibieansal

pathways that transmit spurious associatioosforeany modelling is undertaken. Although

the process of identifying a suitable subset of covariates which remove all spurious
associations between the exposure and outcome may be automated once all causal
assumptions are made explicit (often in the form of a DAG), identifying the initial set of
variables and specifying timannerin which they are likely to transmit spurious associations
cannot be automated.

Consequently, models for prediction and causal inference are fundamentally distinct in terms

of their purpose and utility, and methods optimised for one cannot be assumed optimal for the
other. This has important implications for more advanced modellin 2 R&a 6 S®3d WY I
f S Ny Ay 3(8r-8%) Svhidh dadReibeen developed with the goalpwédictionin mind.

3.4 Other established methods for longitudinal data analysis

The previous examples illustrate the benefits of bringing DAGs and counterfactuahghiok

new contexts and to methods which may not have been developed in an explicit causal
framework. Although several authors have been critical of the increasingly widespread use of
DAGYS, 14, 15, 90, 91}he insights into many important causal questions and apparent
paradoxes (like the birthweight paradox) that haveeh facilitated by the use of DAGs are
substantial(27, 66)

This PhD explores how counterfactual thinkiegcoded in the language of DAGan be

integrated into estabshed methods for causal longitudinal data analysis. Although DAGs

provide a formal mathematical framework for the identification and estimation of causal

effects, the relative recentness of such developments has meant that many established

methods for casal analysis have not been considered within a robust causal framework. The
methods to be considered are both regressimesed and simulatichased. The regression

0FraSR YSGiK2R& O2yaARSNBR INB GKS lFylrfeara 27
residud 8 Q 0! w0 Y 2 R SHhased methédSonsidergdii= nticipdirduibtion modelling.

Each is summarised in the following subsections.
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3.4.1The analysis of change

Studies of change are an important element of health research. Understanding how people
change, ad the factors that may cause them to change more or less, are important for
prognosis and treatment decisions.

There are two primary methods for analysing the effect of a baseline expdsi#ey WOK I y 3 S ¢
in &, which is measured once at baseline @9.and once at followp (i.e.®).

¢KS FTANBG YSUK2R Ay@2f@Sa O02yadNMz0dAy3d | WwWOK
from the follow-up outcome (i.e¥®d &  &). The effect of the baseline exposube on the
change score is then estimateding a regression model of the form:

Yo | | & -
The second method involves regressing the follgnoutcomedw on the baseline exposui@
and adjusting for the baseline outconig, as in:

AN B EEAR BEATE
This method is commonkhegferred to as an analysis of covariance (ANCOVA).

It has been recognised that these two methods produce discordant results, and therefore lead
to differing causal conclusion situations in where the exposure is not randomi§@2i).

In Chapter 4, we use DAGs to consider the analysis of change and to resolve the historical
disagreement between the two methods.

342wSaANBa&A2Y SHAGK Wdzy SELX I AYySR NB&ARGC:
Another common reearch question involving change relates to how changes in awimeng

exposure (e.gld and® ) affect a subsequent outcomey,

wSANB&aaA2y 6A0K YWeHoAUR nibdelday @dresdibB moddisdahichd Q
simultaneously estimate the effect abof the initial measurement of the exposuée and

subsequent change i®. A UR model is constructed by regressiran® | Yy R | £ £ Wdzy SEL
changes i (i.e.Q ), as in:

W _ _ow _Q
The termQ s itself derived from the regression@f on® (i.e.® T F® Q) and

it has been claimed that the model therefore provides insight (via the coefficignhto the
effect onwof wincreasingnore thanexpected93). However, this claim has been previously

challenged94).

UR models have also been extenagethocin order to accommodate more than two
measurements of a timgarying exposure, and to accommodate tifiteed and time
dependent confounding.
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In Chapter 5, we use DAGs to evaluate the properties of UR modelbeinduitability for
causal analyses. We also demonstrate how to extend the method robustly in order to
accommodate confounding variables and more complex longitudinal scenarios.

3.4.3Microsimulation modelling

Several authors have identified microsimulation retsd(MSMs) as being promising tools for
causal inference, especially due to their ability to evaluate exposure regimiés. most basic
form, microsimulation is a method for generating mi¢evel data in order to provide an
estimated crossectional snpshot of a populatior{95). However, the resulting synthetic
population is then often used as the foundation for a dynamic simulation model, which
simulates the evolution of individuals in the population through time and potentially space.

a{aa INB FoftS G2 S@I t dz(96,97) seendrgdibg, fofFekadplezl £ 6 2 N
altering the model parameters at one or more time points throughout the simulation,

according to evidence derived from reabrld interventions. The effects of these
WAYGSNIBSYGA2yaQ 2y &az2yYS 2 daededdeSalugtdd. Mongaves, NS a i
since the initial population remains unchanged, each simulation run may be thought of as

being exchangeable with any oth@8). However, the conditions under which simulation

based approaches like MSMs provide meaningful estimates of causeatisedire not well

understood(98). Similarities between MSMs and thdaymula have been noted previously

(99) but there are several key differences which arise from their distinct historical evolutions,

which are outlined in the next section.

In Chapter 6, we use DAGs to represent the microsinmatiodelling process, and conduct a
simulation to demonstrate the relative importance of faithfully modelling dgémerating
processes using microsimulation compared to tHemnula.

3.5 A critical comparison of statistical versus individdb&sed simulation
methods for causal inference

Statistical, regressied @ SR | LILINR I OKS & (i 2 -in@imdardgfessiany T SNBy O

Y2RStft Ay3Q0 OdzNNByifeé R2YAYF({S SLARSYA2f23AC0

calls for a more pluralistic approach in tfield (8, 90, 91) many of them premised on the

argument that there are numerous causal scenarios which do not lend themselves to statistical

analysis. Many authors haveotJ2 8 SR Y2NB 6ARSALINBIR | RRALWGAZ2Y

100-104) a somewhat nebulous term for a group of methods that haysed to study the

nature of systems. In particular, several authors have identified indivigasdd simulation

methods as promising tools for causal inference in complex systems, as they provide a

framework for the simulation of counterfactual86, 98, 104)Microsimulation modelling

(discussed previously in Sectidrt.3 is one such method; agebtsed modelling is another,

which is methodologically and conceptually similar to microsimulation but notably features

interactionsamongst individual§3).
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Microsimulation and agenbased modelling are historically distinct, but both have roots in
cellular automatg105) which first emerged in the 1940s and involve simulating the evolution
of a collection of coloured cells within a griddascrete time steps, in accordance with a set of
rules based on the states of neighbouring cells. From this, MSMs and-agssd models
(ABMs) evolved separately as more complex simulation methods. While both methods have
been in use for approximately ¢hlast half century, with Orcutt, G.H. (106yequently

credited as one of the founding fathers of the field of microsimulation &dlelling, T.C. (107)
for agentbased modelling, the vast increases in computing power ushered inH®ydage of
technology has rendered early implementations virtually unrecognisable in comparison to
their modern counterparts (e.108111).

Here, we offer a brief comparison of statistical and indivichasedsimulation approaches for
causal inference. Though this thesis does not explicitly consider ABMs, their methodological
and conceptual similarities with MSMs, and their ability to accommodate and model time
dependent confounding, nevertheless make themeputally important tools for causal
inference.

Hernan, M.A. (112)rovides a useful commentary on DA@sed regression modelling and
agentbased modelling, in which he frames their differences in terms of their relative reliance
on data versus theory and thus reflecting the relative value placed on data and theory within
the disciplines in which they are tigally used. This distinction is elaborated on in the
following subsection @5.1), in which we also consider the place of microsimulation
modelling. We also disca$ow the separate evolutions of DAG@sed regression modelling,
microsimulation modelling, and agebtised modelling have shaped the types of causal
questions for which they are wedlited to evaluating @5.2), their focus on fixed versus
random effects (8.5.3, and the timescales and timeframes upon which they generally
operate (8.5.4).

3.5.1The relative importance of theory versus data

Epidemiology; though arguably a social sciengéas historically been associated with the

field of medicine. Consequently, it has tended to direct greater focus towards causal questions
that lend themselves to experimentatiqd12) Even when such experimentation is infeasible,
large quantities of observational, individdalel data are collected and statistical methods

(e.g. regressn models) are employed with the aim of mathematically controlling for those
factors which would typically be controlled via experimental manipulafidre recent

advancesn graphical mdel theory haveprovidedthe theoretical foundatios for causal data
analysis that hadhistorically been lacking, but it nevertheless remains that epidemiology is a
data-loving science.

In contrast, disciplines such as sociology and psychology, for example, tend to be interested in
answering broader, more theomyriven questions. These often relate to phenomena for which
data do not exist or may be difficult to measure or quantify (e.g. social norms); the theory
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driven, hypothesisand datagenerative nature of ABMs make them more suitable for
modelling in such contexts.

Economicsg the primary realm of MSMs falls somewhere in between; indeed, the discipline
has shown a degree of willingness to embrace graphical rHzakdd methods (e.qg.
instrumental variable analys{(¢13).

3.5.2Research questions considered

The minimisation (albeit not elimination) of theory in the field of epidemiology has
necessitated addressing narrower causal quest{d@i®) and this is the context in which DAGs
have been employed and in which the majority of methodological work is ongoing (e.g.
VanderWeele, T.J. (48hdBurgess, St al.(114). In contrast, the theorgriven, hypothesis
and datagenerative nature of ABMs make them more suitable for modelling more albstrac
phenomena.

To illustrate how use of the methods differs, we can consider obesity as a casé&tudy.
Table3.1 provides a sample of the stated research objectivegpitdilished studies which have
examined obesity using DAGformed regression modelling, microsimulation modelling, and
agentbased modelling.

12 This context has been chosen because the obesity epidemic has previously been characterised as
containing many features of a complex systgth, 100, 115and many elements from a wide
variety of disciplines (e.g. biology, social policy, economics, psyshaeggraphy, etc.); it
therefore offers an ideal context for comparing the methods of interest. However, the analysis that
follows is applicable to many other contexts.
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Table3.1 A sample of the stated research objectives for publishaéddies which have

examined obesity using DA{Bformed regression modelling, microsimulation modelling, and

agentbased modelling

of obesity and smoking on all
cause mortality and investigate
whether there were additive or
Ydzf GALX AOI GADS
(116}

WX G2 SadAavylrds
causal effects of body mass

iyRSE wX8 | yR U
2y OdzZNNB y @17 a i
WX G2 &addzRe - 4K

related anthropometrics,
changes in BMI SDS [standard
deviation score] and physical
activity at different ages in
childhood are associated with
atopic disease by late

OKAf REBR RdQ

WX G2 SadigexlriskS
of CHD [coronary heart diseast
under several hypothetical

g SAIKG f 2 aBEL9Ya

WX wi2 SaItdz i
associations between earlife
POP [persistent organic
pollutant] exposures and body
YI&aa AYRSEXQ
WX G2 raasSaa
of anthropometric parameters
in the relation of education and
inflammationini KS St R
(121)

WX G2 SEFYAYS
contribution of obesity
measures to adenoma risk by
NI G223 Q

DAGinformed Microsimulation Agentbased
regression modelling modelling modelling
WX G2 SadAYIFIGSwx G2 SadlofAaawez SELX 2NB (K

week referral to an opefgroup
weightmanagement
programme wouldachieve
greater weight loss and
improvements in a range of
health outcomes and be more
costeffective than the current

practice of 126 SS{ NX ¥
(123)
wxi2 SadAavyras

impact of the [tpesoper-litre]
tax [on sugar sweetened
beverages] on body weight ang
on the prevalence of
overweight, obesity and
RAIFIoSGSa (4 aS$§

WXi2 Sadi Yicadie
intake and physical activity
necessary to achieve the
Healthy People 2020 objective
of reducing adult obesity
prevalence from 33.9% to

0N OEL25p Q

we 2 | aa Sty ofi K S
gastric bypass versus usual ca
for patients with severe obesity

Ay { @BEpY ®Q

we2 yrfeas
effectiveness of bariatric
surgery in severely obese (BM
X 0 p 2 hddlis Who have
RAI 0 %12BadQ

i K

We2 SadAyYlrasS i
three federal policies on
childhood obesity prevalence i
2032, after 20 years of
AYLX SYSy128) G A 2

we¢2 RSUGSNN¥AYS
effectiveness of gastric ina
surgery in overweight but not
obese people who receive

ad0F yRFNR RIRY S

economic segregation can hav
in creating income differences
in healthy eating and to exploré
policy levers that may be
appropriate for countering
AyO2YS RAaLILN

WX wi2 02 YL} NB
targeting antiobesity
interventions at the most
connected individuals in a
network with those targeting
AYRAQGARdzF f(&831)F G

WX w26 aAiydl
media and nutrition education
campaign strengthening
positive social norms about
food consumption may
potentially increase the
proportion of the population
who consune two or more
servings of fruits and

pS3Sil ot Sa LISN
(132)
WX oi2 SELX 2NB

policy that improved the quality
of neighborhood schools in
reducing ra@l disparities in
obesityrelated behaviour and
the dependence of this effect
on social network influence an

Yy 2 NX183p Q

WX (2 SEI YAYSY,
social norms on school
OKAf RNByQa
and \egetable (FV)
consumption, and b) the effect
of misperceptions of social
Yy2N¥Ya 2y | {
INE g(h3K)P Q

.alL

OK|

wxidz2 SEIFYAYS i
different policies on unhealthy
SFriAy3 o8BI OA 2

In the first column (DAt formed regression modellindy, pdébotes use of a-method.
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Examination ofrable3.1 demonstrates several important distinctions, and also provides
SPGARSYOS (2 {lda)dbdrXdion th& Na@hfofnied regression modelling and
agentbased modelling exist along a spectrum according to the relative weights given to data
and theory, with microsimulation modelling providing a bridge between the two.

Theresearch questions addressed by Diafarmed regression modelling tend to be framed in

terms of estimating the effect of gpecific factoon a subsequenbutcome The concept of
AYGSNIBSYyGA2y A& 2F0Sy AYLXAOAG Ay GKSasS |yl f
toearlyf AFS LISNBAAGSYG 2NHIYAO LRt fKarsen2Wetal. K2 g ¢
(120), but may alsde explicit, as ilDanaei, G. et al. (119n fact, the example dfarlsen, M.

et al. (120)silluminating due to its use of thefgrmula, which shares certain similarities with
microsimulation(99).

Researchers using microsimulation modelling tend to exclusively focus on estimating the effect
of aspecific policy or interventiamn a subsequent outcome and, often, determigiits cost
effectivenesg136, 137) Inherent in and integral to these analyses are specific comparisons
between alternative intervention programmes, asdristensen, A.H. et gl128)

This explicit evaluation of interventions crosses over to adpased modelling, with several

stated research objectives in the third columnlaible3.1 referring to specific hypothetical

policy interventions. However, unique to agdmsed modelling analyses is their exploration

of social phenomena (e.g. economic segregation, asighindoss, A.H. et al. (130and social
norms, as irLi, Y. et al. (132)n the simulation framework. Ageitb-agent interactions often
giveriseto B G SNJ O2YLIX SEAGE@T LINRRdzOAYy 3 K@A3BKE & y2y
consequently, ABMs are lesgited than MSMs to producing the detailed predictions often
required by economists and policymakers, but arguably nsotieed to modelling naturally
complex social phenomena. Thus, although they share considerable overlap methodologically,
microsimulationand agertbased modelling are distinct in their underlying purposes and
practical utility.

3.5.3Focus on fixed versus random effects

A natural consequence of using DA&®rmed regression models is that greater focus is

directed towards modelling meanstrutSa ' yR SadAYlFGAy3 YSIFy 062N
evaluating distributional properties and patterns of variation. Although DAGs describe causal
processes that could potentially manifest in infinitely many parametric ways, the use of

regression modelt interrogate causal questions and identify (average) causal effects makes

focus on the distributional properties of the variables of interest effectively redundant.

However, there are myriad determinants of health and disegparticularly social one€l04)
CHKAOK 2LISNIGS 2y Ylye tS@gSta FLyR Ay O2YLX SE
(possibly arising from individual interactigrare of equal if not greater importance than the
WFAESRQ 2yS&ad {dzOK RSGSNXAYylIyda YlIé& 0SS 2F 3N
modelling is limited in the insights it can proviiiéo the potential complexity of random
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structures that conta spillover effects and interferenc€onsequently, causal questions
involving such complexities have tended to be relegated to the social sciences, in which
greater emphasis is placed on theory as opposed to data.

ABMs are theoretically very differentoim their statistical counterparts. As recognised by

Oakes, J.M. (139bhe outcome of interest is primarily the process by which group phenomena
emerge. In other words, thémicro-)simulated processes of ABMs give rise to patterns and
properties of a system; mean effects may be eventually derived, but the primary focus is on
conceptualising and modelling the system as a whole, and how indiadeakcyand
heterogeneityinteract to give rise to aggregate patterns. Although ABMs have seen some use

in epidemiology, this has largely been confined to the study of infectious disE€b&2$43), in

such situations, there exist clear transmission mechanisms via individualatiéers(144)and

it is widely recognised that the effects of thosgaractions are a fundamental part of the

causal mechanism and thus cannot be overloofs). Although the random effects arising

from agentto-agent interactions in ABMs are absent in MSMs, individuals remain the central
focus of MSMs rather than average patterns. Indgedntroducing the method of
microsimulationOrcutt, G.H. (108)  YSY G SR G KIF i WOdzNétdhgic Y2 RSt &
aeadsSy 2yte LINBRAOG 3aNBIALGSa | yRdividuaht (2 L
level focus allow for the analysis of heterogeneity and distributional properties that might be
masked by approaches considering only mean eff@d@d86, 145)

3.5.4Timescales and timeframes modelled

MSMs and ABMs tend to model much smaller timescales (e.g. days, weeks, months) than do
statistical models becausedke are closer to the timescales upon which human behaviour and
interactions generally operate, and upon which the effects of policy interventions might be
realised. For ABMs in particular, in which agenagent interactions are integral to the causal
processes operating (e.g. for infectious diseases), modelling geolocation with high frequency is
essential. Abstraction to larger scales has the potential to miss out on the complexity that
these models seek to explore and/or explain; moreover, becauseateyot as limited by

data availability, they are able to explore phenomena in finer granularity when the context
requires it. Although DABased regression models are theoretically able to model such small
timescales, their reliance on data (which haddrisally tended to be collected infrequently, as

in cohort studies) limits this in practice.

Additionally, because DAsed regression models are reliant upon a single dataset, they
exclusively model past events; the counterfactuals represent thoughgrarents about what
would have happeneldad some condition been different. Although public health and
epidemiological are generally interested in intervening to alter future health states;li28&
regression methods do not explicitly model thitheir results must be extrapolated to infer
what would happen in the future. In contrast, MSMs and ABMs may be used to model both
past and future events by utilising and synthesising historical data and estimates to make
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decisions about hypothetical future intezations; indeed, estimating the future impact of
potential policy interventions has historically been fundamental to the utility of these methods
(136, 145, 146)

3.6 Summary

DAGs may be combined with parametric assumptansut datagenerating processes in
order to estimate counterfactual quantities in neandomised contexts. Typically, this is
achieved through regression modelling, which is a methodological cornerstone of
epidemiological causal inference. DAGs also hélitywas conceptual tools, and have provided
clarity in understanding phenomena such as collider bias. However, there are many
established methods for causal analysisoth statistical and simulatiohasedc which have
not been considered in the framewlonf DAGs. Individudlased simulation methods are
fundamentally distinct from statistical regressibased methods, despite both being able to
evaluate counterfactual quantities; these methodological differences arise from their
evolution across separatesearch domaindn the remainder of this thesis, the integration of
DAGs with both statisticadnd simulatiorbased methods will be explored, and the utility of
using DAGs to consider causal questions across different longitudinal scenarios will be
demonstrated.
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Chapter 4
The analysis of change

4.1 Introduction

Studies of change are a foundation for much of health research. A common target of enquiry
involves quantifying the effect of a single exposurechangein a timevarying outcome (e.g.

Y| 29 Ref DEUSNAR I TFSOG OKIPrelids méthpdolodical BseardtiNS & & dz
involving questions of this kind has exclusively focused on experimental contexts. However,
FylFfeasSa 2F WOKIy3aSQ | NB RSOS laldatadGriedfth®2 Y LI SE
most commorrx;, yet poorly understood; challenges stems from the use and interpretation of
WOKIFy3dS a02NBaqQo

Chapter 4considers the analysis of change within a formal causal framework . Although

studies of change are extremely commolme tconcept of change and, indeed, the use of a

change score as a measure of chagdms received relatively limited consideration in this
FNIYSH2Nl ® ¢2 GKA& SYyRX ¢S dzaS 5! Da (2 O2yaai
the definition of chang that is of greatest utility for causal analysis and which we demonstrate

isnot isolated by the construction of a change score. We also demonstrate the utility of using

DAGs to consider the different causal structures that might arise in the analy$iarge. This

allows us to draw conclusions about the analytical strategies most appropriate for analysing
change, and highlights the importance of defining the most meaningful estimand according to

the causal structure under consideration.

4.1.1 Chapter ovenew

A general chapter overview is provided below.

In Sectiord.2, we introduce the example context that will be considered throughout the
remainder d the chapter, and define the changeore analysis €2.1) and the followup
adjusted for baseline analysis4(8.2 in this context. Additionally, we briefly review historical
perspectives on the contradictory results that these methods may providi@ (3.

In Sectiord.3, we argue that the estimand targeted by a chaisgere analgis is not useful for

causal analyses, nor meaningful in most circumstances.

In Sectiord.4, we use DAGs to consider the analysis of change. We consider three distinct
causal structures that may arise, and usepath tracing to demonstrate the degree of
discordance that may arise tveeen a changescore analysis and a follewp adjusted for
baseline analysis in each context.
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In Sectiord.5, we argue that adjusting for the baseaiexposure (as in a folleup adjusted for
baseline analysis) is not always appropriate, and that an unadjusted estimate may be preferred
in certain scenarios.

In Sectiord.6, we emphasise the importance of defining the most useful estimand on a case
by-case basis. We also present a simple simulation to illustrate the degree of inferential bias
that might be introduced by a changeore analysis, andtemphasise the utility of using

DAGs to determine correct adjustment.

InSectiod. 72 S SEFYAYS [2NRQA& t | NI R2Alysi$.KNR dz3 K K

In Sectiord.8, we compare our results with those from two previous attempts to examine the
analysis of change using DAGs, and explain ffereices and disagreements.

In Sectiord.9, we discuss the implications of our analyses.

4.1.2Related publications

This chapter contains work conductgiintly and based on the following piarint:

Tennant, PW.GAmold, KFZ 9ff Ada2ys Dd¢dl & | yR DAf G§K2NLIS:
do not estimate causal effects in observational d&eXiv eprints: 1907.027642019.(4)13

42aSUK2Ra F2NJ SadAaAyYrdaAy3a GKS SFFSOI
in an outcome

Throughout, we consider a baseline exposiren relation to an outcomey, which is
measured once at baseline (i®) and once at followup (i.e.®).

Historically, the issue of estimating the effecttof2 y W O K dhasbedd fraimgd in the

O2y G SEG 27T I-REedBEMYE RR2MNI SINBWEDBherethedespdsars Sy 3 N,
@ represents a manipulable treatment. For examptegdetermining the effect of Ramipril (i.e.

@) on blood pressure (i.€)), we would want to be certain that any effect we find is not

simply the result of differences lmaselineblood pressure (i.e0) between those who

received the drug and thosehw did not. In other words, we would want to be certain that the

effect is notconfounded

In the following subsections, we describe two primary methods for analysing the efféct of
2y  WOK® ¢rd Briefly feylew historical perspectives on theagently contradictory
answers that the methods provide.

13 This manuscript was originally submittedtte International Journal of Epidemiolpgn 5 July 2019,
GKSNBE A0 NBOSAGSR I RSOAAAZ2Y 2F WNBOAAS | yR NEB.
in line with reviewer comments.
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4.2.1 Changescore analysis

Achangescore analysisittempts to adjust for the confounding effects @f via offsetting
(148) i.e. by subtracting the baseline outcome from the follop; as iY&® @& &.14The
effectof®d 2 y WO K Wig'tAUS éxtinfatgd by constructing a regression model of the form:

Yo | IO Equation4.1

In this formulation| represents the effect of interest the estimated effect oty on Y&

4.2.2 Followup adjusted for baseline analysis

Afollow-up adjusted for baseline analysatempts to adjust for the confounding effects @f
viablockingor conditioning(148) i.e. by examining the association betwa®dnand @ within
levels ofty. The effectofy 2 y WO K dig'tAUS €stinflatgd by constructing a regression
model of the form:

W fFd 1T ® Equation4.2

In this formulationf represents the effect of interestthe estimated effect ofd on®,
controlling for the effect ofo on®.

We note that a followup adjusted for baseline analysis is also commonly referred to as an
analysis otovariance (ANCOV2, 152)

4.2.3Discordance between methods and summary of previous literature

It is widely recognised that imndomisedccontexts (i.e. where theorrelation betweerty and

 is zero), both methods of analysis lead to the same, unbiased conclusions (ile. that )

(92, 150, 153)However, imonrandomisedd2 y i SEG &> G(KS (62 YSiK2Ra
NBadqei alQy R GKSNB SErAada tAGGES O2yalSyadsa &
paradox centres around this very issue and the lack of an obviously correct gisiier

Maris, E. (154Wainer, H. (155)andWainer, H. and L.M. Brown (15&jamine both methods

Ay GKS O2yGSEG 2F [2NRQ& LI N}R2E FYyR (KS LR
method makes untestable assumptions about unobserved counterfactuals and thucftiem

impossible to determine which method is be#{ainer, H. (155additionally highlights that

both methods may be used to make correetscriptived G F 6 SYSy tdasx odzi GKF G
causal inferences that naturally follow from each of these descriptive statements will all

depend on different untestable assumpty” a ® Q

Allison, P.D. (158xplains that regression to the mean implies thatwill usually be

negatively correlated wh the change scor¥® & &, and consequently any variable (e.g.
&) that is correlated withid will have a spurious negative relationship wié; however, he
goes on to argue that a changeore analysis is superior to a follayw adjusted for baseline

“Hyora GeLAOFffe NBFSNNBR (G2 & + WOKIy3aS a02NBQ:s
uma OKIFLIISNXY® |1 26S@PSNE OKIFy3aS a02NBa KIF@S |t iGS|
402 MBOEQ W3 AW48,4%Mp NBYR WOKIIH)S @I NAIFof SaQ
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analysis wheiio is temporally subsequentt®d YR dzy O2 NNBf F i SR gAGK (K
component ofw . Van Breukelen, G.J.P. (22knowledges that in randomised contexts both

methods are unbiased but that a follewp adjusted for baseline analysis has more power;

however, h nonrandomised contexts, achangeO2 NB |y f @aia WwWasSsSyvya S
Senn, S. (152hows that baseline randomisation is not a necessary condition to estimate an
unbiased effect o> using a followup adjusted for baseline analysis; he also argues that

although there may be situations in which dldav-up adjusted for baseline analysis is biased,

a changescore analysis is also likely to be biased in such situat@msbach, L.J. and L. Furby
(150002 y Of dzRS S@Sy Y2NB ofdzyidte OGKIG WOOKIy3Se
YIe 0S IR2dzaGSR 2NJ NEFAYSR®Q

Notably, a few authors have sought to examine the analysis of change&iag, but

unfortunately their conclusions are equally divergent as those of their predeces$agraour,

M.M. et al.(158)focus on the role of measurement error and argue that foliggvadjusted

for baseline analyses are likely to result in bias where measuremeniarmef unreliable or
unstable!®Kim, Y. and P.M. Steiner (148Yyue that changecore analyses are immune to the
potentially adverse effects of measurement erroiin bias amplification, and collider bias

because they do not account far by enditioning (as in follovwp adjusted for baseline

analyses). Howeveghahar, E. and D.J. Shahar (I6&)ys exclusively on change scores, and

O2y Of dzZRS GKI G OKIy3aS &a02NXa | N#irechcaugdsiandl do¥ R S NA
y2i OFdzasS |yedKAYy3IT O2yaSldsSyiaftes GKS I dziK2N
AYGSNBaGdQ 2SS gAftf NB d.8z2Mre wiedeexaiedh8ir I dzi K2 NAR A
conclusions in light of our own analyses.

4.3 Considering change in a formal causal framework

Although studies of change are extremely common in health research, the use of change

scores has received relatiydimited consideration within a formal causal framework. Here,

we use DAGs to argue that the estimand targeted by a changee analysis is not useful for
Oldzalf FylrfteasSas y2NI YSIYyAy3IAFdzZ Ay Yz2aild OAND
fundamentally déined by the followup outcome only, and because change scores do not

represent exogenous changdhe concept of change most useful from a causal perspective. In

the following subsections, we elaborate on these two arguments.

4.3.1Change is fundamentallgefined by the followup outcome

We firstarguell K I G WOK I y 3 S Materkt édoncepy/thatizgdarS godiasdine and only
becomes manifest when the pointof folleszL) A & FAESR® Ly 23GKSNJ 62 NR
occurs in a variable after the basadinannot be defined until the point of followp is chosen.

15We note thatGlymour, M.M. et al. (158)ctually compare a changeeore analysis with a change
scoreadjusted for baselinanalysis, i.eEquation4.1 in which the baseline outcom® is
additionally inclued as a covariate. However, this is formally equivalent to a fellpwadjusted
for baseline analysid 53)
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¢KdzAX GKS 02y OSLIi 27T vtinkhe Jolo®up vakiable dhyZhis @ Sy OF L
indicates that the followup outcome is what should be the true target of any analysis of

change. Inded, this is most evident in the context of RCTs, in which baseline randomisation

allows for fruitful comparison of average follewp outcomes between groups.

4.3.2 Change scores do not represent exogenous change

The concept oéxogenoushangeis of greatest utity for causal analysis and, as we will
demonstrate, this is the quantity targeted by follawp adjusted for baseline analyses.

To illustrate the concept and utility of exogenous change, we could consider «gimiag

variable like weight, which is meared at the beginning and the end of a given year in a

sample of adults. While there may be limited utilityssimmarisinghe change that has

occurred over the course of the year, from a causal perspective we are most likely interested

in is the part othat change which can hypothetically beodifiedby a targeted intervention.

| 26 SOSNE S OK AYRAGARIZ £t Qa ¢SAIKG G GKS SyR
determinedby his/her weight at the beginning of the year; that part of weight at the end of

the year is therefore not modifiable and not of interest from a causal perspective. Instead, we
should be interested in the part of weight at the end of the year whichrisabeen

determined, i.e. the part which is exogenous.

Exogenous change is the structural (i.e.mandom) part of the followup outcome which has

not been determined at baseline, and thus may potentially be modified by intervention. This is
depicted inFigure4.1, in which the followup valuesi are partly determined by baseline

values (in orange), with the remainder determined by random featutegin yellow) plus
exogenous changé (in blue). Here{ represents all nomandom change idthat is not
determined by, and thus the concept of exogenous change can be considered an average of
all the processesia © .
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Figure4.1 DAG depicting the relationship between two measurements of a longitudinal
variablel (i.e.L andLl ) and their difference (i.,e¥L L L) where exogenous changge
(i.e. ) exists after baseline

L

o
v ¥
o<

The followup outcomew is partly determined by the baseliae (in orange), with the

remainder determined by random featur¥s (in yellow) plus exogenous change(in blue).
Construction of the change scdfédoes not isolate exogenous changedese it conflates
information fromé with &, whereasd is fundamentally defined by. Note that the use of
colours in DAGs is not commonplace, but we have introduced them here to aid understanding.

FromFigure4.1, it is clear that construction of the change sc¥i®does not isolate
exogenous change (i.6., in blue), since a change score represents an arbitrary linear
combination ofo and®. Instead® is isolated byconditioning awayhe part of® that is
determined byt (in orange). This is the quantity targeted by a foHopvadjusted for baseline
analysis (i.e. the effect @ on &, conditional on®).

4.4 Understanding analyses of change using DAGs

We now use DAGs to consider why (and the degree to which) a cisange analysis might

differ from a followup adjusted for baseline analysis. Because the majority of past research
focussing on the analysis diange has done so in axperimentakontext, the issue of
temporalityhas been masked. In experimental contexts, the baseline outdomeay

reasonably be assumed to occur before or at the time of the expasurbut this cannot be
assumed to hold inlmservational contexts. To this end, we use DAGSs to consider three distinct
potential causal structures that might arise in analyses of change:

Scenario 1:® and® are causally unrelated 484.1).
Scenario 2:® is caused by (84.4.2.
Scenario 3:® causexw (84.4.3.

Because both the changeeore analysis and folloup adjusted for baseline analysis are based
on linear regression, we depict each scenario as a path dia(an36) A path diagram is a
(linearly) parametric DAG, in which a single coefficient is assignackty arc and all variables
are constrained to have a variance of one. Throughout, we use the notatioto represent

the coefficient of the arrowid©
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For each scenario, we are then able to use simple path tracing(@8e86)o identify the

effect estimand for each method. We illustrate that the degree of discordance between a
changescore analysis (i.&quationd.1) and a followup adjusted for baseline analysis (i.e.
Equationd.2) depends on both the strength and nature of the relationship between the

baseline exposuré and the baseline outcomé . Specifically, we show that although both
methods purportedly estimz the effect of the baseline exposuée 2 Yy WOKO WieEQ Ay
there exists a causal relationship betwenand the baseline outcomé (i.e. in non

randomised settings), the two methods of analysis target different estimands.

Note that in all scearios, we do not depict any direct causal relationship betwéeand Y6
This is becaus¥®is a mathematicallgeterminedvariable, and thugd cannot have any
effect onY&independent of its effects on the separate componedtsnd/or &. Thereis
historical precedence this depictigfi7)and it is theoretically justified by the results $hahar,
E. and D.J. Shahar (15Throughout, deterministic relationships are indicated by dolinled
arrows, and fully determined nodes are indicated loydle-outlined rectangles.

4.4.1Scenario 12 and4d are causally unrelated

In Scenario 1, the baseline outcomleA & | WO2YLISGAYy I SELAE dZNBQ T2
(Figure4.2). This is equivalent to a large, wedinducted randomised controlled trial, in which
randomisation ensures that there exists no association between the expasward the

baseline outcomé. In this scenario, both methods of analysis target the same causal

association (i.e. théotal causal effecof ® on®).

Figure4.2 Path diagram representing the hypothesised datgnerating proces$or an
exposure== measured once at baseline (i.& ) and two measurements of a longitudinal
outcome< (i.e.d andd ), whereL andl are causally unrelated

Py,vy

Yo

v
o<

Y
h
—1 7y

X, AY

The exposuré is measured once at baseline, and the outcabie measured once at baseline
(&) and once at followup ). The changscoreY®is constructed frond .

The changescore analysis targets the total association betwéermnd Yé. In this scenario,
the total association betweet andY®isequal to thecausalassociatiom)  (Table4.1),

and thus a changscore analysis will provide an unbiased estimate of the total causal effect of
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& on Y& Moreover, baseline randomisation ensures that the effeabobn Y®is in fact
equal to the total causal effect 6§ on only.

The followup adjusted for baseline analysis targets the total association betweemd®.
As in the chage-score analysis, this is equal to tbausalassociation betweed and®
(Table4.1).

Thus, both the changscore analysis and the folleup adjwsted for baseline analysis estimate
the total causal effecof ® on®.

Table4.1 Total association betweer= and each oyl andl , subdivided into causal and
confounding associations, for the path diagram depictedrigure4.2

Outcome Path Association size Total association
3 Causal: OO MO YO n P ‘
Y@ n
Confounding: n/a n/a
Causal: AN n
() n
Confounding: n/a n/a

4.4.2 Scenario 2= is caused byl

In Scenario 2, the baseline outcome is a confounder of the effabt oh & (Figure4.3). Here,
the changescore analysis and folloup adjusted for baseline analysis target different
estimands, and thus their results will drge; the magnitude of this divergence is dependent
upon the strength of the relationship between on ®.

Figure4.3 Path diagram representing the hypothesised dadgenerating process for an
exposureZ measured once at baseline (i.& ) and two measurements of a longitudinal
outcomed (i.e.L andLl ), whereL is caused byt

Py,r,
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The exposure is measured once at baseline, and the outconie measured once at baseline
(®) and once afollow-up ). The changscoreY®is constructed frond  ®.

The changescore analysis targets the total association betwéerand ¥é, which is)
n 39 n (Table4.2). However, in this scenario, the total association comprises both
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causaland confoundingassociations, and thus the changeore analysis targets an estimand
which is difficultg if not impossibleg to interpret causally.

In contrast, the followup adjusted for baseline analysis targetdythe causal association
between® and®, whichisy  (Table4.2), since adjusting faid closes the confounding

path®d N @ © ®.

Thus, where the baseline outconigis a confounder for the effect @ on®, the effects
targeted by the changscore analysis and the follewp adjusted for baseline analysis are
expected to differ by) N p . As the causal effect 6§ on® strengthens (i.e. as
n increases), the magnitude of this differee will increase. Only under two specific
circumstances are the two methods of analyses expected to agree:

1. Where® and® are uncorrelated, such tha TT, or
2. Where® and® are perfectly correlated, such that p T

We note that the fist circumstance corresponds to the randomised experimental setting (i.e.
Scenario 1), whereas the second corresponds to a setting in whihd @ are related
deterministically.

Table4.2 Total associatia between=< and each oyl andl , subdivided into causal and
confounding associations, for the path diagram depictedrigure4.3

Outcome Path Association size Total association
3 Causal: 0 O MO Yy n
Yoo nooon 9
Confounding: @ N @O dOo ¥y n ;( p |
O N OO YO n J2p
Causal: AN n ‘
» . . n n <N
Confounding: & N O O & n &N

4.4.3Scenario 3% causesl

In Scenario 3, the baseline outcome is a mediator of the effeét oh & (Figure4.4). As in
the previous scenario, the changeore analysis and folleup adjusted for baseline analysis
target different effects, and consequently their results will diverge according to teagtn of
the relationship betweermd on®.
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Figure4.4 Path diagram representing the hypothesised dadgenerating process for an
exposure<= measured once at baseline (i.& ) and two measurements of bngitudinal
outcomeL (i.e.L andLl ), whereL causesl
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The exposure is measured once at baseline, and the outconie measured once at baseline
(&) and once at followup ). The changscoreY®is constructed frond .

The changescore analysis targets the total association betwéermnd Y This association
comprises the total causal effect @ on @ (i.e.n n 3} )inaddition the biasing
component 1}  thatis introduced by the construction of the chargeore Table4.3).

The followup adjusted for baseline analysis targets only directcausal asociation between
@ and®, which is (Tabled.3), since adjusting for the baseline outcome closes the

indirect causal patid © @ ©° .

Thus, where the baseline outcomg is a mediator for the effect add on ®, the effects

targeted by the changscore analysis and the follewp adjusted for baseline analysis are
expected to differ by) on p . As the causal effect 6§ on @ strengthens (i.e. as
N increases), the magnitude of this difference will increase. Only under two specific

circumstances are the two methods of analyses expected to agree:

1. Where® and® are uncorrelated, such tha 1T, or
2. Where® and® are perfectly correlated, such that p T

The first condition corresponds to the randomised experimental setting (i.e. Scenario 1),
whereas the second corresponds to a setting in wiichnd® are related deterministically.
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Table4.3 Total association betweer= and each oyl andl , subdivided into causal and
confounding associations, for the path diagram depictedrigure4.4

Outcome Path Association size Total association
Causal: M O MO Y n
. @omomoYo n N P g nood)
Yw \
ARCINICIA no Op L
Confounding: n/a
Causal: W o0 n
& B Do N AN
Confounding: n/a n/a

4.5 Followup adjusted for baseline analyses are not always the best
solution for the analysis of change

In the previous sections, we have argued that change scores are of limited utility for causal
analyses (8.3) and demonstrated why changeeore analyses Widiffer from followup
adjusted for baseline analyses in aandomised scenarios 4&4).

It may thus be tempting to conclude that follewp adjused for baseline analyses represent

the best solution for analyses of change in observational (i.esrandomised) scenarios, as

has been concluded previously by several autlips®, 152) However, such a general

conclusion is unwarranted for two reasons, both of which stem feofailure to consider

situations in which the exposure causes the baseline outconae (i.e. Scenario 3). In such

situations, a followup adjusted for baseline analysis targets theect effectof & on @ only.

However, estimation of direct effects is notoriously difficult using standard regression methods

due to their potential susceptibility to collider biéE59) Moreover, the direct effect is itself

arguably less useful than thetal effectA y & dzOK &aAdGdz- A2y az @A OK Ol
upunadjustedf 2 NJ 0 &St AYySQ Fylfeéarao

We detail these two issues in greater detail in the following subsections.

4.5.1The issue of collider bias in the analysis of change

Where the exposuré causes the baseline outconde (i.e. Scenario 3), conditionirn &
implies conditioning on enediator, which can introduce collider bias if there exist unknown
and/or unmeasured common causes@fand®. Although we purposely omitted confounders
in our simplified example scenariog(8), in reality there are likely to be numerous common
causes ofv and® since they represent the same variable measured at different times.

To illustrate briefly, we conder the scenario depicted iRigure4.5, in which® is a mediator
for the effect ofcd on ¢ and there exists a latent variabfwhich confoundshe relationship
between® and®. Here, adjusting fo (as in a followup adjusted for baseline analysis)
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creates a spurious association betwebnand® via the open patitd © & N "YO . This
path could be closed by additionally conditioning™drbut this is impossible by definition
becaus€Yis unobserved.

Figure4.5 DAG representing the hypothesised daggenerating process for an exposu#e
measured once at baseline (i.€ ), two measurements of a longitudinal outcomé (i.e. L
and- ), and one unobserved/latent variable-

X, ‘

[t
No
Q¢

In the setting of mediation amgses, YA & FNBIj dzSy (1 f &8 NB-FuBNMNE R
02y T 2 {x§oRsidedRconfounds the relationship between the mediatordi)eand the
outcome (i.e®).

4.5.2 Followup unadjustedfor baseline analysis

Not only are direct effects more difficult to estimate in situations where theosype®

causes the baseline outcondg, they are arguably less useful. The experimental context is

unique for ensuring tha is measured at or before the time &f (as in Scenarios 1 and 2,
respectively), thereby ensuring that all changeeihat are caused by are fully realised by

the effect ofé®d on the followup outcome®. In other words, the experimental setting ensures

that the effect of® on exogenous change dbis equal to the total causal effect Gf on .

Indeed, this is underlined b§enn, S. (152vho arguesth i W2y S &K2dzZ R T2 Odza
G2dzi02YSa¢ a 0SAy3a (GKS 2yfe @FfdzSa AyFfdzsSyO
However, whergd causesv (i.e. Scenario 3), the effects of an intervention targetingwill

be realised via its effects doth & and®. In this casea follow-up unadjustedfor baseline

analysis may be more appropriate, as in:

®w T ) Equation4.3

In this formulation] represents the effect of interesg the total causal effecof ® on .

4.6 The importance of defining the most useful estimand
I Weizgfls-k £ £ Q | LILINBF OK (2 GKS Fylfeara 2F OKI y:
fails to consider the potential causal structures which exist. While chaoge analyses
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should be avoided in nerandomised contexts, the decision of whether to adjust for the
baseline outcome (i.@) when analysing effect of the exposure (i) the followup
outcome (i.e®) should be informed by the context under consideration.

When the baseline outcomé causesb (i.e. Scenario 2), a folloup adjustedfor baseline
analysis should be conducted, siribeés aconfounderfor the total effect of®d on .

However, when the baseline outcondg is instead caused b (i.e. Scenario 3), adjusting for
o targets thedirecteffect only. This effect may be useful in some contexts, including where
the exposured is immutable and/or cannot hypothetically be targeted for intervention;
however, estimation of this effect lkely to involve additional difficulties when there are
unmeasured and/or unobserved common causes)adnd® (as outlined in Sectiof.5.1).

Thus, it might alternately be determined that thetal effect ofé& on & is a more useful
estimand, in which case adjustment for the baselinés unwarranted.

Across all contexts, using DAGs to consider the causal structures involved can helfyto cla
these issues and to identify appropriate adjustment to target the most useful estimand. To this
end, we present a simple simulated example in the following subsection.

4.6.1 Simulated example

To illustrate the degree of inferential bias that might be innodd by a changscore analysis,
and to emphasise the importance of using DAGs to help determine the most useful analytical
strategy, we consider a simple simulated example involving the effect of baseline waist
circumference® 0 ) on the longitudinal gxosure serum insulin concentratioi©Off measured

at baseline (.00 and followup (i.e."09.

4.6.1.1Methods

Data were simulated according to eight causal scenarios, each of which are depicted in
Figure4.6:

Scenario 1:Baseline waist circumferenced© ) and baseline serum insulin
concentration {00 are causally unrelated, i.©0dis acompeting exposure
for the effect ofw 6 on"0a

Scenario 2:Baseline waistircumferenced® 0 ) is caused by baseline serum insulin
concentration {00, i.e."O0bis aconfoundeffor the effect ofw 6 on"0a

Scenario 3:Baseline waist circumferenced© ) causes baseline serum insulin
concentration 00, i.e."O06is amediatorfor the effect ofw 6 on"Oa

A. No unmeasured confounding.
B. Unmeasured variabl€Y) affectingO8and04(i.e. mediator
outcome confounding159).
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Figure4.6 DAG representing four distinct hypothesised daggenerating processes for the
exposure waist circumferencesf F) measured once at baseline (iT F ) and two
measurements of the outcome serum insulin concentratiok {H.e. £ Fand & g

(1) (2)
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In Scenario (1)Q0is a competing exposure for the effectod on"Oa In Scenario (2)Q0is
a confounder for the effect @ 6 on"Oa In Scenario (3)Q0is a mediator for the effect of
® 6 on'0q “Yrepresents an unobserved or unmeasured variable that confounds the
relationship betweeffO6and Od(i.e. a mediatoroutcome confounder).

Parameter values and path coefficients were informed by data on US adults agéd 18
collected by the US National Health and Nutrition Examination Survey (NHANES), from the
years 2012014(160) The total causal effect 0§ 6 on"Odwas fixed at 0.200
Log(mmol/L)/dm; when mediated throud®g, this was partitioned into an indirect causal
effect of 0.150 Log(mmol/L)/dm and a direct causal effect.050 Log(mmol/L)/dm.

Additional details relating to this simulation, including parameters and code, can be found in
AppendixA (87.2).

For each Scenario, we simuldt20,000 noroverlapping random samples of0DO

observations from a multivariate normal distribution based upon the relevant DAG in
Figured6r dza Ay 3 GKS WRRMS d0ireRYv. 8.3.206/1) Far &ack s@rdple,n d H
we conduct hree analyses:
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1. A changescore analysisf'06 | | wo.
2. A followup adjusted for baseline analysi®@6 T wd T "Od
3. A followup unadjusted for baseline analysi®6 | [ w6 .

The median value across all 1000 samples for the cagfiofw & in each analysis (i.e. ,

I, orf )is reported along with its 95% simulation limits (i.e. 2.5 and 97.5 centile estimates).
We then consider the implications of interpreting these coefficients as the desired causal
effect on'O& Note hat coefficient units (i.e. Log(mmol/L)/dm) are omitted to aid readability.

4.6.1.2Results

The simulation results are summarisediimble4.4.

4.6.1.2.1Scenario 13 ¢ and E Fare causally unrelated

Scenario 1 is analogous to a large, welhducted RCT. The total association between
andY'Od&onsists entirely of the causal effect@f on"Oésince there is no confounding or
mediation byOa All methods therefore provide an unbiased estimate of the total causal
effectofwd 2y WOK'O.8S® A 30.200).

4.6.1.2.2Scenario 24 g is caused by F

In Scenario 2, the total association betwas® and Y Od&onsists of bothhe causal effect of
@ 6 on"0Oo6and confounding bYOA& Therefore, only the follovup adjusted for baseline
analysis provides an unbiased estimate of the total causal effeottofonO6¢ = 0.200),
whereas the changscore analysis and thelfow-up unadjusted for baseline analysis are
biased|( =0.119 and = 0.350, respectively).

4.6.1.2.3Scenario 35 F causesk F

In Scenario 3, the total association betwab® andYOdonsists of both the direct and
indirect effects ofo & on"04 in addition to the biasing path froc 6 to Y'Odhrough the
baseline outcoméDa Thus, in Scenarios 3A and 3B the chastgee analysis provides a
biased estimate ( =-0.031) of both the total and direct causal effects®@f on'0g
moreover, this estimate is afpposite sigrio the true effects. The followp adjusted for
baseline analysis provides an unbiased estimate ofitrectcausal effect ofo 0 on"O6f =
0.050, Scenario 3A), though it becomes biased in the presence of unmeasured mediator
outcome confounding byY( = 0.025, Scenario 3B). The followunadjusted for baseline
analysis, however, provides an unbiased estimate otdte causal effecof w0 onO6( =
0.200, Scenario 3A); this estimate remains robust in the presence of mediatimyme
confounding (i.e. Scenario 3B).

4.6.1.3Implications

In this simulated example, we explored the seemingly simple context of change in an outcome
(i.e. irsulin concentration) with respect to a baseline exposure (i.e. waist circumference) for



-56-

four different causal scenarios. Using chassgere analyses, misleading coefficieQts

sometimes of opposite sign to the true causal effertgere observed in all soarios where

the baseline outcome and exposure were correlated at baseline (i.e. Scenarios 2 and 3). In such
scenarios, determining the most appropriate adjustment for the baseline outcome when
analysing the effect of the baseline exposure on the follgmoutcome was aided greatly by

the use of DAGs.

Although our simulations were deliberately simplified and made several distributional
assumptions that may not be entirely realistic, they clearly demonstrate the potential

LINPOf SYa | 3a20A0KSRISAIHKAAYHI ORRAY IS YaO2NBax
DAGs to understand and identify the most appropriate analytical strategies. We additionally
considered thdour causal scenarios iRigure4.6 with an unmeasured baseline confoundeft
affecting each ofo 6 , 04 and’Oa Under such circumstances, all three methods

unsurprisingly provided biased estimates of the total causal effeat @f on"Oa However,

across all scenarios, the results were broadly consistent with those of the original simulation; a
follow-up adjusted for baseline analysis appeared to be the least biased for Scenarios 1, 2, and
3A, whereas a followp unadjusted for basile analysis was preferred for Scenario 3B. All
details related to this additional simulation and analysis are locatégppendix A (8.2).



Table4.4 Median regression coefficient 6ff F (and 95% simulation limits) for each method of analysis, for each causal scenario depictédure4.6

E Fis: Competing exposure Confounder Mediator

aSUiK2R 27F | Scenario: 1 2 3A 3B
Changescore 0.200 0.119 -0.031 -0.031
Yoo | ) wo) (0.180, 0.220) (0.106, 0.132) (-0.053,-0.009) (-0.050,-0.012)
Followup adjusted for baseline 0.200 0.200 0.050 0.025
(00 71 Jwo T 09 (0.183, 0.218) (0.189, 0.211) (0.027, 0.073) (0.005, 0.046)
Followup unadjusted for baseline 0.200 0.351 0.200 0.200
(06 71 Awo) (0.174, 0.226) (0.333, 0.369) (0.174, 0.227) (0.174, 0.226)

Numbers in green indicate unbiased estimates of either the total or direct effead 0bn"Oa The true total effect was simulated to be 0.200; where this was

when mediated througfOé(i.e. Scenarios 3A and 3B), the true direct effect was simulated to be l@&nario 3Bn unobserved/unmeasured variab¥was
simulated toconfourd the relationship betweei©6and ‘04

_19_
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A79El YAYAY3 W[ 2NRQ& tI NI R2EQ

¢CKS LINBQGA2dza lylfeara 2FFSNBR | O2YL@4nfary 3 S
peculiarity that has evaded statisticians since its original formulation in (EB¥156, 162)

The paradox is summarised below:

A university is interested in investigating whether the diet provided in the dining halls has an
STFSOU 2y &aildRSYyidaQ 6SAIKE 2PSadadyké& O2dzNBES 2
differences in these effects. It hires two statisticians to answer this question. The first
statistician examines the mean weight of the girls at the beginning of the year and at the end
of the year and finds that these are identical; moreotee frequency distribution of weight

for girls at the end of the year is the same as it was at the beginning. He finds the same to be
true for boys, and thus concludes that there is no evidence for any differential effect on the two
sexes. The second 8gtician conducts an analysis of covariance (i.e. a fellpvadjusted for
baseline analysis). He finds that the slope of the regression line of final weight on initial weight
is essentially the same for the two sexes, but that the difference betweenténeepts is
statistically highly significant. The second statistician therefore concludes that boys showed
significantly more gain in weight than the girls when proper allowance is made for differences
in initial weight between the two sexé$.

Which staistician is correct? The conclusions of the two statisticians appear to contradict one
FYy20KSNE fSIFIRAY3 [2NR (G2 02y Of dzRS GKIFG WIiKSN
can be counted on to make proper allowances for uncontrolledgxistirg differences

0 Sl ¢SSy (1aNBRodrhEr, Ehe causal lens adopted in the previous sections can help to
resolve this question.

4.7.1Considering the paradox within a causal framework

hyS 2F (GKS LINAYIFNE OKFffSyaSa Ay AYUSNILINBOAY
weight is amediatorfor the effect of sex on final weight. Thus, although baseline weight

NB LINBE & SBER ali AYEINRAFFSNBYOSQ 06Si6SSy o02@a | yR
consequencef the exposure rather than eauseof it. Therefore, it ifSundamentally different

from the experimental setting that has historically been considered in the analysis of change

a setting in which pre&xisting differences occur before the exposiife.

16We note that the research question is itseHd#fined, since the diet is a fixed condition that is
appled to all students, male and female. Therefore, the diet can have no identifiable causal effect
2y (KS & dzRCDnséqaently, h8 guaskoi apgears to actually be about the difféaknt
effect ofsexon weight change.
17 Additional confusion hasden created by the fact that in several subsequent reinterpretations of
[ 2NRQ& t | NI R2EX (KS dconhfeusdenatfeSthad aziie@iao3, 1635 Ay Tl O
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In Figure4.7 we draw the scenario described by Lord as a path diagram, wiiegresents
sex,w represents initial weighto represents final weight, an® represents diet. This path
diagram is equivalenbtthe one considered in Scenario 3&3).

Figure47t G K RAF3INI Y NBLINB@Y GAy3I [ 2NRQa t I[N} R2E

Pwgs

S

The exposure s€XY is measured once at baseline, and the outcome weighti§ measured
once at baselinaif ) and once at followup @ ). The changscoreY® is constructed from
@ . The diet'Q) is depicted in grey because, although it affeets it is nottruly a

variable; all students are subjected to it, and it thus does not have any identifiable causal effect
onw .

The first statistician, in comparing the average change scores between boys and girls, has
essentially conducted a changeore analysiséh F2dzy R GKS SF¥FF¥FSOG 2F as$s
to be zero. In other words, the first statistician estimated th&l effect of sex orweight
changescore(i.e.n n Q n ,inFigure4.7). By contrast, the second

statistician conducted a straightforward follewp adjusted for baseline analysis, and thus

estimated thedirecteffect of sex orfinal weight(i.e.ny , inFigure4.7).

It is therefore not surprising that the two statisticians came to different conclusions, and Lord
himself did not see how this problem rhigbe resolved, as the effects estimated are expected
to differbynp  On p . Only under one of the following conditions would the two

agree:
1. Where"Yandw were uncorrelated (i.e. the randomised experimental setting), such
that n TT, Or

2. Wherew andw were perfectly correlated (i.e. the deterministic case in which
exogenous change existsuch that) p T

4.7.2ldentifying the most useful estimand

Identifying the most useful and/or important estimand in this scenario can help igentify

which statistician was correct.
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In conducting a changgcore analysis, Statistician 1 did not in fact estimate the effect of sex on
WOKI y3ISQ AY ¢SAIKAIT GKAA Aad 0SOkugziieRht WOKI y3SQ
whereas a change seoconflates information frontoth baseline and followip (as argued in
Sectiord.3).18 Therefore, Statistician 2 can claim to be in possession ofra meaningful

answer to the original query, since the direct effect represents a valid estimand in this

scenario.

| 26 SOSNE ¢S YAIKG O2yaAiARSNI Iy Sldzaftte @FfAR
to be thetotal effect of sex on final weighobtained via a followup unadjustedfor baseline

analysis. This effect capture$i changes in weight which result either directly or indirectly

from sex. Moreover, this estimate is not susceptible to the potential biases introduced by
conditioning on anediator (i.e. baseline weight, which is likely to share many causes with
follow-up weight).

4.8 Comparison withGlymour, M.M. et al. (158andKim, Y. and P.M.
Steiner (148)

Our conclusions appear to fundamentally contradict thos&lyimour, M.M. et al. (158nd

Kim, Y. and P.M. Steiner (14#)o ¢ as was mentioned in Secti@n2.3¢ are notable for

having considered the analysis of change using DAGs. Here, we attempt to briefly explain the
reasons behind our differing oclusions.

Glymour, M.M. et al. (158xamine the analysis of change in the contexthef effect of
education on change in cognitive function in an elderly cohort. This context is most closely
approximated by our Scenario 3, in which the baseline outcome (i.e. baseline cognitive
function) is a mediator for the effect of the exposure (i.dueation) on the followup outcome
(i.e. followrup cognitive function). However, a critical difference is that the authors do not
recognise the deterministic nature of the change score, and that it is fundamentally distinct
from true exogenous (amodifiade) change. This represents a philosophical difference that
cannot be resolved by mathematics, but for which both we (in Sedtidr2) andShahar, E.

and D.J. Shahar (1594ave argued.

More problematically, the conclusions Glymour, M.M. et al. (158re supported only by an
analysis of data from the Assets and Health Dynamics Among the Oldest Old (AHEAD) study, in
which the true causal structure is not known. The autreesumehere is no caudaeffect of
education on change in cognitive function, but do not simulate data for which this is sure to be
the case. Their changgeore analysis produces an estimated effectoo®2 €0.05, 0.01) and

their follow-up adjusted for baseline analysis prodgan estimated effect of 0.20 (0.17,
0.23)19which they interpret as suggesting that the charsg®re analysis is unbiased.

18We note that this is in contrast tBearl, J. (67)who claims that the first statistician did in fact
estimate the total effect ofexon gain (i.e. change).
19 For change in cognitive function between the years 1993 and 1995.
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However, we note that their results are broadly consistent with those produced for Scenario 3
in our simulated examplél@ble4.4), in which we simulated &ue causal effect

Kim, Y. and P.M. Steiner (148) acknowledge the deteninistic nature of the change score,

but fail to recognise that this is not equal to true exogenous change. Of note, the authors
assume that any relationship between the baseline and follpautcome is due to a

(possibly latent) preceding common causkieh also affects the exposure; this causal
structure is depicted ifrigure4.8. Using path tracing, the authors show that whére

n  (i.e. where'Yaffects bothd& and to the same extent) the confounding bias caused¥y
cancels out. While there may bpexific instances in which this holds, we do not believe that it
can be assumed to hold in general. Moreover, where there exists a causal relationship
between the baseline outcome and the exposure e? @& in Figure4.8), the authors
acknowledge that this assumption is likely untenable.

Figure4.8 Path diagram representing the analysis of change as depicteiby, Y. and P.M.
Steiner (148)
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The exposuré is measured once at baseline, and the outconi® measured once at baseline
(&) andonce at followup ). The unobserved variabMaffects each ofd , &, and®. The
changescoreY®is constructed frond .

4.9 Implications

Using DAGs, we have demonstrated that change scores do not in general represent exogenous

change, and ths are of limited utility in causal analyses despite their seemingly intuitive
formulation. Changescore analyses treat two separate events @eand() as one (i.eYd),

thus conflating the causal pathways involved and potentially leading to irtiafdras. Only
under baseline randomisation can change scores be used without bias;fandomised

data, changescore analyses do not generally estimate causal effects. Previous studies which
have conducted changgcore analyses in observational dateosld be scrutinised, and their
results viewed with caution.
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The use of a DAGs also clarifies the situations in which adjustment for the baseline outcome
(i.e.®) may or may not be warranted, when analysing the effect of the exposuréx().en

the follow-up outcome (i.e®). Statistical adjustment fab (as in followup adjusted for
oraStAyS FylfeasSao KIFIa KAAG2NARAOItfe obpSy O2y
. However, this may not actually be desirable across all contehits highlights the

importance of using DAGSs to identify the most plausible causal structure on -fyasse

basis, and to determine appropriate adjustment €oraccording to the most useful estimand.

4.10 Summary

{GdzRASA 2F WOKI y 3S Qiologhdlite@ir, ye2 rdrelyihys thie Kdbce@ @A RS Y
change been formally considered within a causal framework. This chapter demonstrates that
DAGs are useful for clarifying the distinction between change scores and true exogenous

change, which is the conpeof change most useful from a causal perspective. DAGs are also

useful for considering the potential causal structures that may arise in analyses of change, and
consequently in understanding why (and the degree to which) changee analyses may

differ from follow-up adjusted for baseline analyses. Across all contexts, using DAGs to

consider the causal structures involved can help to identify the most useful estimand to target

in analyses of change, which may necessitate folipwnadjustedfor baselineanalyses in

certain situations.
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Chapter 5 A
wSAIANB&aaAzy 6AGK Wdzy SELIX I AYySHF

5.1 Introduction

Timevarying exposures present analytical challenges above and beyond those dixétie
exposures. Consequently, tinvarying exposures are often reconceptualised as a series of
time-fixed exposuresgachof which has a total causal effect on the outcome of interest that

can be estimated using a standard regression model. The necessity of multiple models led to
0KS AYGNRBRAzOGAZ2Y 2F Wdzy SkKeljderveen/8.G. eS8 R dzl £ & Q
way of estimating the total causal effect of multiple measurements of a-timrging exposure

within a single moded? However, this method presents other unmgnised analytical

challenges, particularly in the presence of confounding by both baseline angigpendent
covariates (which were not formally considered when UR models were first introduced, nor
subsequently).

Chapter 5 considers UR models withiromfal causal framework. The basis of this chapter has
three primary benefits. First, it clarifies why the method works (i.e. why it is equivalent to
standard regression methods) for estimating the total causal effect of multiple measures of a
time-varyingexposure on an outcome in the absence of any confounding. Second, it allows us
to consider how the method may be extended robustly to account for confounding by both
baseline and timalependent covariatessince UR models are of limited utility if they nayly

be used in situations in which no confounding exi$tsrd, it provides a general framework for
considering how the method may be extended robustly to more complex longitudinal
scenariosWith this information, we are then able to more comprehengivevaluate the

benefits of UR models across a wide variety of longitudinal scenarios.

5.1.1Chapter overview
A general chapter overview is provided below.
In Sectiorb.2we introduce the example scenario originally consideredéjzer-Veen, M.G.

et al. (93) and depict this scenario using a DAG. We consider how standaebségr models
and UR models may be used to estimate total causal effects in this setting.

In Sectiorb.3we use the method of path coefficients to illustrate the quee properties of UR

models within a causal framework.

200w Y2RStA KFEOS FEGSNYFGSte 6858y NEEHNNBRS (0Y § @K 2
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In Sectiorb.4we separately consider confounding by a baselire48) and timedependent
covariate ($.4.2. In each scenario, we use a DAG to consider correct confoauiflestment
and to explain why a UR model with correct adjustment for confounding will continue to
satisfy the original properties of UR models.

In Sectiorb.5we extend the method of UR models to a scenario involviigeasurements of
a time-varying exposure, and additionally consider how to adjust confounding by a baseline
(85.5.1.1) and timedependent covariate 85.1.9 in this extended context.

In Sectiorb.6we demonstrate that the standard error(s) of the estimated effect sizes are
artificially reduced when using UR modela previously unrecognised caveat regarding their
use and implementation.

In Sectiorb.7we discuss the implications of our findings.

5.1.2Related publications

This chapter contains work based on the following publication:

Arnold, K.F, Ellison, G.T.H., Gadd, S.C., Textor, J., Tennant, P.W.G., Heppenstall, A. and
Gilthorpe, M.S. Adjustment for tim@variant and time@ | NE Ay 3 O2y F2dzy RSNA A
NEaAARdzZ £ 4aQ Y2RSta F2NJf2y3IAGdzRAYI Iéhged.l oA GK
Statistical Methods in Medical Resear2zf19,28(5), pp.13471364.(5)

5.2 Estimating the total causal effect of multiple measurements of a
time-varying exposure on a future outcome

The total causal effect of an exposure on a subsequent outcome ceesgrbth its direct
effect and any indirect effects on the outcome. Where an exposure isviamgng, the total
effect ofeachmeasurement may be desired.

In the following sections, we introduce a simple example scenario involving two

measurements of afme-varying exposure and subsequent outcome. We then describe the

Wadl yRIFNRQ NBINBaaAiAzy YSGK2R F2N) SadAYIlGAy3

| 8820AF GSR Wdzy SELX  AYSR NBaAARdz-faQ o6!wo NBIAN
Throughout, # DAGs are drawn forwarddaturated (i.e. where each node may causally affect

all future nodes), and all unexplained causes of endogenous nodes are represented by the
variableQand depicted as independent (i.e. we assume no unobserved confounding).

5.2.1Example scenario

We consider a time&arying exposuré> measured at two time points (i.é> and® ) and a
subsequent outcomeéy where all variables are continuous. This scenario is depicted using a
DAG irFigure5.1, in which allnexplainedcauses of the endogenous nod@sandare
represented by the variable@ and'Q, respectively.
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Figure5.1 DAG depicting the hypothesised datenerating process for two measurements
of a time-varying exposuret (i.e.£= and= ) and one outcomel-

N

X, — X, 3 Y

The term) and'Q represent all unexplained causesifand &, respectively, and are
included toexplicitly reflect uncertainty in all endogenous nodes (whether modelled or not).

5.2.2 Standard regression method

To estimate the total causal effect onof each measurement of the exposure (i&.and® ),
each must be treated as a separate entity thgbasentially subject to confounding by any
previous measurement(s) of that variable. Therefore, two distinct regression models are
necessary, respectively:

@ | b1 W Equation5.1

(W) | | ® 2L ® Equation5.2

In Equation5.1, the total causal effect ab on ®is represented by the coefficient . In
Equation5.2, the total causal effect ab on wis represented by the coefficient ; no
interpretation of is possible (nor should it be attempted) fr in Equation5.2, as it acts
purely as a confounder for the effect @f on .

A visual depictiof these equationss given irFigureb.2.
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Figure5.2 Path diagramslepicting thetwo standard regression models that would be
constructed to estimate the total causal effect of each®f and< on-(i.e. Equation5.1
and Equation5.2, respectively)

&I:U:I
(I)J Xﬂ X0 > Y

(2) X, Xia7 Y

23751

For each model, only the final coefficient may be interpreted as a total causal effect; all o
coefficients are greyed to illustrate that no such interpretatshould be made for them.

ther

5.2.3Unexplained residuals (UR) method

A UR model allows us to quantify ttwal effectsof both the initial measurement o (i.e.® )
and subsequent change i(i.e.® ) on the outcomed. To achieve this, a twstep process is
implemented, summarised iRigureb.3.

Figure5.3 Path diagrams depicting theato steps of constructing a UR model

(1)
(1) Yxo .
X 0 | X 1
1
FLe)

L

511}
ex_'f_ A gXl

Step (1): the preparatory regressiohd on@ (Equation5.3); and Step (2): the UR model
(Equation5.4).

First, the second measurement of the expostirds regressed on the initial measuremeit,

as in;

® T I ® Q Equation5.3
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¢KAA&d LINRPRdzOSa | YSIadzaNBE 2F $Hladpfedigtan &yStduallel A 2 y O
of & . The difference between the expected valugwfand the observed value ¢ equals
the residual termiQ . Put andher way,Q represents the partof) Wdzy SELJX GAY SRQ 0 &

Secondis regressed on both the initial exposube and subsequent residual teri@ :

@ _ i ® i.;Q Equation5.4

KeijzerVeen, M.G. et al93) have previously demonstrated that the UR modeEguation5.4

is algebraically equivalent to the final standard regression mdetphgtion5.2), whilst

allowing for the interpretation oboth coefficients (i.e. and_ ) as the total causal

effects ondof @ and® , respectivelylndeed, this is perceived to be ajkadvantage of UR
models(177) since the final standard regression model may be prone to misinterpretation of
the coefficient (which represents thdirecteffectof & on@only).

5.2.3.1Key properties of UR models
The key properties of UR models are described and formally expressed mathematically in

Tableb.1.

Table5.1 Descriptionof key properties of UR models for a timearying exposure:
measured at two time points (i.e= and= ) and one outcomel-

Mathematical
Property Description formulation
The outcome values predicted by the final standard
0] regression model (i.e. for exposuiie) are equal to those ~ © @

predicted by the UR model.

The estimated coefficient fab in the initial standard
(i) regression model (i.e. for exposuie) is equal to the _
estimated coefficient fotd in the UR model.

The estimated coefficient fad in its individual standard

regression model (i.e. for exposuie) is equal to the

() estimated coefficient for the corresponding UR tefin in | -
the UR model

Formal proofs of Properties @)(iii) are provided irAppendixB (8B.4 with"Y (), though
intuitive explanations are given below.

Property (i) follows from the fact that the UR modegfiation5.4) is simply a
reparameterisation of the final standard regression mode]uation5.2). Whereas the final
standard regression model represemss a function ofd and® , the UR model represents
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as a function ofo and’Q . However, owing to the fact th& is a function ofo and®
(Equation5.3), the UR model itself is also a functiondofand @ .

Property (ii) follows from the fact th&® is orthogonal tow by construction. Thus, the
estimated effect ofd on is the same regardless of whether or @t is included in the
model.

Property (iii) follows from the previous two. Adjustment forin the standard regression
model Equation5.4) amounts to testing the relationship betweérand thepart of &
unexplained byb (i.e. theunexplained residupl Thus, the two coefficients are in fact equal
because they mean the same thi(f), the only difference being th& is orthogonal to®
by construction buty is not.

5.3 Understanding UR models using DAGs

The unique properties of UR models can be easily visualised and understood using DAGs
(Figureb.1). If one were to naively model both measurements of the exposureifi.and® )
simultaneously, only the coefficient fas could be interpreted as a total causal effect@n

the coefficient ofto would represent only theirecteffect of on @, becaused mediates

the effect of®w on

Howeverthe UR modelling process relies upon and exploits the independence (i.e.
orthogonality) of the UR terr@ , which ismdependent oftd by construction. Thu& ) does
not act as a mediator for the effect f ond. In fact, the UR terl® can be understood as
an instrumental variablé178)for @ that hasbeen produced by the modelling proceds

More formally, we may apply the method péth coefficientg35, 36)to demonstrate that the

Wi NHzZSQ G2aGFf OlFdzalt STFSOUG AFan®i)Dkedadl a dzNBSY S
generating process is equal to the total caudéea of the associated terms in the UR model

(i.,e.®d andQ , respectively). Because both the standard regression models and their
corresponding UR models are based on linear regression (where the causal relationships

between variables are assumedte linear functions), we may parameterise the DAG in

Figure5.1 by assigning a single coefficient to every arrow and assuming all variables have a
variance of one. Wese the notation] to represent the coefficient of the arroé© @

Table5.2 gives thetotal effects of the model covariates in both the standard regression model
and the corresponding UR model; each effect is decomposed into direct and indirect effects.
As is evident, the total effects af and’Q in the UR model are equivalent to the effectsiof
andw , respectively, in the standard regression model. This is because there are no direct
paths betweerQ and, and the only indirect pathas®sthrough® (with ny being

equal to one as inFigure5.3).

21The process shares similarities with the tatage least squares regression meth@@9) a form of
instrumental variable analysis commonly encountered in economics research.
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Table5.2 Comparing standard regression models and UR models using the method of path
coefficients

Exposure Path Effect size Total effect

Standard regressiomodel Equation5.1 and Equation5.2):

Direct: & © & n ‘ ‘ ‘
& _ — oo
Indirect: ® © O ° O n Q
Directt & ° O n ;
A n
Indirect: n/a

W ySELX FAYSR NB EquRidab4):a Q 6! wo Y2RSt 0

Direct: & O & n ‘ ‘ ‘
A : ‘ : n n
Indirect: & © & O @ n
Direct: n/a i
Q ] ) n
Indirect: Q © & © & n q

Total effectestimated by individuatandard regression modelEquation5.1 and
Equation5.2) compared to total effects estimated by a single composite UR model
(Equation5.4).

5.4 Confounding adjustment within UR models

KeijzerVeen, M.G. et al. (93)id not address confounding variables in their original paper, and
there has been little to no discussion or analysis of this issue by subsequent authors using UR
models. Consequentlpd-hocmethods for confounding adjustment within UR models have
arisen in the absence of any formal guidance. For instdtioda, B.L. et al. (178)ade no
adjustments for potential confoundershen deriving their UR terms, but did make

adjustments within their UR model. In contra§tandhi, M. et al. (179djusked for one

potential confounder when creatinipeir URterms, but also maddurther adjustmentsn the
URmodel Different procedures for confounder adjustment abound in the literature.

Because confounding is fundamentally a causal concept, considering how to correctly adjust
for confounding within UR odels is aided greatly by the use of a causal framework. To this
end, we use DAGs to justify how to adjust for confounding variables in UR models, and prove
mathematically iPAppendixB that the resulting models satisfy the three properties of UR
models {rom Table5.1).

5.4.1Baselineconfounding

We first consider the scenario Figure5.4, in which a baseline covariabe confounds the
relationship betweereach oft fty and .
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Figure5.4 Directed acyclic graph (DAG) depicting the hypothesised eggaerating process
for two measurements of a timevarying exposuret (i.e.£ and= ), one outcomel., and
one baseline confounde#

=
<

Xﬂ X 1
The term ,'Q and’Q represent all unexplained causesiwf & andd@ respectively, and
are included to explicitly reflect uncertainty in all endogenous nodes (whether modelled ar not).

Because the relationship between eachibfand® andis confounded by in addtion to
any potential confounding by a previous measuremenbod must be included in the
standard regression models, as in:
(W) | | 0 »L® Equation5.5
(W) | | 0 | ® »L Equation5.6
The total casual effects 6 and® are represented by the coefficients (Equation5.5)

and| (Equation5.6), respectively; a visual depiction of these equations isrgim
Figure5.5.



-71-

Figure5.5 Path diagramslepicting thetwo standard regression models that would be
constructed to estimate the total causal effect of eacbf = and=< on-lin the presence of
a baseline confoundet (i.e. Equation5.5 and Equation5.6, respectively)

(1)

2 | m X, X, =Y

yq

For each model, only the final coefficient may berimteted as a total causal effect; all other
coefficients are greyed to illustrate that no such interpretation should be made for them.

Fully adjusting fob in the UR modelling process requires tibabe adjustedboth when
creating the UR termandin the UR model, as summarisedrigure5.6. As is evident from the
DAG irFigure5.4,0 confounds the relationship betweed and® ; therefore, whenw is
regressed oy to produce the UR term) must also be included as a covariate:

QT [0 r ®© 0Q Equation5.7

In this way, the UR terf@ represents the difference between the actual valugnfand the
value of& as predicted by , adjusted for the confounding effect of.
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Figure5.6 Path diagrams depicting the two steps of constructing a UR model in the prese
of a baseline confounde?

(1)
W
(1) M Xo o7 X1

¥xo

1

(2)

Step (1): the preparatory regressiohd on& (Equation5.7); and Step (2): the UR model

nce

(Equation5.8).

Moreover, becaus® confounds the effect ofd on, itis necessary to adjust for in the
subsequent UR model:

(N 0 foL @ y-;Q Equation5.8

The URmodel given irEquation5.8 thus representshe outcome®as function of the initial
value of the exposur® , (i KS & dzo & S |j dzS §hireadézy &hé that basklifieS R
confounderi . It can be provenXppendixB,8B.5 with”Y () that this model satisfies the
three properties of UR models.

By considering the DAG kigure5.4 as a path diagram (as ih8), we can again visualise the
properties of a UR model correctly adjadtfor a baseline confoundér. A regression model
containingd , @ , and® (as inEquation5.6) would only allow for the interpretation of the
coeflicient for® as a total causal effect aiy the coefficient fory would represent only the
direct effect ond, becaused blocks the indirect path whilé blocks the backdoor path
between® andd. However, within the UR model, the independemééhe UR ternQ
ensures no indirect paths are blocked ahé only backdoor path betwee® anddis blocked
by0 .
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5.4.2 Time-dependent confounding

We finally consider the scenario fiigure5.7, in which a timevarying covariat®
confounds the relationship betweegach oftd fty and .

Figure5.7 Directed acyclic grapfDAG)depictingthe hypothesised dategenerating process
for two measurements of dime-varyingexposure== (i.e.2= and<), one outcomell, and
two measurements of dime-dependentconfounderd (i.e.{ and{ )

M, E—{ X, =M, x, —3] Y

Theterm ,Q ,Q andQ represent all unexplained causegdfd ,® and®
respectively, and are included to explicitly reflect uncertainty in all endogenous nodes (w
modelled or not).

hether

The relationship between each &f fitd anddis not only potentially confoundkby previous

a measurement o6y, but also by the current measurement and all previous measurements of

the time-dependent confoundeb . Thus, the standard regression models necessitate
adjustment ford0 and0 in the following way:

(N | | 0 i ® Equation5.9
W | | 0 | @& | 0 i W Equation5.10

The total causal effects 6 and® are represented by the coefficients (Equation5.9)
and| (Equation5.10), respectively; visual depictions are providedrigure5.8.
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Figure5.8 Path diagramsiepicting thetwo standard regression models that would be
constructed to estimate the total causal effect of eachf and< on-Lin the presence of
time-dependent confounderd and< (i.e. Equation5.9 and Equation5.10, respectively)

(1)

2 M, X, M, X, =Y

31

For each model, only the final coefficient may be interpretealtatal causal effect; all other
coefficients are greyed to illustrate that no such interpretation should be made for them.

Whereas adjustment for the timéixed covarate U is relatively straightforward using standard
regression methods,xtending the UR modelling process to accommodateandd requires
a significant extension to the original process formulatedbijzerVeen, M.G. et al. (93This

process is summarised visuallyHigure5.9.
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Figure5.9 Path diagrams depicting the three steps of constting a UR model in the
presence of timedependent confounders! and

M
(1) M, Xo | M,

Mxo

1

(2) M, Xo M; —=°1 X;

a1

(1]
M

Gl 1M, X, — Y

Step (1): the preparatomegression ob on0 and® (Equation5.11); Step (2): the
preparatoryregression ofd on0 , &, andd (Equation5.12); and Step (3): the UWRodel
(Equation5.13).

The introduction of a time varying confounder necessitates the creation of UR terrstfor
the confounderd andthe exposured (i.e.’Q and'Q , respectively. This is because UR
models rely upon the orthogonality of the terms included in the model fbasteline. To this
end, the UR tern® is constructed by regressiiig on all previous variablds and® , as
in:

o -+ +HO HO Q Equation5.11

Similarly, the UR ter@ is constructed by regressimg on all previous variablds , & , and

0 ,asin:
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® T [0 I ® | 0 Q Equation5.12

The UR term8& and'Q thus represent the difference between the observed value of their
respective variables and the value of those variables as predicted by all previous
measuremets.

The UR model, then, represenisas a function of the initial value of the confounder and
theexposureédX | YR G KS &dzoa Sl dzSydi asdary, Rdpediivelk Yy SRQ Ay

(N 0 fL® Q y-;Q Equation5.13

It can be provenAppendixB, 8.6 with”Y () that this model satisfies the three properties
of UR models.

While it may not seem immediately obvious as to why UR terms must be created for both the
exposure and the timelependet confounder in this case, considering the DAGigure5.7

as a path diagram (as previously lm3and &.4.1) sheds light on this. A regression model
containing all of Fid b R (as inEquation5.10) does not allov for the interpretation of

the coefficient ofto as a total causal effect, because the indirect paths betwgeand are
blocked by both) andd& . However, when we create the UR terid3s andQ which are
independent ofd by construction, lhey do not block any of the effect af on Y.

5.5 Extension of UR models to a timearying exposure measured érk
time points
Although the method of using unexplained residuals was originally formulated and introduced
for a scenario involving just two measurements of a twaeying exposure (i.d=igure5.1),
many authors have also extended the methatthocto accommodate scenarios involviig
measurements of a timgarying exposure, as Figures.10. This has resulted in different
methods for deriving the UR tern® FQ B [Q , and uncertainty about which is in fact
correct. For exampldslorta, B.L. et al. (173pandhi, M. et al. (175andToemen, L. et al. (168)
derived each UR terf@ by regressing each measured value of the exposurmen all
previous measurement® M B IO ,forp 0 “Y p . In contrastHardy, Ret al.(180)
derived each UR terf@ by regressing each measured value of the exposumn only the
previous measure ,forp o0 Y p.
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Figure5.10 DAG depicting the hypothesised datgenerating process foﬂ measurements of
a time-varying exposurek (i.e.== = 8 Ry ) and one outcomel.

X, X, Y
The term€Q 18 FQ fQ represent all unexplained causesidfB ity K respectively,

and are included to explicitly reflect uncertainty in all endogenous nodes (whether modelled or
not).

&<
L 4

Determining how to extend the method of unexplained residuals to a-rarging exposure
measured at'Ytime points (as irFigure5.10) is greatly aided by the use of DAGS, as previously.

To create a UR model for the scenatipicted inFigure5.10, each UR teri® should be
derived from the regression @ach measuredalue of the exposuré on all previous
measurementsy OB iy ,forp 6 Y p , in order to maintain the orthogonality of
the UR terms wvth all other terms in the model. The outcomigshould then beegressed on
& and all subsequerltR term¥Q AQ B [Q

This can be formally proven mathematically, agppendix B (8.4.

5.5.1Confounding adjustment

Here, we also summarise how to adjust for both baselinetand-dependent confounders in
the extended UR models. These results follow naturally from the original scenarios considered
previously (i.e. in®4.1and %.4.2), and so we only briefly outline the results.

Formal proofs are provided ilippendixB (8B.5and 8.6 respectively.

5.5.1.1Baseline confounding

Where there exists a baseline covarigtewvhich confounds the relationship between each of
O MR  and®(Figure5.11), each UR teri® should be derived from the regression of
each measuredalue of the exposuré on all previous measurements o 8 ity for

p 0 Y p,andond.The UR model shild then be constructed by regressiagpn O ,

@, and all subsequent UR terfs iQ B KQ
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Figure5.11 DAG depicting the hypothesised datgenerating process foﬂ measurements of
a time-varying exposurek (i.e.= = f8 Ry ), one outcomel, and one baseline
confounder-!

M, F—*

X, X, X, Y
The term [Q B HQ fQ represent all unexplained causegofd B Kd R,

respectively, and are included to dgitly reflect uncertainty in all endogenous nodes (whether
modelled or not).

5.5.1.2Time-dependent confounding

Where there exists a timearying covariat® [ B D which simultaneously confounds
and mediates the relationship between distinct measuremarit® and & (Figure5.12), UR
terms’Q andQ must be created for all podiaseline measurements of the exposuveand
confounderd , respectively,fop 0 “Y p .Each URterf® should be derived from
the regression of each measured value of the tidependent confounded on all previous
measurements of the confoundér i) B K  and on all previous measurements of the
exposurei hd I8 Ky . Each UR terf® should be derived from the regression of each
measured value of the exposuée on all previous measurements of the exposure

® MY M D and on all previous measurements of the confoundlefi) 8 R . Finally,
the UR nodel should be constructed by regressiagn 0 , & , and all subsequent UR terms
Q B K B
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Figure5.12 DAG depictinghe hypothesised datagenerating process foﬂ measuremats of
a time-varying exposurek (i.e.== = /8 -y ), one outcomell, and4| measurements of a
time-varyingexposure! (i.e.d Rl BRIy )

.

The term) FQ HQ B HQ Q HQ represent all unexplained causes of
O MM Rd R respectively, and are included to explicitly reflect uncertainty in all
endogenous nodes (whether modelled or not).

5.6 Artefactual standard error reduction using UR models

While a UR model is algebraically equivalent to its associated standard regression model (as in
Equation5.4 and Equation5.2, respectively), a previously unexamined issue surrounding their
use and implementation is that of an artefactual reduction in coefficient standard errors (SEs).
Although focus omstatisticalsignificance by ay of pvalues and confidence intervals is not in

and of itself justifiable within a causal framework (where focus is on effect sizes and likely
functionalsignificance, e.g. the absolute risk posed), the artificial precision of estimated effect
sizes witlin a UR model must nevertheless be considered.

By definition, the SE of an estimated regression coefficient is a point estimate of the standard
deviation of an (infinitely) large sampling distribution of estimated regression coefficients.
Because standankgression and UR models elicit identical point estimates of the total causal
effect of each measure of a timarying exposure on the outcome of interest, it follows that

the associated SEs should themselves be equal. However, this is not the case.

Standad regression models estimate the total causal effect of a particular measurement of the
exposure using information from the past only (i.e. any past measures of the exposure plus any
potential confounders). In contrast, UR modelling process generateésofwhal) residuals for

the entire exposure period and combines these into a single model, thereby using information
that is from both the pasand the future If we possessed data pertaining to any true

independent causes of future measurements of the esype, this would be valid; however,

the UR terms are simply estimated using prior measurements of the exposure. Moreover, the
UR terms arestimateswhich thus consequently contain additional variation that is not
accommodated by traditional regression rhets. As a result, the SEs of estimated causal

effects derived from UR models are artificially reduced and should not be inferred as robust.
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Indeed, when the SEs within the UR models are estimated via bootstrapping, they are similar
to those within the stadard regression models.

5.6.1Simulated example

To briefly demonstrate the artefactual standard error reduction that results from the use of UR
models, we consider the simple example depicte#igure5.1, which involves two
measurements of a timgarying exposuréd (i.e.® and® ) and a subsequent outconia

5.6.1.1Method

1,000 nonoverlapping random samples of0D0 observations from a multivariate normal
distribution weresimulated based upon the DAGRigure5.1dza A y3 G KS WRI IAGd&¢
0.2-2) in R (v. 3.3.2%6, 47, 161)

For each sample, the following steps were carried out:

1.The two standard regression modelscessary for estimating the total causal effect of
each ofd By on ®(Equation5.1 and Equation5.2, respectively) were created:

2.The UR ternQ wasderived by regressingd on& (Equation5.3); and

3.The UR model in whicfbis regressed ot and'Q (Equation5.4) was created.

For each standard regression model, the reported SE of the regression coefficient for the
exposure (i.e® and® , respectively) was stored. For each UR model, the SE of the regression
coefficients for each ab and’Q was stored in two forms: (1) as reported in the UR model
summary output; and (2) as estimated by bootstrapping 1000 samples and ciaigulst

standard deviation of the distribution of estimated coefficients.

Additional details relating to this simulation, including parameters and code, can be found in
Appendix B (8.7).

5.6.1.2Results and discussion

Violin plots of the SEs estimated for each coefficient representing a total causal effect across
the 1000 simulations are displayedRrigure5.13for each method considered.

As is evident fronfrigure5.13, thereportedSEs within the UR models are reduced in
comparison to those within the first standard regression models (for expasyrand equal
to those within the final standard regressiamdels (for exposure ).

Although the magnitude of bias in estimated SEs is small in this simulated example, it will
always be present due to the way in which UR models are constructed. Quantifying the
magnitude of this bias is not trivial and is begahe scope of the presemesearchput it is
worth noting that the degree of bias will increase as the numbene&surements of the time
varying exposurand/or time-dependentconfounders increases (i.e. as more orthogonal
terms are added to the UR molle
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Figure5.13 Violin plots comparing the standard errors (SEs) associated with equivalent
coefficients estimated in standard regression vs. UR models

Standard
regression
models
Exposure
UR models
(reported) D X0
C H

UR models < : >
(bootstrapped)

0.03 0.04 0.05 0.06 0.07 0.08
Standard error

Data were simulated based upon the scenario depictédguareb.1. Horizontal bars within
each distribution represent the mearl standard deviation.

5.7 Implications

We have demonstrated that UR models are able to quantify the total causal effect of multiple
measurements of a timgarying exposure on a subsequent outcoime single modeleven in

the presence of baseline and tinteependent confounding. However, teodelling process is
substantially more complex to implement than standard regression methods. Although only
one UR model need ultimately be presented, the necessity of generating orthogonal UR terms
for all postbaseline variables requires that multipleodtels be created. In fact, the total

number of models created by the UR process will always be either equal to or greater than the
total number of models created by the standard regression process.

For an exposuré measured at Ypoints in time, the stadard regression approach
necessitate§Yseparate models for estimating the total causal effect of each measurement on

the outcomeregardless of the number of confoundérsthe case of one timmvariant

confounder Figure5.11), “Ymodels are also created (i.&¢ p models to generate all UR

terms and one UR model); for a tirgependent confounderKigure5.12),¢"Y p models are

created (i.e¢”Y ¢ models to generate all UR terms and one UR model). Where there exist
multiple, causallsf Ay 1 SR O2y F2dzy RSNEX (GKS ydzYoSNI 2F Ay
increases by orders of magumie.

If the additional complexity of UR models were offset by true gains in insight into the scenario
under consideration, the method may in fact be preferred to standard regression methods.
However, as has been demonstrated, they offer no addition&ims compared to standard
regression methodsand indeed the additional challenges associated with implementing them
may result in additional errorddoreover, UR models may create unwarranted confidence in
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the precision of estimated effect sizéxeviots research that has utilised UR models without
undertaking sufficient adjustment for confounders and correcting standard errors via
bootstrapping should not be considered robust.

5.8 Summary

wSaINBaarAz2y 6AGK WdzySELX I Ay SR bifunjeR dze feddQ 4 | a
for multiple standard regression models to estimate the total causal effects of multiple
measurements of atim@l NEAy 3 SELIR &dzNB 2y || adzowaSldsSyid 2
potential interpretational challenges associated with multipledels.This chapter

demonstrates that DAGs are useful for understanding the properties of UR models and
determining how to correctly adjust for confounding, which has allowed for the benefits and
drawbacks of the method to be fully evaluated against itiadal regression approaches.

Using DAGshe benefits of UR modelsave been demonstrated to Hitle more than illusory,

as the methodprovides no additional insight compared tgtandard regression methods.
Moreover,the additional complexity requiretb implement them (particularly in the case of
time-dependentconfounding) makes them more vulnerable to analytical and interpretational
issues.
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Chapter 6
Microsimulationmodelling

6.1 Introduction

Estimating the causal effect of a tirvarying exposure on a subsequent outcome is both
theoretically and computationally challenging. Standard regression methods and UR models
(considered previously in Chapter 5) are able to estimate causal effects icothtiext;

however, they do so by considering separate measurements of the exposure as if they were
distinct entities, which remains unsatisfactory in many situations. Microsimulation models
(MSMs) have been identified as promising tools for considerinigjpraumeasurements of the
exposure together as aexposure regimeand parallels between microsimulation and the g
formula have been recognised previou@®).22 However, the conditions under which MSMs
provide robust estimates of causal effects are not well understood, nor arartligie

challenges presented by simulation approaches fully appreciated.

Chapter éconsiders MSMs within a formal causal framework. This allows us to draw explicit
parallels between the datgenerating processes modelled in MSMs and those represented by
DAG, in order to consider the different issues associated with modelling this process using
microsimulation compared to the-fiprmula. To this end, we simulate a longitudinal population
for which the datagenerating process is known, and interrogate it friva perspective of

both methods. We demonstrate how the process of constructing an MSM might be improved
by using DAGSs, and investigate how reliable and/or robust microsimulation andftiimgla
might be for longitudinal studies where the dag@neratingprocess is mispecified to varying
degrees. This chapter establishes a framework and simulation template for the evaluation of
longitudinal methods from a sensitivity perspective for methods robustness.

6.1.1 Chapter overview

In Sectiorb.2, we introduce the key features and concepts of microsimulation. We emphasise
important similarities between the datgenerating processes modelled in MSMs and those
represented by DAGs §8.1), and we illustrate how an MSM can be represented as a DAG in
the context of a specific example scenari6.g1.1). Additionally, we highlight key differences
between the gformula and microsimulation g2.2.

In Sectior6.3, we outline the implications which result from the differences between the g
formula and microsimulation, specifically those which pertain to the relative importance of
faithfully modelling the true dataenerating process of the target population. This sets the

23 {aa INB faz2z O2yYyYz2yite NBETFTSUNBRYRIOA &EA RE (I YiIST & iNa
(136, 146) and Markov model€181) particularly in clinical desibn analysis and heakéconomic
evaluation.
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stage for (and provides the rationale behind) the simulations which are predentthe
following section.

In Sectior6.4, we describe and present the results of a simulation in which we evaluated how
methodologicablifferences between the-fprmula and microsimulation affected estimation of
causal effects. We simulate a longitudinal population for which the-datserating process is
known (%.4.1), and interrogate it from the perspective of both thdagmula and

microsimulation (8.4.2.

In Sectior6.5, we discuss the results of our findings, including limitations and areas for future
work (8.5.1).

6.2 Microsimulation models (MSMs)

MSMs simulate an artificial population of heterogeneous individuals, typically over a long time
horizon that extends into the futuré® Each individual in the model posses a set of

G GNROdzG Sa 2 NJ Wa Gderio§rapbic, geSgtaphie), Wik nday i@ ufddied & 2 OA 2
throughout the simulation; in particular, individuals are often defined as belonging to one of a

finite number of mutually exclusive and collectivelhaustive states, and events of interest

are modelled as transitions from one state to another that occur according to a set of
RSGOSNX¥AYAAUGAO I yRk2NI a2 OKI #86A101, MNHz183%he 6 A ®S ®
LI N}y YSGSNR 3F20SNYAy3d (iNryairidirzya o0SisSSy adat
characteristics and possibly on previous history, and thesarpeters are typically estimated

from a wide range of data sources, such as cohort studies, populatised epidemiological

studies, and RCT%$36, 183)

MSMs may be either cadmsed or timebased(184) In a casdased model, individuals are
simuhbted one at a time through all time points; in a tirnased model, all simulated
individuals are transitioned simultaneously through the model. Both methods produce
equivalent results where there are no interactions amongst individuals, butiased modés
tend to be more computationally efficient since they can easily be vectofisgs)
Additionally, MSMs may be modelled in either discrete or continuous (ir8é) In a discrete
time model, transitions between states occur at discrete time steps; in a contiriraes
model, the duration between state transitions is modelled in continuous timéhis chapter,
we focus onlyon discretetime MSMs, as they share natural parallels with the causal data
structures considered throughout this thegfs.

2Bp20S GKIFG GKS GSNY WYAONRAAYdzZ | GA 2ysdetioval @ a2 NI
snapshot of a population is created by generating a synthetic set of individuals whose
characteristics match aggyate, arealevel statistics; this type of microsimulation is referred to as
Wpatial microsimulatiof{95). However, the focus of this chegy relates primarily to
microsimulation which is explicitly longitudinal.
24The depiction of continuous time and competing events using DAGs is complicated by their
discretised nature, in which variables are required to have a clear time ordering. Shezei
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'y a{a Yl& &aAYLX& 06S dzaSR (2 Y2RSt (KS wyl {d
the progression of the population undeorexogenous interventio(iL82) such a model might

be used for the purposes of population projection, for insta(ii@4) Additionally, an MSM

YIe Ffaz2 0SS dzaSR (2 Y2RSt WwWO2dzy i SNFI Oddz £ KA
population under various hypothetical interventio(®8). This has hisrically made MSMs

important tools for policy evaluatio(B).

6.2.1Representing an MSM as a DAG

A key aspect of microsimulationasolution which is a concept closely related to data
generatingprocesses. For instand@yder, N.B. (188J2 1S (G KIF G GKS T2 0dza A&
GKFyYy GKAy3as LINRPOS&aaSa NlvananGdf)Elaikd W. Pasti{189) Sa Q @
who argue that an MSM should not only speeiyat the population will look like at some

future point in time, but alsdow it gets there.

There exist clear parallels between the dgnerating processes modelled in MSMsl an

iK2aS NBLINBaSyiSR oe& 5! Dad !'i SOSNE GAYS LRA
may be updated according to some specified probabilities, which may themselves be

conditional on any number of current and/or past characteristics; each charstitenay thus

be thought of as having a conditional probability (or distribution) associated with it. Similarly,

each variable in a DAG is hypothesised to have a probability (or distribution), conditional on

the variables which directly cause it.

These snilarities make representation of an MSM as a DAG useful and informative, as it helps
to draw explicit parallels between the two processes and enables us to understand the
conditions under which MSMs may provide valid causal effect estimates. In theifalo
subsection, we illustrate how this might be done in the context of a specific example scenario.

6.2.1.1Example scenario

We consider an example scenario involving eleven time period$Yi.ep pand three

variables: (1) sex (female or male); (2) obesityustdhonobese or obese); and (3) diabetes

status (nondiabetic or diabetic). At baseline (i@. ), individuals possess a value for each of

the three attributes. At eachtimg forp 0 p& Sl OK AYRAGARdzZ f Qad 20685
states may be updated according to some conditional probability. Specifically, obesity status at
time t is conditional on sex, obesity status at tilme p, and diabetes status at tinee p;

diabetes status at timéis conditional on sex, diabetes status at tilme p, and obesity status

at timeo.

A DAG offers a useful way to visually summarise the aforementioned proces§;igisre6.1.
Panel (1) depicts the full dagenerating process (i.e. for 0 p Jt While correct, this
representation may nevertheless be difficult to interpret due to the number of time points.

research being done in the area of causal inference in the presence of competing E\88)ts
187), but this is beyond the scope of the present research.
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Therefore, in panel (2) we exploit the repeated nature @& tfatagenerating process to

produce a simplified representation for tintgvariables depicted in grey are those which

affect variables at timébut whose causes are not themselves represented in the graph. Panel
(2) allows for easier visualisationtbe datagenerating process and identification of the
conditional probabilities which govern it.

The datagenerating process describedfigure6.1 may be thoughtof & (G KS Wy I ( dzNJ f
of the population, as it represents the population under no exogenous intervention.

Figure6.1 DAG representing the datgenerating process for the variables se|1|<)(obesity
(P, and diabetes f;), for <
(1)
S Oy D, 0, D, - =¥ 03[ Dy
(2)
S 0.4 D, ; 0, D,
In (1), the full DAG (i.e. for & p Jtis depicted. In (2), only the dag@nerating process for
time Ois depicted; variables in grey are those which affect variables atdtbméwhose causes
are not themselves represented in the graph.

6.2.2Key differences between the gformula and microsimulation

Parallels between the-fprmula and microsimulation have been recognisedvhyrray, E.J. et

al. (99) who describe theuse of & A YA £ I NJ YIF GKSYIF GAOFf | LILINRI OK
model that is the basis for a Monte Carlo simulation of a (counterfactual) population under

§1 OK GNBFGYSyd & Narmiubiolves modallyigiti vBeniédient ¢ K S 3
distribution of the data, and then estimating the (counterfactual) distributions under various
interventions to calculate causal effects. This can be related to an MSM, which models the

Wyl GdzNI f KAAG2NEQ 2F (GKS LR LIz I GAAN Hy RSHUKSY
various interventions. However, although the two are methodologically similar, there exist key
differences which arise from their distinct historical evolutions (as outlined in Chapter 3).
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The joint distribution of the data is generally unknowrdacannot be directly estimated in a
microsimulation mode{189) This is because microsimulation models are often used to make
general inferences about a population, and often in the faturhis is in contrast to the g
formula, which makes inferences about a specific (often higalgcted) population from a
single retrospective datas€®9). Thus, using the-fprmula, the conditional probability of

every variablet every time pointn Figure6.1 can be estimated from a single dataset. MSMs,
however, do not have direct access to these probabilitieshis way, the dormula may be
thought of as a special case of microsimulatimnwhich we have access to the entire joint
distribution of all variables and in which all parameters come from a single dataset.

6.3 The importance of faithfully modelling dat@generating processes

The differences between thefgrmula and microsimulation ich were highlighted in the
previous section &2.2 have implications for the relative importance of faithfully modelling
the datagenerating praess of the target population using each method.

Using microsimulation, the future distributions of states in the population must be generated
by the repeated processes specified in the model. As describedrbymhoff, E. and W. Post

(189F WYAONRAAYdZ I GA2y Y2RSta Oy 08 NBIFNRSR

SELX FylFG2NE OFNARIo6fSaQy (GKdza dzy RSNEO2 NAy 3
generating process. Likewise, DA&ed methodsg including the gformula¢ emphasise the
importance of understanding and modelling daganerating processes in order to make causal
inferences However, the gormula is potentially more robust to migpedfications of the
data-generating processes because it uses data from the entire distribution of data to estimate
the observed (i.e. natural) and counterfactual distributions.-kpiecifications in the data
generating process in an MSM are likely to haweerconsequential onward effects which

result in biased estimates of both natural and counterfactual histories.

Moreover, an MSM is arguably more likely to simplify the eggaerating process being

modelled due to the way in which it is constructed. s implementing the-fprmula
requiresestimatingthe parameters governing the conditional probability of each variable (at
each time point) from a single dataset, implementing an MSM requspesifyinghe

parameters governing these conditional probabilities to produce a plausible population. The
additional challenges of specifying such parameters, which frequently must be combined from
multiple datasets, may encourage simplification of the dgémeraing process. Indeed,

Murray, E.J. et al. (188)ghlight some of the challenges associated with paramsiteg direct
effects in MSMs, including the lack of clear guidance on how to use published effect estimates
to inform model construction.

In the following section, we present the results of a simple simulated example, in which we
evaluated how methodologal differences between the-f@rmula and microsimulation
affected estimation of natural and counterfactual histories. In particular, we investigated how

CI
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robust each method was to varying degrees of-sgscifications of the datgenerating
process.

6.4 Simuladed example

We conducted a simple simulation based on the example scenario described previously in
Section6.2.1.1, in order to demonstrate the importance of faithfully modelling true data
generating processes, and to assess the relative performance offtirengla and
microsimulation for estimating nataf and counterfactual histories when the daganerating
process was mispecified to varying degrees. A brief overview of this simulation is given
below.

First, we simulated a population for which the datanerating process was known. We

simulated bothK S Wy I GdzNF f KA&G2NRBQ 2F GKAA LJ2 Lz I 4A
population under six hypothetical interventions. These histories representtieehistories of

the population, which any method should aim to faithfully replicate in otdezstimate the

true intervention effects. This simulation is described and its results presented in Sgetibn

We then used both the-fprmulaand microsimulation to model the true natural and
counterfactual histories of the population in order to estimate the causal effects of the
interventions in the population, using hypothesised dgenerating processes which differ
from the true datagenerding process to varying degrees. When both methods correctly
modelled the true datagenerating process of the population, we expected them to perform
equally well at replicating both the true natural and counterfactual histories of the population
under inervention. Conversely, we expected both methods to be biased for estimating the
true natural and counterfactual histories when the dafanerating process was rrpecified;
however, we expected the-iprmula to be more robust to mispecification since ittilised

data from the population across all time points. These simulations are described and their
results are presented in Sectiém.2

The resllts of our simulations are synthesised and discussed in Sex#do® and the potential
for substantive changes to our methodological findings tigio specific sensitivity analyses are
explored in Sectiob.4.4

6.4.1 Simulation of a population according to the true daigenerating process

We simulaed a population for which the datgenerating process was known, according to
that which is depicted in the DAGHRigure6.1. For simplicity, we simulated a closed
population (i.e. where no individuals dropped out of the simulation and no new individuals
entered it postbaseline).

In the following subsections, we e ONRA 6 S 2 dzNJ aA YdzZ F A2y a NBfF Ay

this population (8.4.1.10 | YR GKS WO2dzy G SNFI OQldzZl f KAAG2NARS
NSNSy liAz2ya oKAOK G NH KSR W2 als® aalciiate the tiuk S WS E L
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population average causal effect of each intervention abdtes prevalence at time 10 (the
W2 dzii O26M3.820 073

6.4.1.1Natural history

Longitudinal data for 5 million individuals were simulated using a distirets time-based
microsimulation model in R (v.3.5.@)90) according to the datgenerating process depicted

in Figure6.1. The population size was chosen to be sufficiently large that all possible exposure
and covariate histories would be represented, in order to capture the important features in

the datagenerating process.

Simulation parameters were chosen to produce a population whose characteristics
approximately tracked the true overall and disaggregateds@y) prevalence of obesity and
diabetes in England, as reported by the Health Survey for England (HSE) for the years 1994 to
2004(191, 192) Briefly, males were simulated to have a higher overall probability of obesity
compared to females at baseline, and a higher probability of developing obesity (i.e. incident
probability) at each time; the effect of previos diabetes on the probability of obesity at time
owas positive but modest for both males and females. Males were also simulated to have a
higher overall probability of diabetes compared to females at baseline, and a higher
probability of developing diakies at each time; obesity substantially increased the risk of
developing diabetes for both males and females. Once an individual developed diabetes,
he/she maintained that status for all subsequent time points.

Appendix C contains the simulatiparameters (§.2.1.1.}, a fuller description of the
characteristics of the simulated populati¢®C.2.1.1.2, a comparison of the simulated
population with HSE statistics@8.1.1.3 and all annotated R code relating to this simulation
(8C.2.1.1.3

6.4.1.2Counterfactual histories under hypothetical interventions

The effects on diabetes prevalence as obsemfeiime 10due to the following population
interventions were simulated:

Intervention 1: Prevent anyone from being obese (i.e. reduce the incident and prevalent
probabilities of obesity to zero).

Intervention 2: Make everyone obese (i.e. increase the incident and prevalent
probabilities of obesity to one).

Intervention 3:  Prevent any new individals from becoming obese (i.e. reduce the
incident probability to zero).

Intervention 4. Reduce the probability of becoming obese by 15% (i.e. reduce the
incident probability by 0.15).

Intervention 5:  Reduce the probability of remaining obese by 10% (i.e. reduce the
prevalent probabilityby 0.10).
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Intervention 6: Reduce the probability of becoming obese by 15% and reduce the
probability of remaining obese by 10% (i.e. both Interventions 4 and 5
were combined).

As is evident, all interventions targeted diabetes prevalence indiredtigt is, they altere

diabetes prevalence by alterirabesity. Because diabetes couhdt be reversed in our

AAYdzZ I GA2Y S YR y2 AYIRAWA Rd2 fA3y (6SS\NES yuit Az2ayli  20y2
expected to reduce diabetes prevalence to zero. Nevertheless, each intemweould be

expected to modify diabetes prevalence to some degree.

All interventions were applied to the population at each time point gasseline (i.e. fop

0 p Jt Because the simulation progresses via a series of stochastic events, each irgarventi

gl a aAravydzZ SR FAFGE GAYSAZ FyR GKS YSIy 2F |
counterfactual population average history under the specified intervention.

Figure6.2 displays obesity prevalence at each time point under each intervention, compared
to the natural history of obesity prevalence in the populatibigure6.3 displays diabetes
prevalence at each time point under each intervention, compared to the natural history of
diabetes prevalence in the populatiofigure6.4 displays the proportion of individuals with

each combination of characteristics at each time point under intervention, compared to that of
the natural history.

Appendix C contains a more thargh discussion of the effects of each intervention on obesity
and diabetes prevalence@82.1.2.2 and all annotated R code relating to this simulation
(8C.2.1.2.3



Figure6.2 Obesity prevalence in the simulated population under Interventions 1 through 6, compared to the natural history
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Figure6.3 Diabetes prevalence in the simulated population under Interventions 1 througltémpared to the natural history

Diabetes prevalence
Natural history

0.07
0.08
0.05
c
8 004
h=
(=3
o
2003
o G267
243
002 5107
0.01
0.00
0 1 2 3 4 5
Time
Diabetes prevalence
Natural history
0.07
0.08
0.05
c
S 0.04
£
=3
o
2003
&7 gozer
0243
002 5507
001
0.00

Diabetes prevalence
Intervention 1: Prevent individuals from being obese

0.07
0.06
0.05
c
S 004
T
Q
a
£ o0
0 gomer
0243
0.02 ge7
0.01
0.00
0 1 2 3 4 5 3 7 3 9 10
Time
Diabetes prevalence
Intervention 4: Reduce probability of becoming obese by 15%
0.07
0.06
0.05
c
© 0.04
T
Q
(=8
£ 003
o 287
0243
002 ggigr
0.01
0.00
1 2 3 4 5 8 7 8 9 10
Time

Diabetes prevalence
Intervention 2: Make all individuals obese

0.07
0.06
0.05
c
5004
T
(=}
o
2 503
= 0287
0243
0.02 5107
0.01
0.00
0 1 2 3 4 5 6 7 8 9 10
Time
Diabetes prevalence
Intervention 5: Reduce probability of remaining obese by 10%
0.07
0.06
0.05
c
O 0.04
b=
Q
(=%
2003
0 5oe7
0243
0.02 a7
0.01
0.00

Time

Prevalence: == Overall — Male — Female

Diabetes prevalence
Intervention 3: Prevent anyone from becoming obese

0.07
0.06
0.05
c
S 004
=
Q
a
o0
O gozer
0243
002 gaier
0.01
0.00
0 1 2 3 4 5 3 7 8 a 10
Time
Diabetes prevalence
Intervention 6: Reduce probability of becoming obese by 15%
& remaining obese by 10%
0.07
0.08
0.05
<
S0.04
=
Qo
Q
£ 003
o 0287
0243
002 gorer
0.01
0.00
0 1 2 3 4 5 6 7 8 a 10

_26_



Figure6.4 Proportion of individuals in the simulated population with each combination of sex, obesity status, and diabetes status uniggventions 1
through 6, compared to the natural history
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6.4.1.3Truecausal effects of interventions

We defined the true population average causal effect of each intervention on diabetes
prevalence to be the difference betweeratural diabetes prevalence at time 10 (i.e. under the
natural history) and mean diabetes previade at time 10 under that intervention (i.e. under
the counterfactual history). For example, the true causal effect of Intervention 1 was
calculated by subtracting the observed diabetes prevalence at time 10 under the natural
history from the average dialies prevalence at time 10 that was observed when Intervention
1 was applied to the population.

In addition, we defined the true population average total causal effect (TCE) of obesity on
diabetes to be the difference between average diabetes prevalentimatl0 if everyone
were obese at all time points pebaseline (i.e. fop 0 p Jtand average diabetes
prevalence at time 10 if no one were obese at any time point{paseline. The true TCE of
obesity on diabetes was therefore calculated by subtradiiegaverage diabetes prevalence
at time 10 that was observed when Intervention 1 was applied to the population from that
which was observed when Intervention 2 is apphkéd.

Table6.1 contains the true causal effects of each intervention on diabetes prevalence, as well
as the TCE of obesity on diabetes.

25This represents the standard definition of the TCE in the setting of awimgng exposurés). We
acknowledge that it is an unrealistic effect to estimate from a practical or policy perspective, but
we nevertheless believe it is portant to calculate in our analyses because it is often of calculated
in standard epidemiological analyses of tiverying exposures.
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Table6.1 Table describig the true population average causal effect of each intervention on
diabetes prevalence in the simulated population

Effect Value
Effect of Intervention 1 -0.0112
(preventindividualsfrom being obese) (-26.9%)
Effect of Intervention 2 0.0080
(makeall individualsobese) (19.3%)
Effect of Intervention 3 -0.0034
(prevent anyone from becomirabese) (-8.2%)
Effect of Intervention 4 -0.0004
(reduce probability of becoming obese
by 15% (-0.9%)
Effect of Intervention 5 -0.0031
(reduce probability ofemaining obese
by 10% (-7.4%)
Effect of Intervention 6 -0.0035
(reduce probability of becoming obese
by 15% and remaining obese by 30% (-8.3%)
0.0192
Total causal effect (TCE)
(63.2%)

The true causal effect of each intervention (1 througbrbjliabetes prevalence was calculated
by subtracting the observed diabetes prevalence at time 10 under the natural history from the
average diabetes prevalence at time 10 that was observed when the given intervention is
applied to the population. The trieCE was calculated by subtracting the average diabetes
prevalence at time 10 that was observed when Intervention 1 was applied to the population
from that which is observed when Intervention 2 was applied. All effects are additionally
expressed as percema changes.

6.4.2 Comparison of he gformula versus microsimulation for estimatingue
causal effectsn the population

We investigated the robustness of thd@mula and microsimulation for replicating the true

natural history of the population and the trimunterfactual histories of the population under

six hypothetical interventions which targeted obesity (describedid 8.2, and the resulting

robustness of each method for estimating the true population average causal effects (from

Table6.1).

A general description of each simulation followst &ach autocorrelation structure, a random
sample of 20,000 individuals was drawn from the population, and the conditional probabilities
of obesity and diabetes were estimated according to the autocorrelation structure under
consideration. Using the-igrmula, these conditional probabilities were estimated at each
timeo forp 0 p mhowever, using microsimulation, these conditional probabilities were
estimated at time 1 only. A random sample of 20,000 was then simulated through time 10 by
applying the esmated conditional probabilities to estimate the natural history. The sample of
20,000 was also simulated under Interventions 1 through 6 by modifying the estimated
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conditional probabilities accordingly. This process was repeated 100 times, and the mean
history calculated to estimate the intervention effects.

Because the-fprmula utilises data about the conditional probability of each state at every
time point, it was expected to produce a population whoseural historyappears consistent

with the true population for most of the autocorrelation structures considered. In contrast,
microsimulation was expected to produce a population whose natural history appears
consistent with the true populatioonlywhen the true datagenerating process was modelled,
since it was unable to utilise data about the conditional probability of each state at every time
point in the population. It was also expected that rapecification of the dat@enerating

process wouladversely affect estimation @ounterfactual historieasing both methods, and
therefore produce inaccurate estimates of intervention effects.

In the following subsections, we describe theee hypothesised datayenerating processes
which were consider (85.4.2.7). We then describe results obtained by using tHemgnula
(86.4.2.2 and microsimulation @4.2.3 to model the natural and counterfactual histories of
the population, according to each of the hypothesised dggaerating pocesses.

6.4.2.1Description of hypothesised datgenerating processes

Threedistinct autocorrelation structure§epresenting three distinct hypothesised data
generating process) were considered, with each summarised visually as a DRIGuUre6.5.
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Figure6.5 DAGgepresentingthree hypothesised datagenerating processes at timefor the
time-varying variables obesity |=) and diabetes 1)

(1)

m
5
D
o
©

=

(2)

(3)

Each panel represents a different autocorrelation structure modelled by usingahegla or
microsimulation (AS1 throughS3 respectively). Variables in grey are those which affect
variables at timebut whose causes are not theeahges represented in the graph.

Autocorrelation structure 1 (AS1) represents the true dg#serating structure of the
population.Updated desity status at timé&is conditional on sex, current obesity status

(0 ), and current diabetes statu®( ). Updated dabetes status at timéis conditional on
sex, current diabetes statu®( ), and current obesity status ().

Autocorrelation structure 2 (AS2) is nearly identical to AS1, but does not fully model the true
data-generating process in thgopulation.Updated desity status at timeéis conditional on

sex and current obesity status (), but not on current diabetes statu®( ). Thus, it does

not fully model the timedependent confounding that exists.

Autocorrelation structure 3 (A3 does not model any dependence between adjacent time
points.Updated desity status at timeé&is conditional on sex only, whereas diabetes status at
time 0is conditional on sex and current obesity statiis) (only. Thus, modelling AS3 is
equivalentto randomly sampling from the crosectional joint distribution of sex, obesity, and
diabetes (i.ed ") FO 0 O AYtD O SYTO "Y) in the population.

These autocorrelation structures were chosen to represent a broad range of possible data
generating processes, though we acknowledge that not all are equally plausible in priagtice.
example, AS8oesnot model any dependence between time poiifexceptthat which exists
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due to sex)which contradicts clinical and biological knowledge altbatconditions obbesity
and diabetesHowever, AS2 does represent a plausible hypothesis for thegtatarating
process, since the potentially small magnitude ofdivarying confounding may be judged as
trivial and not to warrant the added complexity introduced by additional model parameters.
This is particularly relevant for MSMs, which rely on published estimates to inform model
parameterisation(183)

Hereafter, we alternately refer to AS1 as tt@rrectly specifiedatagenerating process, AS2
as theslightly misspecifieddatagenerating process, and AS3 as ighly misspecifieddata-
generating process.

6.4.2.2The gformula

This subsection describes the results of using H@rigula to estimate the true natural and
counterfactual histories of the population, according to firecess described previously
(86.4.2.

6.4.2.2.1Estimated causal effects of interventions

The estimated causal effect on diabetes prevalence of each inteorerst given irmmable6.2,
for eachof AS1 through AS3, as modelled by tHemnula; the true effects in the population
(from Table6.1) are also given for comparison.

Both the correctlyspecified and slightly mispecified autocorrelation structures (i.e. AS1 and
AS2, respectively) appeared to perform well in estimating the tréeces of Interventions 1
through 6, while the highly mispecified autocorrelation structure (i.e. AS3) performed
relatively poorly. In the following subsections, we briefly discuss these results further by
examining how well each autocorrelation structueplicated the true natural and
counterfactual histories.
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Table6.2 Table describing the estimated causal effect of each intervention on diabetes
prevalence, for each of Al through A3 modelleding the gformula, compared to the true
effect in the population

Effect True AS1 AS2 AS3
(preventindividualsfrom being obese) (-26.9%) (-27.5%) (-27.6%) (-49.1%)
(makeall individualsobese) (19.3%) (19.3%) (19.0%) (-29.7%)
(prevent anyone from becomirubese) (-8.2%) (-8.1%) (-8.6%) (-49.3%)
Effect of Intervention 4 -0.0004 -0.0005 -0.0003 -0.0032
(reduce probability of becomirgpese 0
by 15% (-0.9%) (-1.2%) (-0.8%) (-7.6%)
Effect of Intervention 5 -0.0031 -0.0031 -0.0032 -0.0024
(reduce probability of remaining obese 0
by 10% (-7.4%) (-7.6%) (-7.6%) (-5.7%)
Effect of Intervention 6 -0.0035 -0.0036 -0.0037 -0.009
(reduceprobability of becoming obese 0
by 15% and remaining obese by 30% (-8.3%) (-8.8%) (-8.8%) (-12.0%)
0.0192 0.0195 0.0194 0.033
Total causal effect (TCE)
(63.2%) (64.6%) (64.4%) (154.7%)

The estimated causal effect of eankervention (1 through 6) on diabetes prevalence was
calculated by subtracting the average observed diabetes prevalence at time 10 under the
natural history from the average diabetes prevalence at time 10 that was observed when the
given intervention waapplied to a random sample of 20,000 individuals. The TCE was
calculated by subtracting the average diabetes prevalence at time 10 that was observed when
Intervention 1 was applied from that which was observed when Intervention 2 was applied. All
effects ae additionally expressed as percentage changes.



Figure6.6 Natural history of obesity and diabetes prevalence for each of the autocorrelation structures modeltdg the gformula, compared to the true

natural history
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Figure6.7 Natural history of the crossectional prevalence of sex, obesity, and diabetes, for each of AS1 through AS3 modsltegithe gformula, compared

to the true natural history
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Figure6.8 Counterfactualhistories of obesity and diabetes prevalence under Intervention 1 for each of AS1 through AS3 modsiteglthe gformula,
compared to the true counterfactual history
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6.4.2.2.2Natural history

Plots which compare the true natural history of the population and those modelled by-the g
formula according to AS1 through AS3 are showFigare6.6 (obesity and dibetes
prevalence) andFigure6.7 (crosssectional prevalence of sex, obesity, and diabetes).

All three autocorrelation structures appeared to reasonably reflect the twverall and
disaggregated (by sex) prevalence of obesity and diabetes, as well as the proportion of
individuals with each combination of characteristics at each time point under the natural
history.

6.4.2.2.3Counterfactual histories under hypothetical interverdns

Although each autocorrelation structure was able to produce a population whose aggregated
characteristics were consistent with those of the true population undematsiral history the
same cannot be said for thewunterfactual historiesAcross alinterventions, the highly mis
specified autocorrelation structure (i.e. AS3) performed poorly, thus explaining its poor
performance relative to the more correctpecified autocorrelation structures (i.e. AS1 and
AS2) at estimating the causal effects atlke intervention (fronTable6.2).

As an example, we consider how well each autocorrelation structure modelled the effects of
Intervention 1. Each of AS1, AS2, and &%38irately modelled the effects of Intervention 1 on
obesityprevalence Figure6.8), because the probability of obesity is (counterfactually) reduced
to zero for alindividuals regardless of the true probability of obesity. However, all
autocorrelation structures were not equally good at modelling the effects of Intervention 1 on
diabetesprevalence. For example, AS3 dramatically underestimated diabetes prevaleisce; t

is because according to AS3, diabetes status at each time point was dependent upon only sex
and obesity status (and not on previous diabetes status); thus, there were very few prevalent
cases and the dramatic reduction (to zero) in the probabilitybefsity had the effect of
substantially reducing incident cases.

The results for all interventions are presenteddippendix C @.2.2.).

6.4.2.3Microsimulation

Thissubsection describes the results of using microsimulation to estimate the true natural and
counterfactual histories of the population, according to the process described previously
(86.4.2.

6.4.2.3.1Estimated causal effects of interventions
The estimated causal effect on diabetes prevalence of each intervention is givahle6.3,

for eachof AS1 through AS3, as modelled using microsimulation; the true effects in the
population (fromTable6.1) are also given for comparison.
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The corretly-specified autocorrelation structure (i.e. AS1) performed well in estimating the
true effects of Interventions 1 through 6, while the highly yp®cified autocorrelation
structure (i.e. AS3) performed poorly, as expected. However, the slightigpadied
autocorrelation structure (i.e. AS2) appeared to perform as well as AS1 in estimating the
intervention effects of interest. In the following subsections, we briefly discuss these results
further by examining how well each autocorrelation structurplieated the true natural and
counterfactual histories.

Table6.3 Table describing the estimated causal effect of each intervention on diabetes
prevalence, for each of the autocorrelation structures modellagdingmicrosimulation,
compared to the true effect in the population

Effect True AS1 AS2 AS3
Effect of Intervention 1 -0.0112 -0.0110 -0.0118 -0.0121
(preventindividualsfrom being obese) (-26.9%) (-26.6%) (-28.3%) (-46.2%)
Effect of Intervention 2 0.0080 0.0077 0.008 0.0097
(makeall individualsobese) (19.3%) (18.5%) (19.3%) (37.3%)
Effect of Intervention 3 -0.0034 -0.0032 -0.0037 -0.0121
(prevent anyone from becomirapese) (-8.2%) (-7.7%) (-9.0%) (-46.3%)
Effect of Intervention 4 -0.0004 -0.0005 -0.0004 -0.0019
(reduceprobability of becoming obese
by 15% (-0.9%) (-1.1%) (-1.0%) (-7.3%)
Effect of Intervention 5 -0.0031 -0.0031 -0.0032 -0.0014
(reduce probability of remaining obese
by 10% (-7.4%) (-7.4%) (-7.8%) (-5.2%)
Effect ofintervention 6 -0.0035 -0.0035 -0.0038 -0.0030
(reduce probability of becoming obese
by 15% and remaining obese by 30% (-8.3%) (-8.5%) (-9.2%) (-11.4%)
0.0192 0.0187 0.0198 0.0218
Total causal effect (TCE)
(63.2%) (61.5%) (66.5%) (155.4%)

The estimatedausal effect of each intervention (1 through 6) on diabetes prevalence was
calculated by subtracting the average observed diabetes prevalence at time 10 under the
natural history from the average diabetes prevalence at time 10 that was observed when the
given intervention was applied to a random sample of 20,000 individuals. The TCE was
calculated by subtracting the average diabetes prevalence at time 10 that was observed when
Intervention 1 was applied from that which was observed when Intervention 2ppdied. All
effects are additionally expressed as percentage changes.



Figure6.9 Natural history of obesity and diabetes prevalence for each of AS1 through AS3 modedied microsimulation, compared to the true natural

history
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Figure6.10 Natural history of the crossectional pevalence of sex, obesity, and diabetes, for each of AS1 through AS3 modadiedmicrosimulation,
compared to the true natural history
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Figure6.11 Counterfactual histories of obesity and diabetes prdgace under Intervention 1 for each of AS1 through AS3 modeilsthgmicrosimulation,
compared to the true counterfactual history
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6.4.2.3.2Natural history

Plots which compare the true natural history of the population and those modelled by
microsimulation according to AS1 through AS3 are showvrigiare6.9 (obesity and thbetes
prevalence) andFigure6.10 (crosssectional prevalence of sex, obesity, and diabetes).

As is evident, both the correctly specified and slightly-spiscified atocorrelation structures

(i.e. AS1 and AS2, respectively) produced populations whose characteristics at every time point
were broadly consistent with those of the true natural history. However, the highly mis

specified autocorrelation structure (i.e. AS&hich was unable to model the increasing

conditional probabilities of obesity and diabetes over time, produced a population which
diverged substantially from that of the true population under the natural history.

6.4.2.3.3Counterfactual histories under hypothetat interventions

As with the natural history, modelling the correctipecified autocorrelation structure (i.e.

AS1) and the slightly mgpecified autocorrelation structure (i.e. AS2) appeared able to
accurately replicate the true counterfactual histori@sder Interventions 1 through 6.

However, across all interventions, modelling the highly-spiscified autocorrelation structure

(i.e. AS3) using microsimulation performed poorly at estimating the counterfactual histories of
obesity and/or diabetes, whictesulted in poor estimates of the true causal effects of each
intervention (fromTable6.2).

We again consider how well each autocorrelation structure models the effects of Intervention
1 as an example (depicted kiigure6.11). Each of AS1, AS2, and AS3 accurately modelled the
effects of Intervention 1 owbesityprevalence, because the probability of obesity was
(counterfactually) reduced to zero for all individuals regardless of the true pilityaddf

obesity26 AS3 nevertheless dramatically underestimated diabetes prevalence, since the
dramatic reduction (to zero) in the probability of obesity substantially reduced incident cases
of diabetes and the autocorrelation structure implies very fewvadent cases.

The results for all interventions are presenteddippendix C @.2.2.2.

6.4.3 Discussiorof findings

Both the gformula and microsimulation performed eqglawell at replicating the true natural
history and the true counterfactual histories of the population under various interventions
when they correctly modelled the true datgenerating process of the population (i.e. AS1), as
expected. Moreover, both mébds performed poorly when the datgenerating process of

the population was highly mispecified (i.e. AS3); even so, théognula performed better at

26 \We note that for interventions which reduce the probability of obesity by a factor which is itself
dependent on the tre probability of obesity (i.e. Interventions 3 through 6), AS3 is not able to
accurately model their effects on obesity prevalence. This is discussed further in Appendix C,
where the full results of these simulations are presente@.gg2.2.).
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estimating the true natural and counterfactual histories, relative to microsimulation, since it
utilised data from the true population at all time points.

However, using both methods, the slightly misecified autocorrelation structure (i.e. AS2)
appeared to perform as well as the correctly specified autocorrelation structure (i.e. AS1) at
modelling the n&ural history of the population, as well as the counterfactual histories of the
population under Interventions 1 through 6, suggesting that in our example scenario both
methods are relatively robust to minor mspecifications of the datgenerating proces

6.4.4 Sensitivity analyses

While the results of our simulation were broadly consistent with expectations, the slightly mis
specified datagenerating process (i.e. AS2) appeared to perform as well as the correctly
specified datagenerating process (i.e. AS1) at replicating the tratiral and counterfactual
histories when using both thefgrmula and microsimulation, despite the fact that AS2 did not
fully model the timedependent confounding that was present in the true datnerating
process.

We speculated that this might be due two factors specific to the example scenario chosen:
(1) the low overall incidence and prevalence of diabetes in the population, or (2) the low
degree of timedependent confounding in the population (i.e. the small effect of obesity status
on diabetesncidence, which was not modelled under AS2).

Therefore we performed the following five sensitivity analyses:

Sensitivity analysis 1: Increase baseline diabetes prevalence.

Sensitivity analysis 2: Increase diabetes incidence.

Sensitivity analysis 3: Increase the effect of previous diabetes on obesity
incidence/prevalence (i.éncrease the magnitude of time
dependent confounding).

Sensitivity analysis 4: Both (1) and (3).

Sensitivity analysis 5: Both (2) and (3).

6.4.4.1Method

For each sensitivity analysis, the natural history of the initial population was simulated
according to the same process described in Sed@idri.], but with different simulation
parameters. The counterfactual history under each of the six hypothetical interventions on
obesity was simulated according to the same praagsscribed in Sectidh4.1.2 and the true
causal effect of each intervention was calculated as previou6l¢.(83. We then used the-g
formula and microsimulation to estimate the causal effects on diabetes prevalence of each
intervention, according to the same processes described in Se&#oR

Appendix @ontains the simulation parameters foaeh sensitivity analysand a fuller
description of the characteristics of the simulated populatiorG.283.
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6.4.4.2Results

In sensitivity analysis 5, we saw the largest divergence between the results efahaga

and microsimulation when modelling autocorrelation structures which differed from the true

(i.e. AS2 and AS3); we also saw the largest divergence between the results of the true (i.e. AS1)
and the slightly mispecified datagenerating processes (i.e. AS2), though this was still

relatively modestTable6.4 describes the effect of each intervention on diabetes prevalence in
sensitivity analysis 5, as estimated by thiagnula and microsimulation; the true effects in

the population are given for comparison.

In Table6.4, we can see that when the dagenerating process is correctly specified (i.e. AS1),
both the gformula and microsimulation perform equally well at estimg the true

intervention effects, as in the original simulations. However, when the-dateerating process
is slightly misspecified (i.e. AS2), both thefgrmula and microsimulation perform poorly
compared to when they are correctly specified, thoulgh magnitude of divergence is still
relatively modest. Furthermore, thefgrmula performs better than microsimulation for
estimating the effects of the most dramatic interventions (i.e. Interventions 1 through 3) but
there is little difference with respe to more modest interventions (i.e. Interventions 4
through 6). When the datgenerating process is highly rspecified (i.e. AS3), both the g
formula and microsimulation perform poorly at estimating the true intervention effects, as in
the original sinulations.

Results from all sensitivity analyses are providefdippendix C &.2.3.2.



Table6.4 Table describing the estimated causal effect of each intervention on diabetes prevalence for each of AS1 through AS3 maietiatie gformula
and microsimulation, compared to the true effect in the pofation (Sensitivity analysis b

AS1 AS2 AS3
Effect True g-formula MSM g-formula MSM g-formula MSM
Effect of Intervention 1 -0.0432 -0.0434 -0.0434 -0.0443 -0.0450 -0.0829 -0.0217
(preventindividualsirom being obese) (-47.29%) (-47.3%) (-47.3%) (-47.9%) (-48.9%) (-90.7%) (-69.8%)
Effect of Intervention 2 0.0304 0.0309 0.0308 0.0295 0.0302 0.0482 0.0172
(makeall individualsobese) (33.1%) (33.7%) (33.6%) (31.9%) (32.8%) (52.8%) (55.4%)
Effect of Intervention 3 -0.0134 -0.0129 -0.0130 -0.0138 -0.0142 -0.0829 -0.0217 .
(prevent anyone from becomirapese) (-14.6%) (-14.1%) (-14.2%) (-14.9%) (-15.4%) (-90.7%) (-69.9%) o
Effect of Intervention 4 -0.0017 -0.0015 -0.0016 -0.0013 -0.0013 -0.0123 -0.0034
(reduce probability of becoming obese by 15% (-1.8%) (-1.7%) (-1.8%) (-1.4%) (-1.4%) (-13.5%) (-10.9%)
(reduce probability of remaining obese by 30% (-12.9%) (-12.6%) (-12.6%) (-12.9%) (-12.8%) (-8.9%) (-7.3%)
Effect ofintervention 6 -0.0134 -0.0133 -0.0133 -0.0137 -0.0137 -0.0191 -0.0051
(reduce probability of becoming obese by 15%
0.0736 0.0743 0.0743 0.0738 0.0752 0.1311 0.0389

Total causal effect (TCE)

(151.9%) (153.8%) (153.5%) (153.1%) (159.6%)|  (1539.9%) (415.2%)

The estimated causal effect of each intervention (1 through 6) on diabetes prevalence was calculated by subtractingythelzsezreed diabetes prevalence at
time 10 under the natural history from the average diabetes prevalence at time 10 that was observed when the given interve@gpliedhto a random sample
of 20,000 individuals. The TCE was calculated by subtracting the average diabetes prevalencEah@tneas observed when Intervention 1 was applied from
that which was observed when Intervention 2 was applied. All effects are additionally expressed as percentage changes.
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6.5 Discussion

For our example scenario, our simulations broadly aligned with our expectations. That is, both

the gformula and microsimulation faithfully replicated the true natural and counterfactual

histories of the population when they correctly modelled the dg&erating process of the

population. Our results also suggested that smalkinisIS OA FA Ol GA2ya Ay (KAA
substantial differences for either thefgrmula or microsimulationhut that more serious mis
specifications were more likely to negaly impact MSMslt can be interpreted with cautious
optimism that the most accurate results were produced by the most plausible hypothesised
autocorrelation structures (i.e. AS1 and AS2). However, our simulations were deliberately
simplified and thus thenagnitude of any biases should not be assumed to be transferrable to

other contexts.

Our sensitivity analyses produced a larger divergence between the correctly specified and
slightly misspecified autocorrelation structures, and provided evidence forgifi@rmula

being more robust to small mipecifications in the datgenerating process. However, the
magnitude of these differences was still relatively modest, suggesting they also may be the
result of some other structural factor(s) present in the exag@ntext chosen. For instance,
both obesity and diabetes were simulated to have a strong serial correlation, reflecting that
they are conditions which are difficult to transition out of; the probability of becoming non
obese at any given time point rangedtween 0.03 and 0.05 in the original simulation,
whereas the probability of becoming natiabetic was zero. Moreover, diabetes incidence was
simulated to be very low in absolute terms, both in the original simulation and subsequent
sensitivity analyseg\cross other contexts, in which individuals can more easily transition in
and out of different states, the differences might become more pronounced.

Despite the gformula being potentially more robust to m#pecifications than

microsimulation it is worthkeeping in mind that the utility of MSMs lies in their ability to
produce estimates of a future population, which are inherently uncertain; thus, those
employing MSMs may be more willing to sacrifice a certain degree accuracy and/or precision
for the sakeof utility. Nevertheless, where possible, researcheoaild benefit from modelling
different plausible datayeneration processes as sensitivity analyses.

6.5.1Limitations and future work

Our simulations were deliberately simplified in several respects. fiestonsidered only

three binary variables (i.e. sex, obesity, and diabetes), when in reality there are many others
which are likely relevant to the causal processes of interest. This simplification also meant that
the conditional probabilities of each vable could be nonparametrically estimated using both
methods. Second, the true datgenerating process (as depictedrigure6.1) had only first

order autocorrelatia, i.e. where variables at one time point did not affect any future variables
except for those in the immediately subsequent time point. For example, obesity status at time
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owas dependent only on variables at tirhe p and not on any variables at tinte ¢. Third,

as simulated, the true probabilities governing transitions in and out of obesity were the same
for every time point, which could be interpreted as representing no change in the underlying
obesogenic environment. We did not consider a situatiorolving transition problems which
changed over time. We suspect that had the true dgémerating process been more complex,
and had the true transition probabilities been simulated to change over time, mis
specifications in the hypothesised daganeratng process when using thefgrmula and
microsimulation would have been more consequential.

Other limitations include that we did not consider interventions which varied over the course
of the simulation, and that one of the hypothesised autocorrelationdures considered (i.e.
AS3, irFigure6.5) was so simple that it is unlikely to be encountered in practical applications.
Nevertheless, it was chosen as part difraad range of possible datgenerating processes. We
also did not consider the added complexity of parameterising our MSMs with estimates from
different datasets, as this was not the primary focus of this particular reséafélture
simulations are warnated to explore these issues, with the current simulation providing a
foundation for doing so.

6.6 Summary

Microsimulation provides a promising method for estimating causal effects in a longitudinal
setting via the simulation counterfactual scenarios. Thiptd#rademonstrates the utility of

DAGs for understanding how specification of dgéaerating processes impacts on estimation
of both natural and counterfactual histories. DAGs are also demonstrated to be an invaluable
tool for clearly explicating the assyotions made about the causal structure of an MSM,
thereby aiding interpretability and reproducibility. The simulations presented in this chapter
provide a framework for evaluating individdahsed simulation methods intended for causal
inference, and infan how the robustness and reliability of such methods may be improved by
accurately capturing datgenerating processes.

27 Murray, E.J. et al. (99ave begun to explore this issue, and provide a useful starting point for
considering some of the potential issues arising from the combinaifqgparameter estimates
which have come from populations which differ in their distribution of unmeasured confounders.
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Chapter 7
Conclusion

7.1 Introduction

This thesis set out to explore how counterfactual thinking, encoded in the language of DAGS,

could be integrated into established methods for longitudinal data analysis by considering

three specific methodg i KS | 'yl feaAra 2F OKIyYHBSRNBEALRAGA R ¥
microsimulation modelling. Each of these methods is typically applied in a distinct longitudinal
context, and DAGs have been demonstrated to be useful tools for thinking through causal
processes and informing causal analyses in €Huis. highlights the utility and promise of

DAGs for informing a wide variety of methods for longitudinal data in a robust causal

framework¢l Gl a1 GKIFIG KFra 0S5S02YS Ay ONEBIwhekeyhaf & y S«
familiar biases associated witlbgervational data are likely amplified.

While longitudinal data are of great interest to epidemiologists and data scientists, they
LINS&ASyld RRAGAZ2YIE OKIFfftSy3daSa FT2N) Ordalt AyT
can pose difficulties, sincdéanges are in fact captured by follewp events conditional on

baseline events rather than a conflated summary of the two, as demonstrated in Chapter 4.
Indeed, this conceptualisation of change is that which is exploited by UR models and

fundamental to whythe method works, as demonstrated in Chapter 5. The importance of
understanding and faithfully modelling datgenerating processes in order to make robust

causal inferences in longitudinal contexts has been demonstrated throughout this thesis.

Chapter 7 smmarises and critically evaluates the findings of this thesis.

7.1.1Chapter overview

A general chapter overview is provided below.

In Sectior.2, we summarise th&eyfindings of the individual pieces of research contained in
this thesis and discuss their implications.

In Sectiorv.3, we highlight the contributions made to thédiature by this research, including
details of related publications.

In Sectiorv.4, we discuss the limitations of this research, and outline potential areas for future
research.

7.2 Summary of findings

Chapter 3 provided a foundation for understanding the contexts in whichhiteetmethods
considered in this thesis might be used. For each of methods, DAGs were first used to depict
the longitudinal context under consideration. The principles of graphical model theory were

then applied so that robust conclusions could be drawnuhmw the method ought to be

deployed in order to estimate causal effects. In each scenario, the application of DAGs was also
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useful for identifying potential problems and/or biases that might arise if the method was
deployed incorrectly or without properonsideration for causal structures.

A general summary of the findings of each chapter follows, each of which includes fuller details
of how the objectives of this thesis have been fulfilladditionally, key messages for
epidemiological and public hehlresearchers are summarisedTiable7.1.

Table7.1 Key messages for epidemiological and public health researchers

1. DAGasre useful tools for thinking through causal processes and informing causal
analyses involving longitudinal datahere possible, they should liecorporated into
standard practices for answering causal questions

2. DAGsshouldbe used to consider the causstructuresand datagenerating processes
governinga givenscenariothis enables researchers tdentify appropriatecovariate
adjustment to target the most useful estimanandto clearly communicateausal
assumptionsvhen presenting results.

3. The misapplication ahethods for causal inferends likely to invokénferential biasi.e.
where thenumerical estimate obtained doemt correspond to a sensible or
interpretable causal quantitythereby leading to incorrect interpretation and/or

inference.Ths is very different tetatistical bias

7.2.1 Statistical versus individuabased simulation methods for causal

inference
Chapter 3 considered several important methods for estimating causal effects in longitudinal
data, including DA@formedregression modelling, microsimulation, and agbased
modelling. The distinct historical evolutions of these three methods have given rise to distinct
features of the methods themselves, which provide a foundation for critical comparison. Of
note are thediffering levels of emphasis they place on data versus theory, which in turn
informs the types of causal questions which they arewgiled to answering, their relative
focus on fixed versus random effects, and the timescales upon and timeframes intladych

operate.

DAGinformed regression modelling is wasllited to analyses in which the query of interest

Oy S8 SELXAOFGSR Ay (GKS GNIRAGAZ2YyLFE £ y3dz 3
sufficient individualevel data are available on a suitabiméscale to capture the causal

processes of interest, and for which spillover effects and interference are negligible. With

regards to their practical utility for poliapaking decisions, this type of modelling is

appropriate for exposures and/or intervenns whose effects may be safely assumed to be
transportable across time. When such conditions are met, statisticatibiatned

approaches provide a robust method for causal inference whilst requiring relatively few
assumptions, and they offer a transpataneans for communicating those assumptions.
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In contrast, agerbased modelling provide a means for modelling greater complexity (e.g. in
the form of individual interactions and spillover effects) though they do so by relying on a
greater number of assuptions. Moreover, ABMs inherently contain greater uncertainty about
the validity of their causal effect estimates because they are typically applied in situations in
which key variables may not be represented numerically, or in which observed data are not
sufficiently granular in timescale to fully inform parameterisation and/or enable effective
validation. In this context, microsimulation offers a useful halfway house, since they may be
able to utilise the robust foundations of graphical causal modelsswliso exploring the

effects of complex (i.e. multiple) interventions that occur over long periods of time (which
possibly extend well into the future).

7.2.2The analysis of change

Chapter 4 considered the analysis of change using DAGS, a context whichsinuaaéfying

GKS NBfIGA2y&aKALI 6SG6SSy || aAay3atsS SELR&dINB |
outcome. In doing so, we demonstrated that change scores do not in general represent
exogenous change, and that the follayp outcome should be the true tagg of any analysis of

change. Moreover, we used path tracing to demonstrate why, and the degree to which,
changescore analyses differ from followp adjusted for baseline analyses (i.e. ANCOVA) in
non-randomised data.

However, followup adjusted for baseie analyses are not always the best solution for the
analysis of change, since the estimand targeted by such analyses differs according to the causal
structure of the data. Where the exposure is caused by the baseline outcome, a-tqilow

adjusted for basline analysis targets the total causal effect; where the exposure causes the
baseline outcome, this method of analysis targets the direct causal effect only. Thus,
determining whether to adjust for the baseline outcome is coniggpendent, and there may

exist scenarios in which folloup unadjustedfor baseline analyses are more appropriate. This

has not previously been considered by other authors examining the analysis of change because
scenarios in which the exposure causes the baseline outcome agenetally encountered in
experimental contextsnevertheless, they arise frequently in observational contexts and

therefore this research has the potential for substantively improving analyses of change.

Using a simple simulated example, the degremfidrential bias that might be introduced by a
changescore analysig/as illustrated. Furthermore, thienportance of using DAGs to help
determine the most useful analytical strategyas emphasised. This has applicability across
other methods and contexts, wheDAGs can be used to consider the causal structures
involved and to identify appropriate adjustment to target the most useful estimand.

723wSaANBa&A2Y SAGK Wdzy SELX I AYySR NB&ARC:
| KFLIGSN) p O2yaARSNBR NBINB&aaiAzy dektivich Wdzy S E LI
involves quantifying the relationship betweseparatemeasurements of a longitudinal

exposure and a subsequent outcome. Using path tracing, we demonstrated why the method
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(as originally formulated) is able to quantifhe total causal effects ahultiple measurements
of anexposure on a subsequent outcomgthin a single model. We also demonstrated how
UR models must be implemented in order to robustly accommodate confounding by both
baseline and timalependent covariateghis is an issue thatds not previously been explored
but is nevertheless crucial for practical applications of the method.

Despite their perceived advantages, UR models are significantly more complex to implement
than standard regression methods, particularly in the presesidene-dependent

confounding. UR models rely on the orthogonality of the constructed UR terms; where there
exists timedependent confounding, this necessitates the creation of UR terms for the
confounder as well as the exposure. Moreover, bootstrappimgéessary to obtain robust
estimates of standard errors (SEs) for all UR models, since SEs are artefactually reduced when
using UR models; this was demonstrated through a simple simulated example.

Taking all results together, we were able to conclude DAGs are useful for understanding
the properties of UR modelandfor determining correct adjustment for confounding
However, the additional complexity required to implement UR models makes them more
vulnerable to analytical and interpretational problspand thus they offer little to no benefit
compared to standard regression models.

7.2.4Microsimulation modelling

Chapter 6 considered microsimulation modelling using DAGs, a context which involves
quantifying the relationship betweemultiple measurements oé longitudinal exposure and a
subsequent outcome. By specifically contrasting microsimulation with floengula, we
demonstratedsome ofthe unique challenges faced by indivicia@sed simulation approaches
and the importance of faithfully modelling thexth-generating processes in order to estimate
causal effectsUsing a simulated example, we demonstrated how varying degrees of mis
specification adversely impacted estimation of natural and counterfactual histories using
microsimulation compared to the-fprmula.

'AAY3 YAONRAAYdzZ I GA2Y T GKS FdzidzZNB RA &G NR o6 dzi A
data-generating processes specified in the model.-Bfiscification of these processes

therefore has more consequential effects on estimation of caefatts using

microsimulation compared to the-fprmula, though the magnitude of any biases depends on

the true causal structure, the degree of rsigecification, and the true causal parameters.

MSMs are also more likely to simplify daganerating proceses, due to the difficulties

involved in parameter specificatioRew authors to date have considered microsimulation

within a formal causal framework, despite widespread use of the method for making causal
inferences; this research therefore provides aridation for exploring and identifying

additional causal considerations associated with this method.

Our simulations demonstrate the importance of using causal parameters in MSMs and of
modelling plausible datgenerating processes. DAGs are demonstratele a useful means
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by which the causal assumptions of an MSM can be made explicit, which can additionally aid
model interpretability and reproducibility.

7.3 Contributions to the literature

Several pieces of work related to this thesis have already beenspedlior accepted for
publication.

Chapter 3 contains a critical comparison of statistical versus indivihsgld simulation

methods for causal inference3%), which was published in its entirety in thgernational
Journal of Epidemiolod®). This manuscript arose due to a lack of clarity in the literature
surrounding the distinction between isrosimulation and agerdbased modelling. Moreover,
because DA formed regression modelling and individdzsed simulation modelling have
largely been confined to separate research disciplines, there has existed little overlap in the
knowledge about then and skills necessary for implementing them; the published manuscript
fills this gap. Chapter 3 also contains three examples which illustrate the benefits of applying
DAGs in new contexts; two of the three examples arise directly from research condycted b
the author of this thesis. Sectidh3.1.2discusses the use of DAGs to understand the analysis
of compositional data for causal inference, and Sec8id2discusses the distinction between
models for prediction and models for causal infereri8eth pieces of research wa been
published in thdnternational Journal of Epideology(1, 2)

The work featured in Chapter 4 has been submitted toltiternationd Journal of

Epidemiologyit is currently being revised following a second round of peer review and is

available as prgrint on ArXiv(4). This manuscript arose due to historical confusion in the

literk 0 dzZNB & dzZNNR dzy RAy 3 G(G(KS dzaS 2F WOKIy3aS aold2NB
hoped that the published manuscript will demonstrate the problems with chesugpee

analyses, and will inform alternate analytical strategies by encouragingrodsga to think

about the plausible causal structure that may arise in specific scenarios involved in the analysis

of change.

The work featured in Chapter 5 has been publisheStatistical Methods for Medical Research
(5). This manuscript arose due tdak of clarity in the literature concerning how to robustly
extend UR models to accommodate both longitudinal exposures measured at more than two
time points as well as confounding variables. The published manuscript therefore
demonstrates how to implemeariJR models correctly in more complex longitudinal scenarios
(including the requirement that standard errors be estimated via bootstrapping), which is
useful for future researchers seeking to use this method.

It is anticipated that the work featured in Qbtar 6 will form the basis of one to two
manuscripts, and that the simulations developed here will provide a foundation for
postdoctoral research to be conducted by the author of this thesis.
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The author of this thesis has also contributed to a manuscriptivexamines the use of DAGs
in applied health research and offers recommendations for improving their transparency and
utility in future research. This manuscript has been submitted toiternational Journal of
Epidemiologyand is currently availablas a preprint on medRxi\(57).

7.4 Limitations and future work

Across all contexts considered in this thesis, we did nosicler additional issues which might
threaten estimation of unbiased causal effects, such as measurement error or incorrect model
specification. All simulated examples were purposely oversimplified to highlight the key issues
involved from a causal perspaee, though the work contained in this thesis provides a
foundation for which to explore additional issues. Several of the most promising avenues for
future research are outlined in the following subsections.

7.4.1Understanding regression to the mean (RTM)ngiDAGs

The issues surrounding the use of change scores which were discussed in Chapter 4 have
historically been bound up in discussions surround measurement error and regression to the
mean (RTMJ158, 193) This is because in observational data, the results of chaoge
analyses are expected to agree with those at¢a from followup adjusted for baseline
analyses only under the specific condition in which the baseline and folloautcome are
perfectly correlated (as demonstrated id.8). However, RTM is fundamentally distinct from
the estimand confusion problemnamely, that the estimand targeted by changeore

analyses is neither meaningful nor useful for causal analfZesious research focusing on the
challenges of masurement error and biological variation abound, but these have often been
confused by the misunderstanding around what constitutes chalige anticipated that using
DAGs to consider RTM and associated phenomena of regression dilution and Bayesian
shrinkage can cast light on many of these issues. Additionally, the practice of considering
deterministic relationships within DA@sncluding the explicit depiction of error terms (as in
Figured.1) ¢ is likely to be useful for understanding phenomena associated with patterns of
variationrather than mean structures.

7.4.2 Generalisability, transportability, and MSMs

There exists an emerging literature related to the issuectffieneralisability and
transportability, both of which represent threats to the external validity of a m@tie#196).
Generalisability relates to the issue of makinfgrences from a possibly biased sample of a
target population back to the full target population (which includes the study sample); in
contrast, transportability relates to the issue of making inferences for a target population
where the study sample ahtarget population are at least partially nanverlapping(194)

Both of these issues are of particular relevance to the field of microsimulation, in which
parameters are often combined from multiple datasets (and thus likely from multiple
populations) into one single model in order to estimate causal effectsighedated to the
issues discussed Murray, E.J. et al. (99)
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In the simulations presented in Chapter 6, we did not consider the added complexity of
parameterising our MSM using estimates from different populations or datasets. However, this
likely represents a fruitful area for future research, in which recent advances in graphical
model theory may be applied in microsimulation contexts.

7.4.3Integrating DAGs with ABMs

All methods considered in this thesige typically applied in contexts in wiichere exists no
AYGSNFSNBYOSs: AdSd Ay GKAOK SIFOK AYRAGARdzZ £ Q
not that of any other individual. However, there exists an emerging literature relating to causal
inference in the presence of interferen¢&37-200). A notable example is that @igburn, E.L.

and T.J. VanderWeele (19Who distinguish amongst three causal mechanisms which give rise

to interference using DAGs and provide aiaefor the identification of causal effects in these
scenario$8 These developments have obvious applications for vaccination programmes and

social network data, but likely also have more general applications to ABMs. Moreover, ABMs
provide a useful fram&ork for simulating interference, since ABMs are defined by interactions
between agents.

7.5 Summary

Longitudinal dataonstitutea large proportion of the new and emerging forms of data in the
SNI 27T .M thia cbnteRtl rdblisOmethods for identifyimnd estimating causal effects

are necessary to inform clinical and public health interventions. Howeymgitudinal data
presentboth theoretical andanalytical challenges for causal inferenoger and above those
presented bycrosssectional dataThecounterfactual framework provides a valuable

paradigm for conceptualising and identifying causal effects in longitudinal data. This thesis has
illustrated the utility of using DAGs to think through causal processes and inform causal
analyses across a widariety of longitudinal scenarios and statisticahd simulatiorbased
methods. It is anticipated that the application of DAGs to other methods (e.g. ABMs) provide
fruitful areas for research, and the analyses conducted in this thesis provide a basis and
starting point for doing so.

28 These three mechanisms which give rise to interference aretif@gt interferencein which one
AYRADGARIZ £ Q&4 SHEHAR & ¢z88 KBRANNS ¢ R A @tdriRéuEefo@contagigai 02 YST
AY B6KAOK 2yS AYRAQGARdZ £ Qad 2dzi O2YS hlecatdrali a G KS
interference in which an individual is allocated to a group and his outcome is affected loj whi
individuals are allocated to the same group.
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Appendix A
The analysis of change

A.1Introduction

This appendix contains additional material relating to Chapter 4. In particular, it contains
additional details relating to the simulated example described in @e4tb.1

A.2 Simulated example

A.2.1DAGs

In this subsection, we depict the DAGs from which data were simulated in both the original
simulation and the additional simulation. K S W2 NA Ayl f AAYdzZ A2y Q N
whose results are presented in Secti#8.1.20 ¢ KS WF RRAGA2Yy |t &aAyYdzZ |G
simulation in which aditional baseline confounding was included, which was referred to in
Sectio4.6.1.3

A.2.1.10riginal simulation

FigureA.1 depicts the DAGs from which multivariate normal data were simulated in order to
demonstrate the degree of inferential bias that might be introduced by a changee
analysis.

Insulin concentration‘Qpappears lognormally distributed160), and so was simulated and

analysed in its logransformed form. For each of the scenarios depicteBigureA.1, 10,000
non-overlapping random samples of0D0 observations from a multivariate normal
RAAUONAROdzGAZ2Y 6SNB &AYdz | (S2R45, 40mR (Y. 3.3.0&5 WRI I A
Standardised ath coefficients were selected to approximately match observed esestonal

patterns. The path coefficient betweend andOdwas simulated as 0.500 where applicable

(i.e. Scenarios 2, 3A, and 3B); the path coefficient beti@éand " Odwas simulated as 0.650,

to represent a strong but imperfect correlation over time.Scenario 3B, an unobserved
variable®Ywas simulated to introduce confounding a confounding correlation averaging 0.08.

The total causal effect @b 6 on"Odwas fixed at 0.200 Log(mmol/L)/dm; when mediated
through™Og this was partitioned into aimdirect causal effect of 0.150 Log(mmol/L)/dm and a
direct causal effect of 0.050 Log(mmol/L)/dm.
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FigureA.1 DAGs from which multivariate normal data were simulated to demonstrate the
degree of inferential bias that might be introduced by a changeore analysis
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In Scenario (1)Q0is a competing exposure for the effectod on"Oa In Scenario (20 is
a confounder for the effect @ 0 on"Oa In Scenario (3)Q0is a mediator for the effect of
® 6 on'04d "Yrepresents an unobserved or unmeasured variable that confounds the
relationship betweeffO0andOd4(i.e. a mediatooutcome confounder). Numbers represent
standardised path coefficients. Deterministic relationships are indicated by dndile
arrows, and fully determined nodes are indicatealbybleoutlined rectangles.

A.2.1.2Additional simulation with urmeasured baseline confoundey

Because our original simulation was deliberately simplified, we also consideréouthsausal
scenarios depicted iRigureA.2, inwhich an unmeasured baseline confound¥éraffecting
each ofw 0 ,"0g and'0a
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FigureA.2 DAGs fronFigureA.1, with an additional unmeasured baseline confoundsr
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In Scenario (1JQdis a competing exposure for the effectot on"Od In Scenario (2)Q0dis
a confounder for the effect @ 6 on"Oa In Scenario (3)Q0is a mediator for the effect of
w6 on'Oq "Yrepresents an unobserved or unmeasured variable that confounds the
relationship betweeffO0and Od4(i.e. a mediatooutcome confounder). Numbers represent
standardised path coefficients. Deterministélationships are indicated by doutiileed
arrows, and fully determined nodes are indicatealbybleoutlined rectangles.

Path coefficients fofY were chosen which induced a confounded correlation of

approximately 0.08 betweem 6 and both"O6and “Oa All other details from the original

simulation (§.2.1.9 remained unchanged.

Results of this additional simulation are presented in Sedi@n3

A.2.2 Simulation parameters

The simulated mean and standard deviation (SD) specified in the simulation are provided in

TableA.l.




TableA.1 Mean (SD) of waist circumference and insulin concentration, as reported in three
separate waves of NHANES data and as simulated
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(dm)

NHANES Simulated
20092010 20112012 20132014
Waist circumference
9.50 (1.58) 9.42 (1.61) 9.52 (1.65) 9.50 (1.60)

Insulin concentration
(Log(mmol/L))

4.20 (0.70) 4.08 (0.74) 3.98 (0.77)

4.00 (0.74) - baseline
4.20 (0.74) - follow-up

Pearson correlation

0.58

0.58

0.60°

0.50¢ 0.60

#Between waist circumference and log insulin concentration

The mean values for insulin concentratiG@§were simulated to represent a notional five

percent increase between baseline and foltoy.

A.2.3Results of additional simulation with unmeasured baseline confounder

-

The results of the additional simulation with unmeasured baseline confouivdare

summarised iMableA.2. As expected, all three methods provided biased estimates of the

total causal effect ofo 6 on"Od4 However, dollow-up adjusted for baseline analysis

appeared to be the least biased f8cenarios 1, 2, and 3A, whereas a follgpwnadijusted for

baseline analysis was preferred for ScenarioBi& changscore analysis performed poorly

across all scenarios.




TableA.2 Median regression coefficient 6ff F (and 95% simulation limits) for each method of analysis, for each causal scenario depictédureA.2

E Fis: Competing &posure Confounder Mediator

Method of analysish  Scenario: 1+ 2+ 3A+ 3B+
Changescore 0.191 0.114 -0.040 -0.040
Yoo | ) wo) (0.187, 0.220) (0.1, 0.123) (-0.061,-0.019) (-0.03,-0.023)
Followup adjusted for baseline 0.203 0.2 0.048 0.015
(00 71 Jwo T 09 (0.187,0.2209 (0.199, 0.211) (0.023, 0.071) (-0.008, 0.035
Followup unadjusted for baseline 0.228 0.382 0.228 0.228
(06 71 Awo) (0.203, 0.258 (0.366, 0.399) (0.203 0.52) (0.203, 0.53)

WAAN

The true total effect was simulated to be 0.200; where this was when mediated thi@aghe. Scenarios 3A and 3B), the true direct effect was simulated to be

0.050.
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A.2.4 Annotated R code

# This code demonstrates the degree of inferential bias that might be

# introduced by a change - score analysis (compared to a follow - up adjusted
# for baseline analysis & a follow - up UNadjusted for baseline anal ysis)
# The scenario considered is for the baseline exposure waist cicumference (WCO),

# two longitudinal measures of the time - varying outcome insulin concentration

# (ICO, IC1), one baseline confounder (U2), and one mediator - outcome

# confounder (V) [al | variables continuous]

## (1) SET UP

# Load required packages

if(packageVersion(‘dagitty’) < "0.2.3"}{
warning("Please install at least version 0.2.3 of the dagitty package!")
stop("Use this command: devtools::install_github('jtextor/dagitty/r)")

require(dagitty)
require(MASS)
require(rpsychi)

# Set simulation parameters
N <- 1000
Nreps < - 10000

### (a) Functions
#### (1) runSims function  seemeemeeemmeemmeeeees
# This function executes multiple simulations and summarise findings
runSims < - function(Means, Sigma, N, Nreps, Seed) {

start < - Sys.time()

Sum < - NULL
for (itn in 1:Nreps) {

seed < Seed*N*itn
dat < - data.frame(mvrnorm(N, Means, Sigma, empirical = FALSE))
names(dat) < - c("X","Y0", "Y1", "U2")[VarOrd]
dat$DY < - dat$yl - dat$Yo
mod1 < - Im(DY ~ X, data = dat)
mod2 < - Im(Y1~ X+ YO, data = dat)
mod3 < - Im(Yl~ X, data = dat)
Coeffs < c(modl$coefficients[2], mod2$coefficients[2], mod3$coefficients[2])
names(Coeffs) < - c("Betal", "Beta2", "Beta3")
Sum < - rbind(Sum, Coeffs) }
end < - Sys.time(); prlnt(en start)
Sims < - apply(Sum, 2 functlon(x){quantlle(x ¢(0.025, 0.5, 0.975))})
return(Sims) }
runSims2 < - function(Mu, Sigma, Nobs, Nsims, Seed) {
start < - Sys.time()

Sum < - NULL
for (itn in 1:Nsims) {

seed < Seed*Nobs*itn
dat < - data.frame(mvrnorm (Nobs, Mu, Sigma, empirical = FALSE))
names(dat) < - c("X", "Y0", "Y1", "U2", "U")[VarOrd2]
dat$DY < - dat$Yl - dat$Yo
mod1 < - Im(DY ~ X, data = dat)
mod2 < - Im(Y1 ~ X + YO,data = dat)
mod3 < - Im(Y1 ~ X, data = dat)
Coeffs < - c(modl$coefficients[2], mod2$coefficients[2], mod3$coefficients[2])
names(Coeffs) < - c("Betal", "Beta2", "Beta3")
Sum < rbind(Sum, Coeffs) }
end < - Sys. tlme() prlnt(end sta

rt)
Sims < - apply(Sum, 2 functlon(x){quantlle(x ¢(0.025, 0.5, 0.975))})
return(Sims) }

## (i) DAG functions

# These functions generate DAGs according to the given scenarios

# Scenarios 1 and 2:
DAG_bae_confounder < - function(pU2_WCO0, pU2_ICO0, pU2_IC1,
PWCO_ICO, pWCO_ICT, pICO_IC1){
dag < - dagitty(pasteO("dag{ U2 - >WCO0 [beta— pU2_WCO il
U2- >ICO [beta=",pU2_ICO,"]
U2- >IC1 [beta=",pU2_IC1,"]
ICO - >WCO [beta=",pWCO0_IC0,"]
WCQ >IC1 [beta=",pWCO_IC1,"]
ICO - >IC1 [beta=",pICO_IC1,"T}"))
return(dag) }

# Scenario 3A:
DAG_base_mediator < - fun ction(pU2_WCO, pU2_ICO0, pu2_IC1, pWCO_ICO,
pWCO_IC1, pICO_IC1) {
dag < - dagitty(pasteO("dag{ U2 - >WCO [beta=",pU2_WCO,"]

U2- >ICO [beta=",pU2_ICO0,"]
U2->IC1 [be ta=",pU2_IC1,"]
ICO< - WCO [beta=",pWCO0_ICO0,"]
WCBO >IC1 [beta=",pWCO0_IC1,"]
ICO - >IC1 [beta=",pICO_IC1,"]}"))
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97 return(dag) }

98

99 # Scenario 3B:

100 DAG_base_mediator2 < - function(pU2_WCO0, pU2_ICO0, pu2_IC1, pU_ICO,

101 pU_IC1, pWCO_ICO0, pWCO0_IC1, pICO_IC1) {
102 dag < - dagitty(paste0("dag{ U2 - >WCO0 [beta— ,pU2_WCO,"]

103 U2- >ICO [beta=" pU2_ICO,"]

104 U2- >IC1 [beta=",pU2_IC1,"]

105 ICO< - WCO [beta- pWCO 1C0O,"]

106 U- >ICO [beta=",pU_ICO0,"]

107 U >IC1 [beta=",pU_IC1,"]

108 WCO>IC1l[b eta=",pWCO0_IC1,"]

109 ICO - >IC1 [beta=",pICO_IC1,"T}' ))

110 return(dag) }

111

112 | SR HHHEH HHHEHHER T
113 ## (2) DATA SIMULATION om0
114

115 ## (a) Set up

116

117 # Set means and variances

118 WCmu < 9.5
119 WCvar <- 1.6"2

120 ICOmu< - 4.0

121 ICOvar< - 0.74"2

122 ICImu< - 4.2

123 IClvar< - 0.74"2

124

125 # Set vectors for simulations

126 VarNames < - c("WCO0", "IC0", "IC1", "U2")
127 Nmu <- ¢(WCmu, ICOmu, IC1mu, 0)
128 Nvar < - c(WCvar, ICOvar, IClvar, 1)
129

130 # Set consistent path coefficient

131 pICO_IC1< - 0.65
132 pWCO_IC1 <- EffSize< - 0.433

133

134 # Set final output file identifier

135 Name <- pasteO("final -", (Nreps/1000), "k", " -, substr(Sys.time(), 1, 10), ".csv")
136

137 ### (b) Scenario 1

138

139 pu2_ICO< - 0.0;pU2_WCO< - 0.0;pU2_ICl1< - 0.0;pWCO_ICO< - 0.0;
140 dag < - DAG base _confounder(pU2_WCO, pU2_ICO0, pu2_IC1,

141 pWCO_ICO, pWCO_IC1, pICO_IC1); # plot(graphLayout(dag))
142 Cor < - impliedCovarianceMatrix(dag)

143 VarOrd < - as.integer(sapply(colnames(Cor), function(x){which(VarNames == x)}))
144 Means < - Nmu[VarOrd]

145 Sigma < - r2cov(sqrt(Nvar[VarOrd)]), Cor)

146 Siml <- data.frame(runSims(Means, Sigma, N, Nreps, 13))

147 Filename < - pasteO("1 -full -", Name)

148 write.csv(Sim1, file = Filename, row.names = FALSE)

149

150 ## (c) Scenario 1+

151

152 # (Scenario 1 plus baseline confo under U2)

153

154 puU2_ICO< - 0.4;pU2_IC1< - 0.04;pU2 WCO< - 0.2; pWCO ICO< - 0.0
155 dag < - DAG base _confounder(pU2_)\ WCO pU2_ICO, pu2_IC

156 pWCO_ICO, pWCO_IC1, pICO IC1)

157 Cor < - impliedCovarianceMatrix(dag)

158 VarOrd < - as.integer(sapply(colna mes(Cor), function(x){which(VarNames ==x )}))
159 Means < - Nmu[VarOrd]

160 Sigma < - r2cov(sqgrt(Nvar[VarOrd]), Cor)

161 Simlplus < - data.frame(runSims(Means, Sigma, N, Nreps, 17))

162 Filename < - pasteO("lplus  -full -", Name)

163 write.csv(Sim1plus, file = Filename, row.names = FALSE)

164

165 ### (d) Scenario 2

166

167 # set consistent path coefficient

168 pWCO0_ICO<- 0.5

169

170 pu2_ICO< - 0.0;pU2_IC1< - 0.0;puU2_WCO< - 0.0

171 dag < - DAG_base_confounder(pU2_WCO, pUu2_ICO, pUu2_IC1,

172 pWCO_| ICO pWCO IC1, pICO IC1); # plot(graphLayout(dag))
173 Cor < - impliedCovarianceMatrix(dag)

174 VarOrd < - as.integer(sapply(colnames(Cor), function(x){which(VarNames == x)}))
175 Means < - Nmu[VarOrd]

176 Sigma < - r2cov(sqrt(Nvar[VarOrd]), Co r)

177 Sim2 < - data. frame(runSlms(Means Sigma, N, Nreps, 19))

178 Filename < - paste0("2 -full -", Name)

179 write.csv(Sim2, file = Filename, row.names = FALSE)

180

181 ### (e) Scenario 2+

182

183 # (Scenario 2 plus baselin e confounder U2)

184

185 puU2_ICO< - 0.4;pU2_IC1< - 0.04;pU2 WCO< - 0.2

186 dag < - DAG base _confounder(pU2_WCO, pU2_ICO, pu2_IC1,

187 pWCO_ICO, pWCO_IC1, pICO_IC1)

188 Cor < - impliedCovarianceMatrix(dag)

189 VarOrd < - as.integer(sapply(colnames(Cor), function(x){which(VarNames == x)}))
190 Means < - Nmu[VarOrd]

191 Sigma < - r2cov(sqgrt(Nvar[VarOrd]), Cor)

192 Sim2plus < - data.frame(runSims(Means, Sigma, N, Nreps, 23))

193 Filename < - pasteO("2plus - full -", Name)

194 write.csv(Sim2plus, file = Filename, row.names = FALSE)

195

196 ### (f) Scenario 3A

197

198 pu2_ICO< - 0.0;pU2_IC1< - 0.0;puU2_WCO< - 0.0

199 pWCD_IC1 <- EffSize” - (pICO_ICI*pWCED_ICO)
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200 dag < - DAG_base_mediator(pU2_WCO, pU2_ICO0, pU2_IC1,

201 pWCO_ICO, pWCO_IC1, pICO_IC1)

202 Cor < - impliedCovarianceMatrix(dag)

203 VarOrd < - as.integer(sapply(colnames(Cor), function(x){which(VarNames ==x )}))
204 Means < - Nmu[VarOrd]

205 Sigma < - r2cov(sqgrt(Nvar[VarOrd]), Cor)

206 Sim3a < - data.frame(runSims(Means, Sigma, N, Nreps, 29))

207 Filename < - pasteO("3A - full -", Name)

208 write.csv(Sim3a, file = Filename, row.names = FALSE)

209

210 ### (g) Scenario 3A+

211

212 # (Scenario 3A plus baseline confounder U2)

213

214 puU2_ICO< - 0.4;pU2_IC1< - 0.04;pU2_W CO<- 0.2

215 pWCO_IC1 <- EffSize - (pICO_IC1*pWCO_ICO)

216 dag < - DAG_base_mediator(pU2_WCO, pU2_ICO, pU2_IC1,

217 pWCO_ICO, pwCO_IC1, pICO_IC1)

218 Cor < - impliedCovarianceMatrix(dag)

219 VarOrd < - as.integer(sapply(colnames(Cor), function(x){which( VarNames == x)}))
220 Means < - Nmu[VarOrd]

221 Sigma < - r2cov(sgrt(Nvar[VarOrd]), Cor)

222 Sim3aplus < - data.frame(runSims(Means, Sigma, N, Nreps, 31))

223 Filename < - pasteO("3Aplus - full -", Name)

224 write.csv(Sim3aplus, file = Filename, row.names = FALSE)

225

226 ### (h) Scenario 3B

227

228 # (mediator - outcome confounder U)

229

230 # Reset vetors for simulations

231 VarNames < - c("WCO0", "IC0", "IC1", "U2", "U")

232 Nmu <- ¢(WCmu, ICOmu, IC1mu, 0, 0)

233 Nvar < - c(WCvar, ICOvar, IC1var, 1, 1)

234

235 pu2_ICO< - 0.0;pU2_IC1< - 0.0;puU2_WCO < - 0.0

236 pU_ICO< - 04;pU_ICl< - 0.2

237 pWCO_IC1 <- EffSize - (pICO_IC1*pWCO_ICO)

238 dag < - DAG_base_mediator2(pU2_WCO0, pU2_ICO0, pU2_IC1, pU_ICO,
239 pU_IC1, pwCO0_ICO, pWCO_IC1, pICO_IC1)
240 Cor< - implied CovarianceMatrix(dag)

241 VarOrd2 < - as.integer(sapply(colnames(Cor), function(x){which(VarNames == x)}))
242 Means < - Nmu[VarOrd2]

243 Sigma < - r2cov(sqrt(Nvar[VarOrd2]), Cor)

244 Sim3b < - data.frame(runSims2(Means, Sigma, N, Nreps, 37))

245 Filename < - pasteO("3B -full -", Name)

246 write.csv(Sim3b, file = Filename, row.names = FALSE)

247

248 ## (i) Scenario 3B+

249

250 # (Scenario 3B plus baseline confounder U2)

251

252 puU2_ICO< - 0.4;pU2_IC1< - 0.04;pU2_WCO < - 0.2

253 pU_ICO< - 04;pU_IC 1<- 0.2

254 pWCO_IC1 <- EffSize - (pICO_IC1*pWCO_ICO)

255 dag < - DAG_base_mediator2(pU2_WCO0, pU2_ICO0, pU2_IC1, pU_ICO,
256 pU_IC1, pwCO0_ICO, pWCO_IC1, pICO_IC1)
257 Cor < - impliedCovarianceMatrix(dag)

258 VarOrd2 < - as.integer(sapply(colnames(Cor), function(x){which(VarNames == x)}))
259 Means < - Nmu[VarOrd2]

260 Sigma < - r2cov(sqrt(Nvar[VarOrd2]), Cor)

261 Sim3bplus < - data.frame(runSims2(Means, Sigma, N, Nreps, 41))

262 Filename < - pasteO("3Bplus - full -", Name)

263 write.csv(Sim3bplus, file = Filename, row.names = FALS E)
264

265 ### (h) Export data

266

267 Summ < - NULL

268 for (itn in c("1", "1plus", "2", "2plus", "3A", "3Aplus", "3B", "3Bplus")) {

269 Label < - paste0(itn, " - full”)

270 Filename < - pasteO(Label, " - " ,Name

271 File < - read.csv(Filename)], c("Betal", "Beta2", "Beta3")]

272 rownames(File) < - paste(Label, c("2.5%", "50%", "97.5%"))

273 Summ < - rbind(Summ, File) }

274

275 write.table(signif(Summ), Name, sep = ",", row.names = TRUE, col.names = N
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Appendix B
wSAIANB&aaAzy 6AGK Wdzy SELIX I AYySHF

B.1Introduction

This appendix contains additional material relating to Chapter 5. In particular, it contains
formal mathematical proofs relating to the key properties of UR models, and details relating to
the simulaton in Sectiorb.6 which demonstrates the artefactual standard error reduction

We first define the key three propertied UR models for a longitudinal exposure measured at
“Ytime points(8B.2). We also define the key properties of ordinary least squares (OLS)
regression estimators and introduce two lemmaB &, which will be required in the
subsequent sections. We then prove the three properties of UR modelddogaudinal
exposure measured ditime pointsin the absence of any confounderd3(8), where there

exists a baseline confounderB%), and where there exists a tirgependent confounder

(8B.6). We finally provide additional details relating to the simulation which demonstrates the
artefactual standard error reduction in UR modetgliiding annotated R codeBSg?).

B.2Key properties of UR models for a longitudinal exposure measured at
time points

The key properties of UR models for a longitudinal expogureasured at'time points (i.e.
O MM hd ) are summarised ifiableB.1.

Note that the original scenario examined by KeijZeen et al(93)is equivalent to the
scenario considered here whet¥ c.
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TableB.1 Description ofkey properties of UR models for a longitudinal exposikemeasured
at 9| time points (i.e.&= R I8 kL ) andone outcomel-

Mathematical
Property Description formulation
The outcome values predicted by the final standard
0] regression model (i.e. for exposuie ) are equal to those ® @

predicted by the UR model.

The estimated coefficient fab in the initial standard
(i) regression model (i.e. for exposuie) is equal to the _
estimated coefficient fotd in the UR model.

The estimated coefficient for each in its individual
standard rgression model (i.e. for exposuée) is equal to

il | -
() the estimated coefficient for the corresponding UR téfim -
inthe UR modelforp o Y p.
B.3Lemmas

The proofs that follow (inB.4 88.5 and 8.6 rely upon the following key properties of
ordinary least squares (OLS) regression estimators and two lemmas.

B.3.1Key properties of ordinary least squares (OLS) estimators

We may represent the regression equation T '@ E f ® -insummary
notation as:

w o -,
where wrepresents the vector af continuousobservationsof the outcome wrepresents the
¢ Y p matrix of¢ observations fof Ycontinuouscovariatesand 1 constant; represents

the”Y pvector of coefficiats for each covariatand constantand- represents the vector of
¢ residuals.

The OL®stimate of is given by
On the assumption that the inverse matrix exists, this equation has a unique solution.

Further, for the given OLS equatian &  'Qit can be shown that the vector of residuals
(Q isorthogonal (denoted)) to every columngico hio /8 & ) of (.29

29 Note that detailed proofs have not been provided, but can be located imafezenced material
(203)
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B.3.2Lemma 1

Fortwo orthogonal components$ and] (i.e.t U7 ), the estimated coefficientsf the
regression ofoon T and] are equal to the estimated coefficients for the separate regressions
of won tandwon .

Proof: The regression abon T and] may be written as

I

TT1T1T-

w T

From Definition 1the OLSestimate of andf is given by OO O In this scenario,
T Tt Tt =

I S T
where the final equivalency follows from the condition of orthogonality. Then
. tt n Tt T
W
m 1] Tt 1

and
oo Fe 9

1 1 w

Combining these elements gives

I T Tt T w Tt tw
I n 11 T 17w

From this, wesee that the estimated coefficients are equivalenthose thatwould be
produced for the separate regrasss ofwon T andwon] . #

B.3.3Lemma 2
If+ Uy form "Q Qandm Q Qtheni n oA AR Ui f deh M1 forany
vectorst it Bt A h M7 .30
Proof:t U] impliesthatt & mform Q Qandm "Q QThen
i 0GRt BA 3 fdeh B MY
ot ot E ot 201 Q1 E Q)

©Q 1t 9 E Qt9 E Qt D ©Q 1t 9
E ©Q 1t 92
OQ T QT MO MM o mn OoQmn E 0Qm

30 The span of a set of vectarsh i F87 s the set of all possible linear combinations of A 81 | i.e.:

i naeh R MBI @ @ @ E & ,where the coefficientsoftoFiy B Ry are scalars.
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Tt
Thusi 1) GtERt B AE Ui ndeh B MW v
B.4UR models with no confounders$-{gure5.10)
B.4.1Definitions

B.4.1.1Definition 1

We define the ordinary leastquares (OLS) regression model for each measurement of
the exposure variabléy, formm 0 "Y p . Because the relationship betweén and ®is
confounded by all previous vals®fd (i.e.( I I8 Fid ), we representas a function of
phtd b M8 o

w | | w

W | | O | ®

5

) | | ® | o E | A EquationB.1

The coefficient of the last/most recent measurementd@fi.e.; ) may be interpreted as the
total causal effecof & on .
B.4.1.2Definition 2

As established by Keijzgeen et al(93), each UR terr® is derived from the OLS regression
of @ on all previous measurements ¢ (i.e. hd B I ):

o T e o E o A Q EquationB.2

forp 0 Y p.Thus,

Q I oo @

Q I A T A RS

5

Q I I o T o E 7 ) ) EquationB.3

By its formulationQ represents the difference between the actual valugwofand the value
of @ as predicted by all previous measurementswof

B.4.1.3Definition 3

The UR modab is defined as an OL&gression model which represerisas a functiorof
phd I B ,form o6 Y p:

() A Q
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€

mh
(o)

() — — ®w _ Q _

EquationB.4

B.4.2Mathematical proofs

B.4.2.1Covariate orthogonality
We prove in Lemma 3 thatl UR term& FQ B hiQ are orthogonal to all preceding

variables in the composite UR modEhgationB.4), and therefore orthogonal to their span in
Theorem 1

B.4.2.1.1L.emma 3
Q UQ i K ,forp 0 Y p.

Proof:By constructionQ represents the residuals from the OLS regression of
o* phy I B hd  (EquationB.2). ThusQ U phd hd I8 Fed  , which implies thaf U
i oMY  bylLemma 2

ltisclearthalQ AQ BHQ  7i fcpdohdMBRy forp 6 Y p by
construction; we are thereforable to conclude tha® UQ HQ B [Q 4
B.4.2.1.2Theorem 1

Q Ui ndpdid Q FQ B Jforp 0 Y p.

Proof:Q U phd becauseéQ represents the residuals from the OLS regression of
o phy A M R . Further)Q U'Q FQ B AQ forp 0 Y p bylLemmas3.

Thus,Q Ui n cpbd iQ AQ B iQ by Lemma 2¢

B.4.2.2Property (i)

Proof This equality follows from the fact that each UR maiel is a function of the same
variables as the corresponding standard regression maoalel

ByDefinition 3 & "Qphd KQ B HQ , whereQ  "Qphd iid M hd by Definition 2
Thus, it also holds that

®  "Qphid I B iy
Moreover, byDefinition 1,
®  "Qphid I B iy
From this, it follows thafd ® and, consequentlyy ()] 4

B.4.2.3Property (ii)
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Proof By definition,& A "Qphd , andsoit is trivially true tha|

BecauséD Ui 1 cpdd FQ AQ B FQ forp 0 Y p byTheorem lwe are
able to applyLemma land conclude that

mh

Therefore| _ & 31

B.4.2.4Property (iii)

Proof:Consideithe UR model:

o " . = <
(%) _ _ © _ Q9 E }’-£Q
If we substitute the expansidior Q (EquationB.3) into this equation and rearrange, we
produce
O _  _ 0 _ I o o E _ r o
o E 7 A A
- - E _ _ _r E _1 o
__ 0 B _ 1 b B gy

Since we have already established thiat @ (i.e.Property (i) because they are functions
of the same covariates, it follows that the estimated coefficidotshose covariates must
themselvese equal. Specifically, we are able to see that the coefficierbfovill always

equal the coefficient fofd , i.e|

Finally, becaus® Ui 1 cpdd iQ AQ 8 FQ , we can again applyemma land
conclude that_ _ E _ ,fromwhich it follows that 4

B.5UR models with baseline confoundingigure5.11)
B.5.1Definitions

B.5.1.1Definition 4

Because the relationship between each measuremerandis confounded by (for Tt
0 "Y p), adjustment ford is necessary to estimate the total effect®fon ®in the
standard regression models:

&) | | 0 oL

&) | I 0 | o »LE

5

» 0 | o | » E »ﬂﬂ £4| EquationB.5

31 Although no causaheaninghkignificance can be attributed to thietercept term the logic applied in this proof may be easily
extended to show that
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B.5.1.2Definition 5

The relationship betweetd and® OB Kd  forp 6 Y p is confounded by , and
thus adjustment fo) is necessary when regressiéiy ¢ R F8 itd  to generate each UR

term’Q ,i.e.:
O T ror O r o E 7 A Q EquationB.6
and
Q r R A I = ) A EquationB.7

In this wayQ represents the difference between the actual valugnfind the value ofo as
predicted by all previous measuremenitsd fto B hd

B.5.1.3Definition 6

0 also confounds the relationship betweén and @, and so adjustment must be made ireth
composite UR model:

® _ 0 ® Q E Q
EquationB.8
B.5.2Mathematical proofs

B.5.2.1Covariate orthogonality
We prove inLemma 4hat all UR term& fQ 8 fQ are orthogonal to all preceding

variables in the composite UR model
( EquationB.8), and therefore orthogonal to their spaniheorem 2

B.5.2.1.1lemma 4
Q UQ K MR dforp 0 Y p.

Proof:By constructionQ represents the residuals from the OLS regression of
@* ph) Iy hd I8 i (EquationB.6). Thus'Q U phd hd iy B Iid , from which it follows
thatQ Ui ) dpdd o hd B iy byLemma 2

Becausé) HQ B hQ finopdbhdMRKY forp 0 Y p by
construction we are able to conclude th U'Q HQ B Q L
B.5.2.1.2Theorem 2

Q Ui n dptd o hQ iQ B dforp 0 Y p.

Proof:'Q U ph) id becauseQ represents the residuals from the OLS regression of
@ p Ky K B Iy . Further,Q UQ HQ B Q forp 0 Y p bylLemma4

above.

Thus,Q Ui n apdd hd iQ QB hQ by Lemma 2¢
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B.5.2.2Property (i)
Proof:As before, thigquality follows from the fact thad is a function of the same variables
as®
ByDefiniton 6 "Qph) I FQ B HQ , whereQ  "Qphd hd Fid I8 hd by
Definition 5 Thus, it also holds that
& "Qphd Ky hid B hid
Moreover, byDefinition 4
& "Qphd Ky hid B hid

From this, it follows thafd ® and, consequently® ®w .d

B.5.2.3Property (ii)

Proof:By definition 6 ) "Qpf R |, and it is trivially true that

BecauséQ Ui 1) ¢pdd hd AQ HQ B HQ forp o0 Y p byTheorem2we

conclude that_ _ E _ fromLemma 1

Therefore| _ 8 32

B.5.2.4Property (iii)

Proof:Consideithe UR model:

o o n . = <
) _ _ L _ 0 _ Q E y-ég
If we substitute the expansicior Q (EquationB.7) into this equation and rearrange, we
produce
» _  _ 0 _ o _ i red o 10 E
_ [ e @ E 7 A O 0
- - T E _ T _ _ E _ 1
- - T E _ 7 w E 1’._40 - _ T
- r 0

We have already established thait @ (i.e.Property (i) because they are functions of

the same covariatesoit follows that the estimated coefficienf®r those covariates must

32 Although no causaheaningsignificance can be attributed to the coefficient of the confounderthe logic applied in this
proof may be easily extended to show that  _ Yo
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themselveshe equal Specifically, we see that the coefficient forwill always equal the
coefficient forQ , i.e.|

Becaus&) Ui 1 ¢pfd hd AQ FQ B iQ , we may applyemma land conclude that

E _ , from which it follows that _ Lo

B.6 UR models with timedependent confounding Figure5.12)
B.6.1Definitions

B.6.1.1Definition 7

The relationship between each and®is confounded by all previous measurements of the
exposurel hd B i, as well as all previous and current measurerseasftthe confounder
O B R (form o Y p). These covariates must all be included in the standard
regression models to obtain an unbiased estimate of the total causal effect of each
measurementy onq i.e.:

& | 0 st

) | I 0 | & | 0 s

5

& b 1 e E | o o, 4
EquationB.9

B.6.1.2Definition 8

The relationship between each measureméntand all previous measurements of the
exposure® fd B ity is confounded by all previous and current measurements of the
confounderd ) B R) ,forp © Y p . Thus, we create UR terri@s for each
measurement of the exposure varialile by adjusting fod i B R ,i.e.:

o T ro o o E 7 0 I ) rbQ
EquationB.10

and

Q I roor o E T 0 r ® o ®
EquationB.11

In this wayQ represents the difference between the observed valuéofind the value of
@ as pedicted by all previous measuremeritsfto i OB KO R .

Previous proofs have relied upon the orthogonality of the terms in the composite UR model
(i.e.Theorem land Theorem 24n 8B.4.2.1.2and 8.5.2.1.2 respectively). This necessitates the
creation of UR term& for each measurement of the timéependent confounding variable

0 ,forp 0 Y p.EachQ is derived from the OLS regressiorbofon all previous
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values of tle confoundetd ) B )  and all previous values of the exposure
OB ie.:
0 +H HO S+ E H D +H d  Q
EquationB.12

and

Q -+ +H0 +uw E +H 0 -+ ® 0

EquationB.13

These adjustments follow from the DAG in Figutgn which it is evident thad Fid F8 R
confound tte relationship betweed and0d ) B R . ThusQ has a similar
interpretation to the original UR terms, in that it represents the parb ofunexplained by all
previous valued) Fib D OB D A

B.6.1.3Definition 9

Finally, we reprsent the composite UR model as a function of the initial value of the exposure
@& and all subsequent URs for the expos@ehQ M HQ , and the initial value of the
confounderd and all subsequent URs for the confoun@er iQ B hQ
® _ _ 0 ® _ QO _ QO E
_ Q _ Q EquationB.14

B.6.2Mathematical proofs

B.6.2.1Covariate orthogonality

Here, weshow that: the UR terms for each measurement of teafounder (i.e.

Q AQ M HQ ) are mutually orthogonglLemma §; the UR terms for each measurement of
the exposure (i.€Q AQ B AQ ) are mutually orthogonglLemma 7. and, importantly, the
URterm€) HQ B AQ are orthogonal tdQ AQ B HKQ (Lemma §.

B.6.2.1.1lemma 6
Q UQ i M Jforp 0 Y p.

Proof:By constructionQ represents the residuals from the OLS regression of

Ox pld) MM R (EquationB.12). ThusQ Uph MM R  hRd , which
impliesQ p m'Q nQ 3 ™ XX mTQ 3 TL
From this, it follows thaQ Ui n ¢pfd RO Ry fromLemma 2
Becausé) Q B HQ Tifopdd MM hd forp 6 Y p by
construction we are able to conclude th® UQ HQ B HQ 4
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B.6.2.1.2Lemma 7
Q UQ i K ,forp 0 Y p.

Proof:By constructionQ represents the residuals from the OLS regression of

o pl) MM Ry [ (EquationB.10). ThusQ Uphd MR Ky R
which impliesQ p m'Q D nTQ Jdd 1™ XD mT'Q b mQ O
0 U

From this, it follows tha® Ui n ¢pfd oM hd [  fromLemma 2

BecauséQ O BHQ  Ti nopd MMM R B forp 6 Y p by
construction we are able to conclude th@ UQ HQ B [Q u

B.6.2.1.3Lemma 8

Q yQ ,forp 0 Y pandp Q Y p.

Proof:As established previousl®, Ui n cpfd o B D
p O Y p.Becaus& HQ MR §i ncpdd RO A
construction, it is evidenttha® U'Q HQ B Q .

by Lemma 2 for
5 by

g; =y
=x

Further,Q Ui f opdd MO R  byLemma2forp "Q Y p .Because
Q K M Tinapdd MM R by construction, it is evident th&d U
Q K B

Combining these two results, it follows th@t U'Q forp o Y p andp Q 7Y
p.*

B.6.2.1.4Theorem 3

i@ Ui nopdd B Q dforp 0 Y p.

Proof:By definition,Q U ph) hd . As established ihemma 7andLemma 8Q U

Q B K B

Further,Q Uph R by definition, and as establishedliemma GandLemma 8Q U

Q B K B

Thus, byLemma 2itfollows thati 0 ¢ lQ Ui n cpdd hd B Q hQ L

B.6.2.2Property (i)
Proof:As previouslyProperty (i)follows from the fact thato is a function of the same

variables asd

ByDefinition 9%  "Qphd o hQ FQ B Q ,whereQ "Qpid R B A o

andQ  Qpid R MR Ry R byDefinition8. Thus, it also holds that
”n F’B ”n

& Qpd hd

i héd
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Moreover, byDefinition 7,
) Qe R B D
From this, it follows thafd ® and, consequently ®w .d

B.6.2.3Property (ii)

Proof:By definition ) "Qphd R , and itis trivially true that

Becausé 1 X FQ Ui n cpdd o B KQ Q forp o Y p by

Theorem 3we are able to conclude that _ E by applying-emma 1

Therefore| _ 4 33

B.6.2.4Property (iii)

Proof:Consider the UR model:

® _ _ 0 _& _ 9 _ 9 E _ Q y_‘;g

By substituting the expansiofier Q (EquationB.11) andQ (EquationB.13) into this
eguation and rearrangingve produce

® _ _ 0 _ o _ -+ O HDO D
- T e oo 0 1 0 E _ + IO
E HO +0 E H O o _ r A
E I ® o [ 0 E t O
. _ e _ E _ H _ 7 _ _
_ ! E _ +H _ 1 0 _ _ -+ _ E
_ +H _ o E _ N y_‘“b

Having established thab @ (i.e.Property (i) because they are functions of the sam
covariates it follows that the estimated coefficienfsr those covariates must themselvbe
equal. Specifically, we see that the coefficientdomwill always equal the coefficient f&@ |,
i.e.|

Finally, using the fact th&® Ui n ¢pfd O FQ HQ B hQ Q Q , we apply

Lemma Jland conclude that _ E _ , from which it follows that

. d

33 Although no causal meaning/significance can be attridutethe intercept term o the coefficients of the UR terms for the
confounderQ 8 fQ , the logic applied in this proof may be easily extended to show that _ and|
2 XX _ , respectivey.
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B.7 Artefactual standard error reduction using UR models: Simulation
details and code
B.7.1Directed acyclic graph (DAG)

FigureB.1 depicts the DAG from which multivariate normal data were simulated in order to
demonstrate the artefactual reduction in standard errors that results from using UR models.

FigureB.1 Directed acyclic graph from which multivariate normal data were simulated to
demonstrate standard error reduction in UR models

-0.1

N

0.4 Xi 1Y

-0.3

Xo

Numbers represent standardised path coefficients.

The DAG ifrigureB.1 implies the correlation matrix given rableB.2.

TableB.2 Correlation matrix implied by the DAG iRigureB.1

L i i
L 1.00 - -
L 0.40| 1.00 -
L -022| -0.34| 1.00

B.7.2Population parameters
The population mean and standard deviation (SD) specified in the simulation are provided in

TableB.3.

TableB.3 Population mean and standard deviation (SD) used in the data simulation based on
the DAG inFigureB.1

Mean SD
L 10.00 2.50
L 15.00 3.75
1L 20.00 5.00

B.7.3Annotated R code

# UR MODELS: BOOTSTRAPPED STANDARD ERRORS #HH#HHHHHHHHHHHH AR
BHBHHHH R R

# This code demonstrates the artificial reduction in standard errors (SEs)
# in UR models compared to stan dard regression models

# The scenario considered is for two longitudinal measures of a time - varying
# exposure (X0, X1) and one outcome (Y) [all variables continuous]

## (1 ) SET UP
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# Load required packages - data simulation

require(Matrix); require(matrixcalc); require(MASS

#require(devtools); devtools::install_github("jtextor/dagitty/r") ## update regularly
require(dagitty)

# Load required packages - plots

require(ggplot2); require(gridExtra); require( extrafont); require(Hmisc); library(tidyr)

font_import(pattern="[C/c]alibri"); loadfonts(device="win") ## use fonttable() to see options

### (a) Functions
##t (i) Covar function

# This function converts SDs and pairwise correlations to a covariace matrix

Covar < - function(n=2,SD=data.frame(1,1),c.vec=data.frame(0.5)) {
check < - n-length(SD)
if (check !=0) stop("Incor rect SD specifications!")
check < - (n*(n -1)/2) -length(c.vec)
if (check !=0) stop("Incorrect correlation specifications!")

Cor < - NULL
for (iin 1:(n+1)) {
Row <- NULL

for (jin 1:(n+1)) {
if (i==j) Element < -
else if (i <j) Element < - c.vec|[((i -D*(2*n - i)2)+(] -0)]
else if (i>]) Element < - c.vec[(( -1)*(2*n - j)I2)+( -]
Row <- c(Row,Element)

Cor < - rbind(Cor,Row)
} # cov(i,j) = cor(i,})*sd(i)*sd(j)
Cov < - matrix(nrow=n,ncol=n)
for (iin 1:n) { for (j in 1:n) { CoV[i,j] < - Cor[i,j]*SDI[i]*SD[j] }}
Cov < - as.matrix(forceSymmetric(Cov))
if (lis.positive.definite(Cov)) {
print("Warning: covariance matrix made Positive Definite")
Cov < - as.matrix(nearPD(Cov)$mat) }
return(Cov)

}
#it### (i) Present function

# This function presents model summary (point estimates and 95% Cls)

Present< - function(mod) {
Est < - summary(mod)$coefficients|,1]
Cl95 < - confint(mod)
coeffs < - chind(Est,CI95); rownames(coeffs)[1] < - "Intercept"
Trim < - round(coeffs,3)
Tidy < - data.frame(apply(Trim,1,function(x) {pasteO(x[1]," (",x[2],", ", X[3],")")}))
names(Tidy)[1] < - "Model Summary"
return(Tidy) }

#i### (i) Data summary -

# This function produces summary statistics (mean and +/ - sd)

data_summary < - function(x) {
m <- mean(x)
ymin< - m - sd(x)
ymax < - m + sd(x)
return(c(y=m, ymin=ymin, ymax=ymax))

## (2) DATA SIMULATION

### (a) Define DAG from which data will be simulated e

dagl < - dagitty('dag{
X0 [pos ="0.2, 0.2"]
X1 [pos ="0.6, 0.2"]

Y [pos ="1, 1"]

X0 -> X1 [beta = 0.4]

X0 ->Y [beta= -0.1]
X1 ->Y [beta= -0.3]
b))

#plot(dagl)
mod <- Im(Y ~ X0 + X1, data = simulateSEM(dag1, empirical = TRUE))
#Present(mod)

### (b) Calculate covariance matrix based on DAG

MyData < - simulateSEM(dagl, empirical = TRUE) ## (standardised data)
Names < - c("X0","X1","Y")

SetCor < - cor(MyData); Corr < - SetCor[lower.tri(SetCor)]
N < - 1000

X0.mu < - 10

X1mu < - 15

Ymu < - 20

Mu < - ¢(X0.mu, X1.mu, Y.mu)

X0.sd < - X0.mu/4

Xlsd < - X1.mu/4

Ysd < - Y.mu/4

SD < - c(X0.sd, X1.sd, Y.sd)

MyCov < - Covar(3, SD, Corr)

### (c) Simulation

# Set storage for SEs for X0
seX0.reg < - NULL # standard regression models
seX0.UR < - NULL # UR models (as reported)
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116 seX0.UR.boot< - NUL # UR models (bootstrapped)

117

118 # Set storage for SEs for X1/el

119 seXl.reg< - NULL # standard regression models

120 seel.UR < - NULL # UR models (as reported)

121 seel.UR.boot< - NULL # UR models (bootstrapped)

122

123 # Set seed

124 set.seed(23)

125

126 for (i in 1:1000) {

127

128 # Simulate N observations

129 MyData < - data.frame(mvrnorm(N, Mu, MyCov, empirical = FALSE))

130 names(MyData) < - Names

131

132 # Create standard regression model for X0 and save SE

133 modX0 <- Im(Y ~ X0, data = MyData)

134 seX0.reg< - c(seX0.reg, summary(modX0)$ coefficients[2, 2])

135

136 # Create standard regression model for X1 and save SE

137 modX1 <- Im(Y ~ X0 + X1, data = MyData)

138 seXl.reg< - c(seX1l.reg, summary(modX1l)$coefficients[3, 2])

139

140 # Create UR term

141 modX1l.resid< - Im(X1 ~ X0, data = MyData)

142 MyData$el < - modX1.resid$residuals

143

144 # Create UR model and save SEs for coeffs

145 modUR <- Im(Y ~ X0 + el, data = MyData)

146 seX0.UR < - c¢(seX0.UR, summary(modUR)$coefficients[2, 2])

147 seel.UR < - c(seel.UR, summary(modUR)$coefficients|3, 2])

148

149 # Use bootstrap ping to create distribution of coefficients for UR model

150 coeffX0.UR.boot < - NULL # set storage for coeffs for X0 from UR model
151 coeffel.UR.boot < - NULL # set storage for coeffs for el from UR model
152

153 for (j in 1:1000) {

154

155 # Select random sample with replacement from MyData

156 select< - sample(c(1:1000), 1000, replace = TRUE)

157 MyData.boot < - MyData[select, ]

158

159 # Create UR term

160 modX1.resid.boot < - Im(X1 ~ X0, data = MyData.boot)

161 MyData.boot$el < - modX1.resid.boot$residuals

162

163 # create UR models and save coeffs

164 modUR.boot < - Im(Y ~ X0 + el, data = MyData.boot)

165 coeffX0.UR.boot < - c(coeffX0.UR.boot, summary(modUR.boot)$coefficients[2, 1])
166 coeffel.UR.boot < - c(coeffel.UR.boot, summary(modUR .boot)$coefficients[3, 1])
167

168

169 }

170

171 # calculate SES for UR model as standard deviation of distribution of coefficients
172 seX0.UR.boot< - c(seX0.UR.boot, sd(coeffX0.UR.boot))

173 seel.UR.boot< - c(seel.UR.boot, sd(coeffel.UR.boot))

174

175 # Display progress of simulation

176 cat(" \r, paste(round((i/ 1000 * 100), 2),

177 "% done of simulation ", sep=""))

178

179

180 }

181

182 # Bind and export datasets

183 SimDataX0 < - data.frame(seX0.reg, seX0.UR, seX0.UR.boot)

184 SimDataX1 < - data.frame (seX1l.reg, seel.UR, seel.UR.boot)

185 write.csv(SimDataXOo, file = "SE bootstrap - X0.csv", row.names = FALSE)
186 write.csv(SimDataX1, file = "SE bootstrap - X1.csv", row.names = FALSE)
187

188 HiHEH T HHHEH HEH R HiHHEH 2 Hit HitHt
189 # (3) PLOTS COMPARING SEs

190

191 # Import datasets

192 SimDataX0 < - read.csv("./SE bootstrap - X0.csv", header = TRUE)
193 SimDataX1 < - read.csv("./SE bootstrap - Xl.csv", header = TRUE)
194

195 # Label data with expos ure variable

196 SimDataX0$Exp < - "XO0"

197 SimDataX1$Exp < - "X1"

198

199 # Rename variable names

200 names(SimDataX0) < - c("se.reg", "se.UR", "se.UR.boot", "Exp")

201 names(SimDataX1) < - c("se.reg", "se.UR", "se.UR.boot", "Exp")

202

203 # Create combined long format data frame

204 DataFrame < - rbind(SimDataX0, SimDataX1)

205 DataFrame.long < - gather(data = DataFrame, key = Model, value = SE, 1:3)
206 #str(DataFrame.long)

207 DataFrame.long[, c("Exp", "Model")] < - data.frame(apply(DataFrame.long[c("Exp", "Model")], 2,
208 as.factor))

209

210 # Violin plot

211 plot< - ggplot(DataFrame.long, aes(x = Model, y = SE,

212 group = interaction(Model, Exp))) +
213 theme_bw() +

214 theme(axis.line = element_line(size = 1, colour = "black"),

215 panel.border = element_blank(),

216 pane l.grid.minor = element_blank(),

217 text = element_text(size = 13, family = "Calibri Light"),

218 axis.text.x = element_text(size = 13),




219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
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axis.text.y = element_text(size = 11)) +
geom_violin(size = 1.2, trim = TRUE,
position = position_dodge(0),
aes(fill = Exp, colour = Exp)) +
stat_summary(fun.data = data_summary, color = "grey20", size = 0.7,
position = position_dodge(0)) +
scale_fill_manual(name = "Exposure",
breaks = c("X0", "X1"),
labels = c("X0", "X1"),
values = c("orchid", "slatebluel")) +
scale_colour_manual(name = "Exposure”,
breaks = ¢("X0", "X1"),
| abels = ¢("X0", "X1"),
values = c("orchid4", "slateblue4™)) +
scale_x_discrete(name =
limits = c("se.UR.boot", "se.UR", "se.reg"),
labels = c("UR models \ n(bootstrapped)",
"UR models \ n(reported)",
"Standard \ nregression \ nmodels")) +
scale_y_continuous(name = "Standard error",
limits = ¢(0.03, 0.08),
breaks = seq(from = 0.03, to = 0.08, b y =0.01),
expand = expand_scale(mult = c(O 02 0.02))) +
coord_flip()
#plot

# Export as png
ggsave("UR models - SE bootstrap - comblned png", plot = plot,
width = 8, height = 5, units = "in", dpi = 0)
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Appendix C
Microsimulation modelling

C.1lIntroduction

This appendix contains additional material relating to Chapter 6. In particular, it contains
additional details, methods, results, and annotated R relating to the simulation described in
Section6.4.

C.2Simulated example

This section contains all details relating to the simulation described in Chapter 6, Sedtion
the simulation is based on the example scenario describ&agure6.1.

C.2.1Simulation of a population according to the true daigenerating process

In this subsection, we provide details relating to the simulation of a population according to

the true datageneratirg process, which is describedSaction6.4.1 This includes simulation

2F 020K CGRUDI dZNOARE QP OR23zy G SNORILQG dz £ Q KA&G2NARSa
C.2.1.1Natural history

C2NJ 0KS Wyl GdzNIf KAAG2NEQ aAYdAZEAARY S 6S LINE
characteristics of the resulting simulated populatio®(8.1.1.2, a comparison of the

simulated population with Health Survey for England (HSE) statisGic3.{81.3 and all
annotated R code relating to these simulatidg€.2.1.1.4.

C.2.1.1.1Simulation parameters

Parameters describing the distribution of sex, obesity, and diabetes at baseline (i®. are
given inTableC1.

Parameters describing the evolution of the baseline population (i.e. the transition parameters)
for all subsequent time points (i.e. tinteforp 0 p Jtare given iMableC2.
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TableC 1 Parameters describing the joint distribution of sex, obesity, and diabetes in the
baseline population (i.etime « )

Status Covariatds) Probability
Male n/a 0.521
Obese Female 0.490

Male 0.580
Diabetic Female, norobese 0.010
Female, obese 0.030
Male, norobese 0.017
Male, obese 0.037

¢KS LINPOFOAfTAGE 2F (KS Nithheyd InENoBighétiQ adl 6Sa o
respectively) are equal to 1 minus the stated probability. For example, the probability of being
female is equal to &, 0.521 = 0.479.
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TableC2 Transition parameters describing ghevolution of the baseline population (i.e. time
s for | )

Updatedstatus Currentstatus  Current covariates  Probability
Obese Non-obese Female, nordiabetic 0.07500
Female, diabetic 0.10500

Male, nordiabetic 0.10000

Male, diabetic 0.13000

Obese Female, nordiabetic 0.95000

Female, diabetic 0.97000

Male, nondiabetic 0.95000

Male, diabetic 0.97000

Diabetic Non-diabetic  Female, norobese 0.00060
Female, obese 0.00260

Male, nonobese 0.00065

Male, obese 0.00265

Diabetic Female, norobese 1.00000

Female, obese 1.00000

Male, norobese 1.00000

Male, obese 1.00000

¢KS LINBOIF OAT A @updatedstatés$i.e. NABubese, Jan8 Nofligbéti,
respectively) are equal to 1 minus the stated probability. For example, the probaliléyiog
the updated state of obesity at tim@ given an individual is currently nobese, female, and
non-diabetic (i.eline 1 of the table)s equal to 1 0.075 = 0.925

C.2.1.1.2Characteristics of the simulated population

The proportion of individuals with each combination of characteristics for each time point in
the simulated population are displayedkigureC1.
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FigureC1 Proportion of individuals in the simulated population with each combination of

sex, obesity status, and diabetes status at evemé point

Proportion of individuals by subgroup over time
Natural history
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Sex:
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The proportion of obese individuals steadily increases over the course of the simulation, while
the proportion of norobese individuals decreases. Because diabetes has such a low overall
prevalence, the proportion of obese individuals withowalaetes represents a much larger
subgroup than those with diabetes, though both increase throughout the simulation. As
simulated, males represent a higher proportion of obese individgalsth diabetic and non

diabetic¢ compared to females.

The probabilikes of becoming and remaining obese for every time point in the simulated
population are displayed iRigureC.2; the probabilities of becoming and remaining diabetic
for every time point in the simulated population are displaye&igureC3. These probabilities
are consistent with the parameters specifiedliableC2, confirming that the simulation

performed as expected.
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FigureC2 Probabilities of becoming and remaining obese in the simulaf@spulation at
every time point
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FigureC.3 Probabilities of becoming and remaining diabetic in the simulated population at
every time point
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C.2.1.1.3Comparison of the simulated population with Health Survey tengland (HSE)

statistics

Comparison of simulated population data with Health Survey for England (HSE) stdi®tics
192)are depicted irFigureC4.
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FigureC4 Obesity and diabetes prevalence in the simulated population comgzhto the
Health Survey for England (HSE, years 12084)

Obesity prevalence
Simulated vs. Health Survey for England (HSE)
1.0

0.9

08

Prevalence
07 1
........... CRCELE == QOverall

5 06 o=t - Male
e p—— Female
Qo5
]
o

04 Dataset

* HSE (1994-2004)

03 — Simulated

02

0.1

0.0

0 1 2 3 4 5 6 7 8 9 10
Time
Diabetes prevalence
Simulated vs. Health Survey for England (HSE)
0.100
0.075 Prevalence

=== Qverall
= Male

== Female

Proportion
o
p=t
(4
o

Dataset
-+ HSE (1994-2004)

— Simulated

0.000
0

Obesity prevalence reported by the HSE includes both overweight and obese individuals

Between 1994 and 2004, overall obesity prevalence increased from 53% (49% for females and

58% for males) to 62% (57% for females and 67% for males), as reported by {1®HIB?2)

This was approximated by the simulated population, in which overall obesity increased from
53.57% at baseline (49.00% for females and 57.97% for males) to 61.53% at time 10 (57.49%

for females and 65.41% for males).

Similarly, between 1994 and 2004, overall diabetes prevalence increased from 2.40% (1.90%

for females and 2.90% for males) to 4.23% (3.67% for females and 4.73% for(tr@le4p2)
In the simulated population, overall diabetes prevalence increased from 2.43% at baseline
(1.97% for females and 2.87% for males) to 4.16% at1inE8.59% for females and 4.70% for
males).

C.2.1.1.4Annotated R code

I BHBHHHHH R
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# POPULATION SIMULATION ###

# This code generates an artificial longitudinal population using
#atime - based, discrete time microsimulation model

# Simulated individuals have the following 3 attributes:
# Sex (time - fixed): 0 = female, 1 = male

# Obesity (time - varying): 0 = nonobese, 1 = obese
# Diabetes (time - varying): 0 = nondiabetic, 1 = diabetic

# Clear workspace
rm(list = Is())

# Load all required packages
library(readxl); library(stringr); library(Hmisc); library(plyr); library(scales)
library(ggplot2); library(gridExtra); library(HydeNet); library(data.table)

### (a) Population/simulation parameters

# Define population parameters

N.i.pop < - 5000000 # number of individuals

N.t.pop < - 11 # number of time points (including baseline)

Time.pop < - as.vector(seq(from =0, to = (N.t.pop - 1), by=1),
mode = "integer") # time vector

## (b) Tables to store population data

# Create empty matrices to store individual - level population data
# Each row represents 1 individual (N.i.pop rows)
# Each column represents 1 time point (N.t.pop columns)
Sex.pop < - matrix(nrow = N.i.pop, ncol =1,
dimnames = list(paste0("ind", 1:N.i.pop), "Sex"))
Obes.pop < - matrix(nrow = N.i.pop, ncol = N.t.pop,
dimnames = list(paste0("ind", 1:N.i.pop),
paste0("O.t", Time.pop)))
Diab.pop < - matrix(nrow = N.i.pop, ncol = N.t.pop,
dimnames = list(paste0("ind", 1:N.i.pop),
paste0("D.t", Time.pop)))

##t (c) Tables to store summary data

# Create empty cross - sectional frequency table

Frequency.cs.pop < - data.frame(Time = numeric(), Sex = numeric(),
O.t = numeric(), D.t = numeric(),
freq = numeric

# Create empty tables to record obesity & diabetes prevalence from population
# (overall and disaggregated by sex)

Obes.prev.pop < - data.frame(Time = numeric(), Subgroup = factor(),

prev = numeric())
Diab.prev.pop < - dat a.frame(Time = numeric(), Subgroup = factor(),

prev = numeric())
# Create empty tables to record cross - sectional conditional probabilities of obesity & diabetes
CProbability.Obes.cs < - data.frame(Time = numeric(), Sex = factor(),

0.t = factor(), prob = numeric())

CProbability.Diab.cs < - data.frame(Time = numeric(), Sex = factor(),

O.t = factor(), D.t = factor(),
prob = numeric())

# Create empty tables to record cross - time conditional probabilities of obesity & diabetes
CProbability.Obes.ct < - data.frame(Time = numeric(), Sex = factor(),

O.tminu sl = factor(), D.tminus1 = factor(),

0.t = factor(), prob = numeric())
CProbability.Diab.ct < - data.frame(Time = numeric(), Sex = factor(),

D.tminus1 = factor(), O.t = factor(),

D.t = factor(), prob = numeric())

### (d) Functions

##Ht (i) SampleV function

# samplev() function
#effi  cientimplementation of the rMultinom() function of the Hmisc package
# from Krijkamp et al (2018) (185)
samplev < - function(probs, m) {
d < - dim(probs) # (dimensions of probability matrix)
n< - d[1] # (number of rows, i.e. individu als)
k< - d[2] # (number of columns, i.e. states)
lev< - dimnames(probs)[[2]] # (names of columns, i.e. state values)
if (llength(lev))
lev< - 1k
ran < - matrix(lev[1], ncol = m, nrow = n)
U <- t(probs)

for(i in 2:k) {
Ui,]< - UL, 1+ Ui - 1,]
if (any((U[k, ] - 1)>1e -05)
stop("error in multinom: probabilities do not sum to 1")
for (jin 1:m) {
un < - rep(runif(n), rep(k, n))
ran[,jl< - lev[l+ colSums(un > U)]
ran
}
#### (i) Calculate preva lence proportions
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# Calculate Obesity prevalence

# args: group = subgroup, freqtable = cross - sectional frequency table (numeric)
# returns single number (prevalence)
CalculatePrevObesityT < - function (group, freqtable ){

if (group == "overall") {
prevalence < - sum(subset(freqtable, Time == (t -1) & O.t == 1)$freq) /
N.i.pop
return(prevalence)

} else if (group == "female") {

prevalence < - sum(subset(freqtable, Time == (t -1)& Sex==0& O.t==1)$freq)/
sum(subset(fregtable, Time == (t - 1) & Sex == 0)$freq)
return(prevalence)

} else if (group == "male") {

prevalence < - sum(subset(freqtable, Time == (t -1) & Sex ==1 & O.t == 1)$freq) /
sum(subse t(freqgtable, Time == (t - 1) & Sex == 1)$freq)
return(prevalence)

}

} # (close funciton loop)

# Calculate Diabetes prevalence

# args: group = subgroup, freqtable = cross - sectional frequency table (numeric)
# returns single number (prevalence)
CalculatePrevDiabetesT < - function (group, freqtable) {

if (group == "overall") {
prevalence < - sum(subset(freqtable, Time == (t - 1) & D.t == 1)$freq) /
retLl}Ir'rl{gaorgvalence)
} else if (group == "female") {
pr evalence < - sum(subset(freqgtable, Time == (t -1) & Sex == 0 & D.t == 1)$freq) /
sum(subset(freqtable, Time == (t - 1) & Sex == 0)$freq)

return(prevalence)

} else if (group == "male") {

prevalence < - sum(subset(fregtable, Time == (t -1) & Sex==1 & D.t == 1)$freq) /
sum(subset(freqtable, Time == (t - 1) & Sex == 1)$freq)
return(prevalence)

}
} # (close function loop)

#### (i) Calculate conditional probabilities

# Calculate conditional probability table at time t
# args: dv = dependent variable, iv = independent variable(s), dataset = data frame (factorised)
# returns conditional probability table (cprob.t)

CalculateCPT < - function(dv, iv, dataset) {
# Define formula for use in cpt function (from HydeNet package)
formula < - as.formula(paste(dv, paste(iv, collapse =" + "), sep =" ~"))

# Create conditional probability table
cprob.t< - chind(Time = (t - 1), am_adt(cpt(formula, data = dataset)))

return(cprob.t)

}

# Function for converting multidimensional arrays to tables
# (from https://github.com/Rdatatable/data.table/issues/1418)
am_adt < - function(inarray) {
if (lis.array(inarray)) stop("input must be an array")
dims < - dim(inarray)
if (is.null(dim names(inarray))) {
inarray < - provideDimnames(inarray, base = list(as.character(seq_len(max(dims)))))

FT < - if (any(class(inarray) %in% "ftable")) inarray else ftable(inarray)
out< - data.table(as.table(ftable(FT)))

nam <- names(out)[seq_along(dims)]

setorderv(out[, (nam) := lapply(.SD, type.convert), .SDcols = nam], nam)[]

H## (2) SIMULATION  wormsmmmemmmmememememememememememememmmenee e

# Set seed
set.seed(23)

### (a) Define (conditional) probabilities at baseline e

#it#H (i) Sex
p.male < - 0.51 # baseline P(Sex = 1)
#iHt# (i) O besity

# Function to calculate baseline P(Obesity = 1 | Sex)

CalculateProbObesity0 < - function(Sex) {
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p.obes.0< - 0.49 + 0.09*Sex
return(p.obes.0)

}
##H (iii) Diabetes

# Function to calculate baseline P(Diabetes = 1 | Sex, Obesity)
CalculateProbDiabetes0 < - function(Sex, Obes) {

p.diab.0< - 0.01 + 0.007*Sex + 0.02*Obes
return(p.diab.0)

}

### (@)  Define conditional probabilities attimet s

#H#H (i) Obesity
# Function to calculate P(Obesity = 1 | Sex, Prev obesity, Prev diabetes) at time t
CalculateProbOb  esityT < - function(Sex, PrevObes, PrevDiab) {

# Incident probability (PrevObes = 0): 0.075 + 0.025*Sex + 0.03*PrevDiab
# Prevalent probability (PrevObes = 1): 0.95 + 0.02*PrevDiab

p.obes.t< - 0.075+ 0.025*Sex + 0.03*PrevDiab +

PrevObes*(0.875 - 0.025*Sex - 0.01*PrevDiab)
return(p.obes.t)

}
##H (ii) Diabetes

# Function to calculate P(Diabetes = 1 | Sex, Obesity, Prev diabetes) at time t
CalculateProbDiabe tesT < - function(Sex, PrevDiab, Obes) {

# Incident probability: 0.0006 + 0.00005*Sex + 0.002*Obes
# Prevalent probability: 1

p.diab.t < - 0.0006 + 0.00005*Sex + 0.002*Obes +

PrevDiab*(0.9994 - 0.00005*sex - 0.002*Obes)
return(p.diab.t)

}
### (b) Simulation

v < - Sys.time() # record start time of simulation

# (1) Loop through time points
for (tin 1:N.t.pop) {

## Assign baseline characteristics & record summary data
if t==1){

# Assign baseline characteristics

# (1) Sex

p.sex < - chind(rep(1 - p.male, N.i.pop), rep(p.male, N.i.pop))
Sex.pop[, 1] < - samplev(probs = p.sex, m = 1)

Sex.pop|, 1] < - Sex.popl, 1] - 1 # (factor levels should be 0 and 1)

# (2) Obesity
p.obes.0< - chind(1 - CalculateProbObesity0(Sex = Sex.pop], 1]),
CalculateProbObesity0(Sex = Sex.pop][, 1]))

Obes.pop[, 1] < - samplev(probs = p.obe s.0,m=1)

Obes.pop[, 1] < - Obes.pop|, 1] - 1 # (factor levels should be 0 and 1)

# (3) Diabetes

p.diab.0< - chind(1 - CalculateProbDiabetes0(Sex = Sex.pop], 1], Obes = Obes.pop], 1]),
CalculateProbDiabetes0O(Sex = Sex.popl, 1], Obes = Obes.pop[, 1]))

Diab.popl, 1] < - samplev(probs = p.diab.0, m = 1)

Diab.pop], 1] < - Diab.pop[, 1] - 1 # (factor levels should be 0 and 1)

# Record summary data

# Bind variables from time t and baseline together

Population.t < - data.frame(cbind(Sex.pop], 1], Obes.pop], t], Diab.pop], t]))

vars.cs < - c("Sex", pasteO(c("O.t", "D.t"), (t - 1))) # define variables

names(Population.t) < - vars.cs

#(a) Cross - sectional frequency table

freq.t< - chind(Time = (t - 1), count(Population.t[, vars.cs])) # create freq table for time t
names(freq.t) < - names(Frequency.cs.pop) # rename columns to matc h Frequency table
Frequency.cs.pop < - rbind(Frequency.cs.pop, freq.t)

# (b) Prevalence

## Obesity
prev.O < - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev",
prev = CalculatePrevObesity T("overall", Frequency.cs.pop)) # overall

prev.0.f< - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev.f",

prev = CalculatePrevObesity T(“female", Frequency.cs.pop)
prev.O.m < - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev.m",

prev = CalculatePrevObesityT("male”, Frequency.cs.pop)) # m
Obes.prev.pop < - rbind.data.frame(Obes.prev.pop, prev.O, prev.O.f, prev.0.m)
## Diabetes

prev.D < - cbind.data.frame(Time = (t - 1), Subgroup = "Diab.prev",

) #f
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prev = CalculatePrevDiabetesT( overall”, Frequency cs.pop)) # overall

prev.D.f< - cbind.data.frame(Time = (t - 1), Subgroup = "Diab.prev.f

prev = CalculatePrevDiabetesT("female”, Frequency.cs.pop)) #f
prev.D.m < - chind.data.frame(Time = (t - 1), Subgroup = "Diab.prev.m",

prev = CalculatePrevDiabetesT("male", Frequency.cs.pop)) # m
Diab.prev.pop < - rbind.data.frame(Diab.prev.pop, prev.D, prev.D.f, prev.D.m)

# (c) Conditional probabilities

# Convert  variables in Population.t dataset to factors
# (requred for calculating conditonal probabilties)
Population.t < - data.frame(lapply(Population.t, factor))

## (i) Cross - sectional

## Obesity

vard < - paste0("O.t", (t - 1)) # (define dependent variable)

vari< - "Sex" # (define independent variable)

cprob.t< - CalculateCPT(dv = var.d, iv = var.i, dataset = Population.t)

names(cprob.t) < - names(CProbability.Obes.cs) # rename columns to match CP table
CProbability.Obes.cs < - rbind.data.frame(CProbability.Obes.cs, cprob.t)

## Diabetes

vard < - pasteO("D.t", (t -1))

vari< - c("Sex", pasteo( O.t", (t

cprobt< - CalculateCPT(dv var.d, iv = var.i, dataset = Population.t)
names(cprob.t) < - names(CProbablIlty Diab.cs)
CProbability.Diab.cs < - rbind(CProbability.Diab.cs, cprob.t)

## Update time - varying characteristics & record summary data
telse  {

# Update time - varying characteristics

# (a) Obesity

p.obes.t< - chind(1 - CalculateProbObesityT(Sex = Sex.pop], 1],
PrevObes = Obes.pop], (t -1)],
PrevDiab = Diab.pop][, (t - 1)),
CalculateProbObesityT(Sex = Sex.pop[, 1],
PrevObes = Obes.pop], (t -1)],
PrevDiab = Diab.pop[, (t -1)))
Obes.pop|, t] < - samplev(probs = p.obes.t, m = 1)
Obes.pop|, t] < - Obes.pop], ] - 1 # (factor levels should be 0 and 1)

#(b) Diabetes

p.diab.t < - chind(1 - CalculateProbDiabetesT(Sex = Sex.pop|, 1],
PrevDiab = Diab.pop], (t -1)],
Obes = Obes.pop], t]),
CalculateProbDiabetesT(Sex = Sex.popl, 1],
PrevDiab = Diab.pop], (t -1)],
Obes = Obes.pop, t]))
Diab.pop[, t] < - samplev(probs = p.diab.t, m = 1)
Diab.pop[, t] < - Diab.pop], ] - 1 # (factor levels should be 0 and 1)

# Record summary data

# Bi nd variables from time t, time t - 1, and baseline together
Population.t < - data.frame(cbind(Sex.popl, 1], Obes.pop], (t - 1)], Diab.pop], (t -1,
Obes.pop|, t], Diab.pop], t])
vars.cs< - c("Sex", paste0(c("O.t", "D.t"), (t -1))) # define cross - sectional variables
vars.ct< - c("Sex", pasteO(c("O.t", "D.t"), (t - 2)), paste0(c("O.t", "D.t"), (t - 1))) # define
cross - time variables
names(Population.t) < - vars.ct

#(a) Cross - sectional frequency table
freq.t< - chind(Time = (t - 1), count(Population.t[, vars.cs])) # create freq table for time t
names(freq.t) < - names(Frequency.cs.pop) # rename columns to match Frequency table
Frequency.cs.pop < - rbind(Freque ncy.cs.pop, freq.t)

# (b) Prevalence

## Obesity
prev.O < - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev",
prev = CalculatePrevObesity T("overall", Frequency.cs.pop)) # overall

prev.0.f< - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev.f",

prev = CalculatePrevObesity T(“female", Frequency. cs.pop)) #f
prev.O.m < - chind.data.frame(Time = (t - 1), Subgroup = "Obes.prev.m",

prev = CalculatePrevObesityT("male”, Frequency cs.pop)) #m
Obes.prev.pop < - rbind.data.frame(Obes.prev.pop, prev.O, prev.O.f, prev .0.m)

## Diabetes
prev.D < - chind.data.frame(Time = (t - 1), Subgroup = "Diab.prev",
prev = CalculatePrevDiabetesT("overall, Frequency.cs.pop)) # overall
prev.D.f< - cbind.data.frame(Time = (t - 1), Subgroup = "Diab.prev.f",
prev = CalcuIatePrevDiabetesT("femaIe", Frequency.cs.pop)) #f
prev.D.m < - cbind.data.frame(Time = (t - 1), Subgroup = "Diab.prev.m",
prev = CalculatePrevDiabetesT("male”, Frequency.cs.pop)) # m
Diab.prev.pop < - rbind.data. frame(Dlab prev.pop, prev.D, prev.D.f, prev. D. m)

# (c) Conditional probabilities

# Convert variables in Population.t dataset to factors
# (requred for calculating conditonal probabilties)
Population.t < - data.frame(lapply(Population.t, factor, levels = c("0", "1")))

## (i) Cross - sectional

## Obesity
vard < - paste0("O.t", (t - 1)) # (define dependent variable)
vari< - "Sex" # (define independent variable)
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414 cprob.t< - CalculateCPT(dv = var.d, iv = var.i, dataset = Population.t)

415 names(cprob.t) < - names(CProbability.Obes.cs) # rename columns to mat ch CP table
416 CProbability.Obes.cs < - rbind.data.frame(CProbability.Obes.cs, cprob.t)

417

418 ## Diabetes

419 vard < - pasteO("D.t", (t -1))

420 vari< - c("Sex", pasteo( O.t", (t

421 cprobt< - CalculateCPT(dv var.d, iv = var.i, dataset = Popula tion.t)

422 names(cprob.t) < - names(CProbablIlty Diab.cs)

423 CProbability.Diab.cs < - rbind.data.frame(CProbability. Diab.cs, cprob.t)

424

425 ## (ii) Cross - time

426

427 ## Obesity

428 vard< - paste0("O.t", (t -1))

429 vari< - c("Sex", pasteO(c("O.t", "D.t"), (t -2))

430 cprob.t< - CalculateCPT(dv = var.d, iv = var.i, dataset = Population.t)

431 names(cprob.t) < - names(CProbability.Obes.ct)

432 CProbability.Obes.ct < - rbind.data.frame(CProbab ility.Obes.ct, cprob.t)

433

434 ## Diabetes

435 vard < - pasteO("D.t", (t 1))

436 vari< - c("Sex", pasteO( D.t", (t - 2)), paste0("O.t", (t -1)

437 cprobt< - CalculateCPT(dv var.d, iv = var.i, dataset = Population.t)

438 names(cprob.t) < - names(CProbability.Diab.ct)

439 CProbability.Diab.ct < - rbind.data.frame(CProbability.Diab.ct, cprob.t)

440

441 }

442

443 # Display progress of simulation

444 cat(" \r', paste(round((t/ N.t.pop * 100), 0),

445 "% done of simulation ", sep=" ")

446

447 } # (close time loop)

448

449 comp.time < - Sys.time() - v; comp.time # print total simulation time

450

451 ### (c) Export simulated population data & aggregate tables e

452

453 # Export univariable datasets

454 write.csv(Sex.pop, file = "./Populatio n simulation - vectorised/PopSexData.csv”,

455 row.names = TRUE)

456 write.csv(Obes.pop, file = "./Population simulation - vectorised/PopObesData.csv",

457 row.names = TRUE)

458 write.csv(Diab.pop, file = "./Population simulation - vectorised/PopDiab Data.csv",
459 row.names = TRUE)

460

461 # Export complete individual - level dataset

462 # (1) Create list of all variables to be in whole dataset

463 allvars< - c("Sex", apply(expand.grid(c("O.t", "D.t"), Time.pop), 1, pasteO,

464 collapse = '))

465 allvars < - str_replace_all(allvars, fixed(" "), ™) # remove blank spaces from variable names

466 # (2) Column bind univariable datasets

467 Population < - data.frame(cbind(Sex.pop, Obes.pop, Diab.pop))

468 # (3) Reorder varia les

469 Population < - Population[, allvars]

470 # (4) Export complete dataset

471 write.csv(Population, file = "./Population simulation - vectorised/PopData.csv",

472 row.names = TRUE)

473 # (5) Export baseline datset

474 Population.t0 < - Population], 1:3]

475 write.csv(P  opulation.tO, file = "./Population simulation - vectorised/PopDataBaseline.csv",
476 row.names = TRUE)

477

478 # Export frequency table

479 write.csv(Frequency.cs.pop, file = "./Population simulation - vectorised/PopFreg.csv",
480 row.names = FALSE)

481

482 # Export prevalence tables

483 write.csv(Obes.prev.pop, file = "./Population simulation - vectorised/PopObesPrev.csv",
484 row.names = FALSE)

485 write.csv(Diab.prev.pop, file = "./Population simulation - vectorised/PopDiabPrev.csv",
486 row.names = FALSE)

487

488 # Export conditional probability tables

489 write.csv(CProbability.Obes.cs, file = "./Population simulation - vectorised/PopObesCPcs.csv",
490 row.names = FALSE)

491 write.csv(CProbability.Obes.ct, file = "./Population simulati on - vectorised/PopObesCPct.csv",
492 row.names = FALSE)

493 write.csv(CProbability.Diab.cs, file = "./Population simulation - vectorised/PopDiabCPcs.csv",
494 row.names = FALSE)

495 write.csv(CProbability. Diab.ct, file = "./Population simulation - vectorised/PopDiabCPct.csv”,
496 row.names = FALSE)

C.2.1.2Counterfactual histories under hypothetical interventions
C2NJ 6KS WwWO2dzy i SNF I Olidzr f KA&AG2NEBQ aAYdZ FiAz2ya
intervention (8.2.1.2.}, characteristics of the simulated population under each of the six
interventions (£.2.1.2.2, andall annotated R code relating to these simulations.g1.2.3.
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C.2.1.2.1Simulation parameters

TableC3 describes the transition parametegoverning obesity status at timfor each
intervention, compared to the original parameters governing the natural history of the
population. All interventions were applied to the population at etiote point postbaseline

(le.forp 0 pi



TableC3 Transition parameters governing obesity statustitne <«or Interventions 1 through 6, compared to those of the natural history

Probability
Updated  Current Current Natural Intervention Intervention Intervention Intervention Intervention Intervention
status status covariates history 1 2 3 4 5 6

Obese  Nonobese Female, nordiabetic 0.07500 0.00000 1.00000 0.00000 0.06375 0.07500 0.06375
Female, diabetic 0.10500 0.00000 1.00000 0.00000 0.08925 0.10500 0.08925
Male, nondiabetic 0.10000 0.00000 1.00000 0.00000 0.08500 0.10000 0.08500
Male, diabetic 0.13000 0.00000 1.00000 0.00000 0.11050 0.13000 0.11050
Obese Female non-diabetic 0.95000 0.00000 1.00000 0.95000 0.95000 0.85500 0.85500
Female, diabetic 0.97000 0.00000 1.00000 0.97000 0.97000 0.87300 0.87300
Male, nondiabetic 0.95000 0.00000 1.00000 0.95000 0.95000 0.85500 0.85500
Male, diabetic 0.97000 0.00000 1.00000 0.97000 0.97000 0.87300 0.87300

Changes to the transition parameters for the natural history of the population are highlighted in red for easy identificatisitions from ncobese to obese
representincident cases of obesity, whereas mainiag obesity represents prevalent cases.
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FigureC5 Probability of becoming obese d@ime <or Interventions 1 through 6, compared to those of the natural history
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FigureC.6 Probability of remaining obese a@ime <or Interventions 1 through 6, compared to those of the natural history
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FigureC.7 Probability of becoming diabetic aime <or Interventions 1 through 6, compared to those of the natural history
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