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ABSTRACT

Context: Obesity and related non-communicable diseases represent a large and growing
disease burden, and various aspects of contemporary urban environments may be
important drivers of these health outcomes. Neighbourhood resources for physical
activity, exposure to fast-food outlets and greenspace may play a role, but the evidence
regarding these neighbourhood effects remains equivocal. A possible explanation is that
neighbourhood effects may be heterogeneous; some people may be more sensitive than
others to the built environment, and neighbourhoods may matter more in some places
than in others. We know little about how neighbourhood characteristics interact with
other factors at various scales to influence health.

Methods: Using UK Biobank, a sample of >300,000 adults in mid-life, [ conducted a multi-
scalar examination of heterogeneity in associations between neighbourhood built
environments and adiposity, CVD and cancer. I examined cross-sectional associations
between characteristics of the physical activity and food environments around people's
home addresses, and multiple measures of adiposity, exploring potential effect
modification by individual-, neighbourhood- and local authority-level variables. Using
linked hospital data, I examined effect heterogeneity in longitudinal associations with
CVD and cancer.

Results: Population-wide associations obscured substantial effect heterogeneity. The
magnitude of these associations varied with genetic risk, socioeconomic position, gender,
and other environmental factors. Greater availability of formal physical activity facilities
near home was associated with lower adiposity, particularly for people without public
parks nearby, but less so for people also living near a fast-food outlet. Proximity to a fast-
food outlet was associated with BMI, but this was modified by genetic risk of obesity: high-
risk individuals appear to be more sensitive to their food environment. Associations
between adiposity and neighbourhood characteristics varied across England, and potential
drivers of this geographical heterogeneity were identified. Neighbourhood greenspace was
not associated with any outcomes across the sample as a whole, but appeared protective
against cancer in more deprived areas.

Conclusions: This thesis contributes empirically and conceptually to our understanding
of how, where and for whom neighbourhoods matter for health. The results highlight the
role of individual and contextual factors operating at multiple scales to moderate people’s
sensitivity to characteristics of their neighbourhood environment. A better understanding
of effect modification relationships such as these may help to guide the development and

evaluation of future interventions and policies involving the urban built environment.
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Chapter1. BACKGROUND

1.1. Introduction

Complex health conditions such as obesity, and the major non-communicable diseases for
which obesity is an important risk factor (cardiovascular disease, diabetes, cancer),
represent a large and growing disease burden globally, with major implications for
population health and healthcare budgets'. Proximate risk factors for obesity and these
major NCDs include health behaviours such as excess energy intake and physical
inactivity. But interventions directly targeting behaviour change are often ineffective> and
can widen or entrench existing health inequalities by being more effective in the social
groups that already experience better health3. Furthermore, the dramatic global increase
in the prevalence of obesity® cannot plausibly be explained by a population-wide shift in
personal attributes such as genetic susceptibility; instead wide-scale ‘environmental’

drivers of diet and physical activity behaviours must be implicated”.

The increasing prevalence of obesity and NCDs in recent decades has occurred in parallel
with global increases in urbanisation, and these are thought to be related®°. The nutrition
transition is closely linked to urbanisation', and in low- and middle-income countries,
the prevalence of obesity, diabetes, CVD and cancer is typically higher in urban areas than
in rural areas" ™. Various studies of rural-to-urban migrants in emerging economies and
of migrants to Western nations have tended to show an increased risk of NCDs and their
risk factors associated with such a relocation'®"?. Various theoretically ‘obesogenic’ features
of contemporary urban (and suburban) living - typified in Western developed countries
and increasingly spreading to other settings — may at least partially explain the recent rise
in obesity and related diseases®™. Increased availability, affordability and marketing of
energy-dense foods encourages less healthy diets, while increased car dependency and
increasingly sedentary work and home environments encourage less active lifestyles>°.
With urbanisation increasing rapidly across the globe****, the links between urban living

and health will only become more pertinent.

Evidence of geographical inequalities in health is also abundant, at various scales including
between countries®; regionally within countries*#; and even within cities*. This lends
further credence to the importance of ‘place’ for health, a notion long part of the public
health tradition, but which fell somewhat out of favour in the latter half of the 20th
century, with the rise of individualism and a focus on the lifestyle determinants of chronic
disease®®. Geographical inequalities in health are driven by a combination of contextual

(i.e. place-based) and compositional (population) factors®’, and are likely to arise from a
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complex interplay between contextual and compositional factors®®. This complexity
remains far from fully elucidated, and there is still much that is not well understood about

how place and health are causally linked>o.

Local residential areas — usually referred to as neighbourhoods?® - have been singled out
by researchers as a geographical scale at which the built and social environments may be
particularly influential for health*’, and a scale at which public health interventions might
usefully be implemented. Yet despite considerable research over the past quarter of a
century, the evidence base with respect to neighbourhood effects on health and health
behaviours remains equivocal. A better understanding of whether, how, where and for
whom these upstream, environmental contextual factors influence obesity, and NCDs
such as CVD and cancer, is needed. In this thesis I seek to contribute new evidence to this

area.

1.2. Socio-ecological models of health

A useful framework for thinking about these determinants is provided by socio-ecological
models of health®343°, Socio-ecological models (a term I use loosely here to also include
several related frameworks such as ecosocial theory?” and eco-epidemiology?®) recognise
multiple influences on health and health behaviours, operating at multiple levels, from
physiological processes within individuals up through social and environmental influences
in the local sphere, to factors operating at wider macro-environmental, societal and public

policy levels®.

Socio-ecological models also often acknowledge that factors at these various levels may
interact in complex ways with one another to produce health and health inequalities*.
Such models provide a lens through which we can integrate biological, social and
environmental understandings of health production*, seek new understandings of the
complexity of population health, and conceive of effective interventions to improve health

and reduce health inequalities®.

1.3. Neighbourhood built environments and health

Features of the built environment are one subset of the multiple influences on health that
are represented in socio-ecological models. These may operate at levels relatively
proximate to the individual, such as the residential neighbourhood, or at a wider scale
such as a city, region or country. From a socio-ecological perspective, spatial and place-
based features of the environments in which people live are potentially important

components of the ecology of population health.
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Variation in contextual factors at the neighbourhood level may be important drivers of
health and health inequalities (both geographical and social). A better understanding of
how such relationships work may highlight where the greatest potential for effective
public health intervention lies. Early research into neighbourhood effects on health
focussed on neighbourhood deprivation and poverty. Building on that, a substantial
research effort has since evolved that has been focussed on specific characteristics of the

built environments in which people live that are plausibly related to specific outcomes*.

Brownson and colleagues® define the built environment as the “physical form of
communities”, including patterns of land use, built and natural features on various scales,
and the transportation systems that link locations together. Various features of
neighbourhood built environments have the potential to influence human health, through
several mechanisms*. These include features that are directly toxic to human health (e.g.
proximity to sources of pollution); features that constrain or facilitate healthy behaviours
(e.g. access to a gym close to home making it easier to undertake regular exercise, or the
relative densities of healthy and unhealthy food stores in a neighbourhood); and features
that have a psychosocial impact (e.g. safe streetscapes, access to ‘natural’ spaces to reduce

stress, and destinations that facilitate social interactions).

Considerable research attention has been paid over the past two decades to the second of
these categories - built environment features that constrain or facilitate healthy
behavioural choices - and in particular to the potential effects of neighbourhoods on the
diet, physical activity and body weight outcomes of residents. Neighbourhood provision
(or lack thereof) of opportunities to engage in adequate levels of physical activity and to
sustain a healthy diet have the potential to influence energy balance (i.e. energy intake
relative to energy expenditure), and therefore determine whether a person gains excess
weight. With the emergence of the so-called ‘obesity epidemic’, obesity-related outcomes
have become an obvious focal point when seeking to understand relationships between
neighbourhood environments and health*. Reflecting the energy balance equation,
neighbourhood-obesity research is typically concerned with environmental factors that
may facilitate or hinder the behaviours conducive to maintaining a healthy weight: factors
in either the local food environment, or the local physical activity environment, or (less
often) both in combination. These have been operationalised in a multitude of ways,
including both objective and perceived exposure to resources that encourage or

discourage healthy diet and adequate physical activity*.
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1.3.1. Aninconsistent evidence base for neighbourhood effects on health

A multitude of studies in different settings, predominantly urban contexts in developed
countries, have been conducted to investigate the influence of neighbourhood
characteristics on obesity and other cardiometabolic health outcomes, and on diet and
physical activity behaviours. Yet equivocal and weak associations have predominated, and
the evidence base to date remains inconclusive, at least in terms of clearly generalisable
findings. Evidence from the USA makes it relatively clear that certain characteristics of
neighbourhoods, such as land-use mix and urban sprawl, probably matter for health in
that particular context. Contradictory evidence prevails in Europe and elsewhere,
however, and for most neighbourhood characteristics representing the food and physical

activity environments, the science remains far from settled+°-2.

The inconsistency of study findings is likely partially due to differences in methodological
approaches adopted by researchers, and the degree to which the many methodological
challenges of this kind of research have been adequately addressed. Several authors have
noted that inconsistent findings across a wide range of environmental features may arise
from a combination of factors including: underpowered studies; different study
populations; inadequate adjustment for confounding; inappropriate delineation of
relevant exposure areas; lack of complexity in exposure operationalisation; and the dearth
of longitudinal or intervention studies to strengthen causal inference. Yet when
Mackenbach and colleagues* identified a lack of consistency in findings and examined
possible drivers of this, they found that neither methodological quality nor neighbourhood
environment measurement affected the consistency of the results in the studies they
reviewed. Therefore methodological differences between studies seem unlikely to fully

explain heterogeneous findings across the literature.

1.4. Effect heterogeneity and the case for examining potential
effect modification in neighbourhood-health research

Beyond methodological differences between studies, another possible reason for the
observed inconsistency in the evidence base is true heterogeneity of effect. Effect
heterogeneity is present if the strength and/or direction of an exposure-outcome
relationship varies across values or strata of a third variable. That third variable is then
said to be an effect modifier>3. For example, if the effect of exercise on CVD risk is different
in younger people than it is in older people, then age is acting as an effect modifier. The
distribution of effect modifiers in a population affects the magnitude of the associations

in that population as a whole, so the presence of effect modification has implications for
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generalisability>*. In the case of neighbourhood effects on health, if neighbourhood
characteristics do not influence health and health behaviours uniformly across the
population, then associations estimated in population-wide studies may mask variation in
the true magnitude of the association between population subgroups. Similarly, if
neighbourhood characteristics do not influence health and health behaviours uniformly
across geographical space, then findings from studies in one location may not be
generalisable to other settings, and studies undertaken at a national scale, for example,

might mask regional differences.

In two recent papers, Keyes and Galea>>° argue for a “causal architecture” approach - to
social epidemiology in particular — moving away from estimating global effects of a single
risk factor or exposure on an outcome, and towards a greater effort to understand “the

”56(2) They point out

complex architectures and networks of causes that underlie disease
that “although replication of study findings increases our confidence in their validity, non-
replication may be telling us something crucial about causal architecture across
populations”™S. This point has particular relevance for neighbourhood effects studies,
where we observe much inconsistency of study findings. The inconsistency of study
findings may point to genuinely differential effects of neighbourhood characteristics
across different settings and subpopulations. Some people may be more sensitive than
others to their neighbourhood environment, and neighbourhoods may matter more for
health in some places than in others?’; if so, unpacking these differences and their drivers
may inform our understanding of the ways in which neighbourhood environments

contribute to a complex, multi-level system of influences operating together to produce

complex health outcomes such as obesity.

The possibility of effect heterogeneity also has implications for interventions, which may
be less effective in some population subgroups and some locations. VanderWeele and
Knol” explain that studying interactions between exposures (i.e. effect modification)
serves an important public health function of helping to determine which of two or more
subpopulations would benefit most from intervention. In their review of reviews, Ding and
Gebel>® examined the suggestions made for future research into relationships between the
built environment and physical activity and/or obesity, and identified that the study of
moderators (or modifiers) of these relationships was the most cited suggestion for future
research. They conclude that “conceptually, it is important to identify when, where, and

for whom certain environmental attributes are the most influential”s°.
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Socio-ecological models of health implicitly encode interactions between factors operating
at various scales, from the individual to the macro-environmental and societal [e.g. "939],
and in some cases they make effect modification explicit. Yet most studies that adopt a
socio-ecological perspective focus on examining only the main effects of one or more of
the many ‘upstream’ determinants of health posited in these models, rather than exploring
the potentially important ways that multiple factors in a socio-ecological model interact
to produce health. When interactions are examined, they are almost exclusively focussed
on interactions between environments and intrapersonal characteristics, usually socio-
demographic factors. Subgroup analyses (e.g. by gender or socioeconomic position) or
studies focussed on more narrowly defined populations (e.g. specific ethnic groups) are
not uncommon and have indeed, in some instances, revealed additional complexities that
may be masked in other studies®®®. But these relationships are often addressed as a
secondary research question, and the literature contains very limited examination of other

potentially important modifiers®.

The widely cited ANGELO framework for obesogenic environments identifies
environmental influences operating at various scales (referred to as the micro and macro
environments). Despite widespread recognition of multiple environmental variables as
important exposures, these are rarely considered as possible modifiers of one another’s
effects on health. Drawing heavily on the ANGELO framework, Kremers and colleagues®
have highlighted the conceptual importance of effect modification of the associations
between environmental factors and ‘energy-balance behaviours’ (diet, physical activity,
sedentary behaviour) but limited their consideration to individual-level modifiers of
behaviour. Schneider and colleagues® have recently further adapted this model, but also
omit a wider suite of plausible effect modifiers. Here I have extended these models further,
to indicate that any of the ANGELO framework’s environmental factors, along with a range
of individual factors, may potentially modify the main effect of any other environmental

factor on obesity or any related behaviour or health outcome (Figure 1.1).
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Figure 1.1 Conceptual model of relationships between neighbourhood exposures

and health outcomes, modified by other factors operating at individual,
neighbourhood and macro-environmental levels

Adapted from Kremers at al (2006) and Schneider et al (2017)

As Figure 1.1 indicates, the effect of any given neighbourhood exposure on health can
operate directly on health behaviours such as dietary intake or physical activity (the lower
pathway in Figure 1.1), or that effect can be mediated by cognitive factors such as an
individual's perception of the neighbourhood, or their attitudes (e.g. towards food or
exercise) (Figure 1.1, upper pathway). Health behaviours then influence health outcomes
such as obesity or chronic disease risk. Importantly, both the mediated and unmediated
pathways from neighbourhood exposure to health may be modified: by other
neighbourhood-level characteristics; by individual-level factors; or by characteristics of
the wider physical, socio-cultural, economic or political contexts in which people and

neighbourhoods are nested (the macro environment).

Ding and Gebel's 2012 review>° posited socio-demographic and psychosocial variables as
possible individual-level effect modifiers that warrant investigation, and social
environmental variables as possible neighbourhood-level modifiers. Genetic factors (e.g.
genetic risk of obesity) might be added to this list: Glymour and colleagues® recently
called for a focus on investigating genetic variation as a source of effect heterogeneity in
social epidemiological studies generally, arguing that it may explain variation in sensitivity
to one's environment, and similar calls have been made within the neighbourhood effects

literature specifically®®. Beyond the individual, features of the neighbourhood
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environment might also interact with one another to influence health®’, and macro-
environmental variables operating in the wider context in which neighbourhoods are
located may also modify the influence of neighbourhood characteristics®®. With the
exception of socio-demographic variables, very few studies have examined many of these
potential effect modifiers. In some cases research gaps will exist because of a paucity of
appropriate data - a lack of either sufficiently large samples to enable robust analysis, or
datasets that contain the relevant combination of variables. It is possible that some of the
other gaps reflect publication bias if primarily null results have been generated, or they

may reflect a genuine lack of research addressing those questions.

In this thesis [ use a uniquely large, comprehensive and geographically diverse sample of
adults in mid-life to explore heterogeneity in the associations between physical
characteristics of the residential neighbourhood environment and outcome measures
relating to obesity and related major NCDs. With respect to obesity-related outcomes, I
focus on two exposures, each relating to one side of the energy balance equation:
neighbourhood availability of formal PA facilities (energy output), and neighbourhood
proximity to fast-food stores (energy input). With respect to more distal NCD outcomes,
I additionally consider neighbourhood greenspace as a third exposure, which may act
through pathways other than energy balance. Using the model in Figure 1.1 above as a
framework, I examine potential modification of these relationships by variables operating

at the individual, neighbourhood and macro-environmental levels.

Studying effect heterogeneity and its sources (effect modifiers, also referred to as
moderators) in relationships between neighbourhood built environments and health can
serve two important purposes: First, it can improve our understanding of the aetiology
and epidemiology of important chronic health conditions, informing the development of
better models of chronic disease and its many influences operating across multiple levels.
Second, it can help identify the settings and subpopulations in which particular built
environment interventions are likely to have the greatest public health impact, ultimately

guiding more effective design of urban spaces to promote health and heath equity.

In the rest of this chapter, I will introduce the neighbourhood-health relationships around
which the thesis is focused, and outline plausible primary sources of potential effect
heterogeneity. I will then briefly introduce the setting of the studies contained in the thesis

and the methodological approach I adopt, and outline the specific objectives of the thesis.
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1.5. Neighbourhood built environments and their relationships
with adiposity and NCDs

The health behaviours and outcomes on which this thesis is focused relate to obesity and

the major NCDs for which obesity is an important risk factor. Specifically, I examine

continuous measures of adiposity (BMI, waist circumference and percent body fat) in

Chapters 4 - 7, and CVD- and cancer-related hospital admissions in Chapter 8. I

investigate these outcomes in relation to various characteristics of the residential built

environment.

BMI above the healthy range has been shown to be associated with most causes of death®,
and prevalence of obesity (BMI=30 kg/m?) has doubled in more than 70 countries across
the world since 1980%. It is estimated that high BMI contributed to 4 million deaths and
120 million disability-adjusted life years globally in 2015 alone®. Excess weight defined by
other measures of adiposity are also closely linked to poor health outcomes”. Eighteen
million deaths each year are attributed to CVD globally” and almost g million to cancer,

with twice that number of incident cancer cases”.

The risk of weight gain - a result of energy imbalance — may be influenced by exposures in
the residential neighbourhood environment that relate to opportunities for acquiring food
and engaging in physical activity. Unhealthy diet and inadequate physical activity are
major risk factors for CVD and many cancers both through and independent of weight-
related pathways?. CVD and cancer may also be influenced by features of the built
environment through pathways unrelated to diet and physical activity. Exposure to green
space, for example, is hypothesised to influence risk of both CVD and some cancers
through pathways involving air quality/pollution, immune function and the regulation of

stress hormones74.

If neighbourhood exposures are upstream determinants of these important health
outcomes, a better understanding of how, where and for whom these relationships play
out is important. The many equivocal and weak associations that have emerged from three
decades of research on neighbourhood environments and health may indicate important

effect heterogeneity that warrants further investigation.

1.6. Sources of potential effect heterogeneity

In Figure 1.1 (page 19) I categorised possible effect modifiers according to the level at which
they operate: individual, neighbourhood, and macro-environment. Here I provide

examples of potential modifiers at each of those levels, which I go on to investigate in this
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thesis. While Figure 1.1 indicates that a modifier may act on the primary neighbourhood-
health relationship at one or more of various points along the direct or mediated pathways
(depicted by the multiple arrows from each modifier category), the analytical approach
adopted in this thesis cannot tease apart those details. Rather, I am concerned with

whether effect modification occurs at all.

1.6.1. Individual-level modifiers

While several studies of neighbourhood built environments and health have included
subgroup analyses, or formally tested for effect modification by demographic factors?#°

885 it is rare in the published literature to see

and a handful of other potential modifiers
explicit investigation of effect modification by individual risk factors other than socio-
demographic ones®>. Certainly within the UK research has primarily been limited to

testing for effect modification by gender and income786:87,

1.6.1.1. Genetic risk
Most complex health conditions such as obesity and many NCDs are understood to arise
from the interplay of genetic and non-genetic factors. The rapid global rise in the
prevalence of these conditions in recent decades suggests an important role for changing
environmental influences®, either by direct interaction with genetic factors or by
influencing behaviours that can moderate genetic risk. Obesity, for example, is known to
have a heritable component®, and the fact that not all individuals have the same
behavioural or physiological responses to the near-ubiquitous changes we have seen in
recent decades to our food systems, urban environments, and modern lifestyles suggests
that a complex interplay between genetic and non-genetic factors affects the body mass of

individualso>9*,

The advent of genome-wide association studies (GWAS) arising from advances in
genotyping technologies is enabling the genetic components of common obesity to be
more readily characterised, and the wealth of new data and methods have motivated and
enabled the investigation of gene-environment (GxE) interactions®>9. In the context of
obesity, the 'environment’ in GxE studies overwhelmingly refers to proximate lifestyle or
behavioural factors that directly influence energy balance®. Only a few studies of GxE
interactions have examined truly 'environmental' factors such as characteristics of the
built, natural and social settings in which behavioural 'choices' are made and

constrained94-99,
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The influence of neighbourhood-level exposures on BMI may vary according to level of
genetic risk. The influence of the environment could be stronger among people at higher
genetic risk of obesity, if genetic risk increases sensitivity to environmental factors*'.
Alternatively, it may be stronger among people with low genetic risk, if a healthy
environment allows such people to maximise their genetic 'advantage’, while people at
higher genetic risk express a high-BMI phenotype regardless of external factors®. Any such
patterns of effect heterogeneity will be obscured by examining the population as a whole
without regard to underlying genetic risk, resulting in an inaccurate description of how

neighbourhoods influence health®.

1.6.1.2. Socioeconomic position
As mentioned above, where effect heterogeneity has been examined, it has often been in
terms of modification by socioeconomic position. This is indeed a potentially important
source of effect heterogeneity, and understanding it better may lead to more effective
tailoring and targeting of built environment interventions for health. In relation to food
and physical activity environments, there are several mechanisms by which socioeconomic
factors might have a modifying effect. First, regardless of the availability of health-
promoting resources in a neighbourhood, there may be unequal access to these resources
if they require an individual to pay to access them, such as in the case of pay-to-use
physical activity facilities such as gyms. Second, preferences for some neighbourhood
resources may vary across socioeconomic groups, perhaps due to prevailing socio-cultural
norms. For example, low-income households may be more accustomed to patronising fast-
food stores because they provide inexpensive and convenient energy-dense meals*> while
social norms might encourage high-income householders to shop at high-end
supermarkets'3. Finally, effects of health-promoting neighbourhood resources that do not
have prohibitive attendant costs (parks, walkable areas, low-cost leisure centres,
affordable healthy food retailers) might be larger for low-income households if exposure
to those resources offsets inequitable access to more costly formal physical activity

facilities.

Regardless of the direction of any such effect heterogeneity, it remains a poorly
understood aspect of neighbourhood-health relationships. If benefits or harms of
neighbourhood characteristics depend on socioeconomic status, then any efforts to
improve population health by improving neighbourhood built environments will risk

widening health inequalities if they are blind to socially differential impacts.
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1.6.2. Neighbourhood-level modifiers

Attempting to isolate effects of individual neighbourhood characteristics on health is
likely to only ever paint an incomplete picture of how environmental factors influence the
health of local residents®”™4. Ignoring the underlying distribution of other, effect-
modifying neighbourhood characteristics (beyond controlling for their possibly
confounding influence), may obscure important effects in some places. While many
studies have sought to characterise overall neighbourhood 'obesogenicity' through the
combination of multiple neighbourhood attributes into a single composite measure'>'°°
or using methods such as cluster analysis to identify neighbourhood typologies'”'*8, it is
surprisingly uncommon for researchers to explicitly investigate the way neighbourhood
characteristics might interact to produce health effects such as obesity®* (although some
examples do exist®¢f®9), It is more common for modification by neighbourhood
deprivation to be studied, and numerous studies have detected evidence that this is an

important modifier (e.g.77""°).

1.6.2.1. Built environment
With the exception of studies that examine composite measures of neighbourhood
obesogenicity, most focus on the influence of specific neighbourhood exposures, largely
ignoring the possibility that the effects of a given neighbourhood characteristic may not
be universal, but instead vary according to other factors in the neighbourhood built
environment. For example, as a potentially health-promoting neighbourhood resource™,
formal physical activity facilities may have a stronger influence on health outcomes in
areas with fewer informal resources for physical activity, such as parks. Conversely, in a
neighbourhood food environment dominated by fast-food stores, this competing
influence on the other side of the energy balance equation might dampen the potentially
health-promoting influence of physical activity facilities on body weight. Understanding
whether the effect of one neighbourhood characteristic is modified by the presence of
other neighbourhood characteristics, may help to identify settings in which interventions
targeting a particular feature of the built environment may be more (or less) effective, and

to optimise future interventions accordingly™.

1.6.2.2. Neighbourhood deprivation
Neighbourhood deprivation may also modify effects of neighbourhood built
environments. There is some (albeit mixed) evidence that residents of more deprived areas
have poorer access to health-promoting neighbourhood resources — a concept know as
deprivation amplification. Even if resources are superficially equitably distributed, their

quality (e.g. of public green spaces) may be lower in more deprived areas">"4, and this may
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cause the relationship between the neighbourhood built environment and health to vary
according to area deprivation. Psychosocial stress due to neighbourhood crime or lack of
social cohesion" may be another mechanism by which neighbourhood deprivation could
act as a modifier of effects of the built environment. On the other hand, some
neighbourhood resources may provide greater benefit in deprived areas if they offset other

area-based inequalities (e.g."¢).

1.6.3. Macro-environmental modifiers
Finally, evidence for a relationship between some neighbourhood characteristics and
health is stronger in some geographical settings than others, and this hints at possible

effect modification by factors operating at the macro-environmental scale.

Land-use mix and urban sprawl appear to have an influence on obesity-related outcomes
in North America, but there is no such evidence from Europe*; European studies of
associations between access to parks and recreation facilities and obesity yield results that
are too mixed to make generalisations*, and even within a relatively small country such
as the UK, the evidence regarding those relationships is mixed""7", Inter-city
comparisons across ten countries also found variation in the association between
perceived neighbourhood physical activity environments and physical activity™. In terms
of the food environment, the evidence is dominated by studies from the United States and
is equivocal overall5"*4. From the limited number of studies conducted in the UK, greater
exposure to fast-food outlets has been shown to be associated with higher BMI or greater
odds of obesity in London™°, Leicester®, Cambridgeshire’®>* and Norfolk'?3, but not in the

North East of England>4 or Leeds>'2°,

Observing this kind of broad-scale geographical heterogeneity, we are compelled to ask
what might be driving it, and this leads us to consider possible effect modifiers in the
macro-environment. For example, might there be physical or social attributes of the wider
contexts (cities, regions, nations) in which neighbourhoods are located, that cause
neighbourhood environment to matter more in some settings than others? Although
socio-ecological models acknowledge that these complex, multi-level relationships
probably exist'9'?7, and despite calls to understand ‘place’ as multi-scalar and relational®,

the potentially modifying roles of wider contextual factors remain underexamined.

Various macro-environmental factors have been linked to outcomes such as obesity and
health behaviours such as physical activity, and any of these might also modify the

influence of the neighbourhood environment on these outcomes. Such factors include
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government quality and public sector expenditure®2°, climate and weathers?,
economic prosperity>'33, greenspace, and social norms regarding health behaviours and

obesity’3513,

Geographical heterogeneity in the magnitude and direction of associations from place to
place poses challenges for the generalisability of findings from many studies.
Understanding the drivers of such heterogeneity may help to make sense of the
inconsistent evidence base, and could ultimately have important implications for the

tailoring of interventions based on local context™3.

1.7. Study setting

Understanding how contextual factors influence obesity and NCDs is a globally relevant
area of public health concern, but appropriate data for large-scale observational studies of
neighbourhood effects are lacking in most settings. The study of effect heterogeneity as
part of this broader endeavour entails restrictive data requirements, and this is likely to be
one reason it has not been extensively and routinely examined in studies of
neighbourhood influences of health. There are three particular requirements that often

pose a challenge.

First, larger sample sizes are required to detect interactions than are required to detect
main effects. When effect modification hypotheses are not specified early in the design of
a study, sample size calculations are likely to be based on achieving sufficient power to
detect only main effects of a particular magnitude, leaving studies underpowered to detect
interactions”. Good epidemiological practice demands the avoidance of underpowered

and post hoc subgroup analyses®.

Second, investigation of effect heterogeneity requires that data have been collected on
effect modifiers of interest. Again, this requires a priori specification of effect modification
hypotheses at an early stage of study design. Many neighbourhood effects studies make
use of secondary data sources, and this necessarily limits researchers to the study of the

potential effect modifiers for which data are available.

Third, for robust effect modification analysis, there needs to be sufficient variation in the
distribution of effect modifiers across the study population and in particular across values
of the primary exposure. This necessitates, again, large and diverse samples, and/or
geographical diversity to ensure sufficient variation in environmental variables. In the case
of genetic risk as a potential modifier, only recently has it become possible to study gene-

environment interactions, as genotyping of large cohorts has become more feasible.
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In the UK, where almost two in every three adults is classified as either overweight or
obese™, and where CVD accounts for 37% of deaths and cancer to a further 27%'"°, there
exists a comprehensive data resource, UK Biobank, with a unique breadth and depth of
data that allows some of the complexity of neighbourhood-health relationships to be
probed in a single very large cohort. In this PhD project I make use of data from this
relatively new cohort of approximately half a million adults in mid-life. Cross-sectional
data collected at recruitment to the UK Biobank cohort include detailed demographic and
socioeconomic characteristics, medical history, health behaviours, psychosocial factors,
and objective measurement of a range of physical, genetic and cognitive characteristics,
via anthropometry, biological sampling (including genome-wide genotyping) and various
other tests. UK Biobank also contains detailed and comprehensive environmental data
based on objective measurement of each participant's residential neighbourhood. This
dataset is described in detail in the next chapter. In addition to these extensive cross-
sectional data, ongoing linkage to administrative health records for the cohort provides
longitudinal data, enabling the investigation of incident health outcomes over time. Geo-
location of cohort participants also allows for additional linkage by data users to external
datasets, enabling the examination of relationships with place-based features of the
macro-environment. The size, scope and geographical breadth of UK Biobank make it
very well suited for use in the investigation of multiple potential modifiers of the
associations between characteristics of neighbourhood built environments and various

health outcomes.

In contrast with many studies of the neighbourhood environment and health, which tend
to focus on either the general adult population or children and adolescents, this PhD is
focussed on middle- to older-aged adults. This is a critical period of the lifecourse for the
development of chronic disease, and is where the burden of obesity, cardiometabolic
disease, many cancers, and associated healthcare costs are concentrated. This age group
is also residentially more stable than some others, and potentially engages with the

neighbourhood environment in ways that differ from younger or older age groups.
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1.8. Thesis aims and objectives

The overarching aim of this PhD is to use this uniquely large, comprehensive and
geographically diverse sample of adults in mid-life to explore heterogeneity in the
associations between physical characteristics of the residential neighbourhood
environment and outcome measures relating to obesity and two of the major non-

communicable diseases for which obesity is a risk factor: cancer and CVD.

[ address this aim by examining cross-sectional associations between characteristics of the
physical activity and fast-food environments around people's home addresses and
multiple measures of adiposity (BMI, waist circumference and percent body fat), exploring
potential effect modification by factors operating at individual, neighbourhood and local
authority levels. I then make use of linked hospital data to examine longitudinal
associations between neighbourhood characteristics and CVD and cancer outcomes,

including potential effect heterogeneity.
Specifically, the objectives of this PhD are:

1. To estimate the independent, cross-sectional associations between measures of the
local physical activity and fast-food environments and adiposity in mid-aged adults
in the UK.

2. To examine whether genetic risk of obesity modifies associations between
characteristics of the neighbourhood physical activity and fast-food environments
and BMI.

3. To examine whether the association between the availability of formal physical
activity facilities and adiposity is modified by other physical features of the
neighbourhood environment.

4. To examine possible geographical heterogeneity in the associations between
neighbourhood PA and fast-food environments and BMI across England, and
explore whether any such heterogeneity might be explained by locally varying
contextual factors.

5. To assess whether characteristics of neighbourhood environments are associated
with being admitted to hospital with cardiovascular disease or cancer, and whether

these associations are modified by household income and area deprivation.
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1.9. Thesis structure

This thesis is structured as a collection of five research paper manuscripts, addressing each
of the primary objectives of the thesis. The first of these has already been published in The
Lancet Public Health, the second two are being finalised for submission to PLoS Medicine
and Social Science and Medicine, and the final two will be submitted to Health and Place
and Circulation. Within each chapter the paper manuscript is prefaced by a cover sheet
which provides information about the manuscript's publication status, copyright
information, author details, and a description of my contribution to these multi-authored
papers. While each manuscript is co-authored with my supervisors (and one with two

additional collaborators), I am the major contributor to, and first author of, all five.

The empirical chapters (Chapters 4-8) are preceded by this introductory chapter (Chapter
1) locating the research in the various relevant literatures, describing a conceptual
framework and rationale for the thesis, and outlining the thesis objectives, and by two
chapters providing an overview of the data (Chapter 2) and methods (Chapter 3) used in
the research. The latter complement the methods sections in the empirical chapters,

which were restricted in length due to journal constraints on word counts.

To facilitate the reading of the thesis as a single, coherent body of work, I also include
some linking material at the beginning of each empirical chapter. Supplementary material
that did not fit within the word limits for journal submission is included in a series of

appendices.

The empirical chapters are followed by a final, synthesis chapter where I provide an
overview of the study findings and a broader discussion of their implications, the strengths
and limitations of the analyses, directions for future research and policy, and overall

conclusions.

Due to the structure of the thesis as a series of connected research papers, I present

references at the end of each chapter rather than in a single list at the end of the thesis.
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Chapter 2. DATA

In this chapter I introduce the UK Biobank resource, the principal source of data used
throughout this thesis. I describe the establishment of the UK Biobank resource, the
recruitment of participants and a summary of characteristics of the cohort, and I describe
the data available to researchers, including various linked data sources that form the wider
UK Biobank resource. I also provide details of additional sources of publicly available data
that I linked to the UK Biobank cohort myself, for the analyses presented in Chapter 7. I
then describe the process of data access and management that I undertook in preparation
for data analysis. Details of the methods used to analyse the data, including details of the

operationalisation of variables, are provided later, in Chapter 3 (Methods).

2.1. UK Biobank

2.1.1. Background

Understanding the determinants of common, complex health conditions requires the
recognition that these conditions tend to be caused by a multitude of exposures that may
each have modest effects and interact with each other in complex ways'. To investigate a
wide range of exposures and their potentially complex interplay, large prospective studies
with extensive, detailed data collection, broad distribution of exposures, and sufficient

numbers of disease cases are needed?.

To this end, the UK Biobank was established by the Medical Research Council and
Wellcome Trust. UK Biobank is one of the largest and most detailed population-based,
prospective cohorts ever established. It was designed to combine extensive, precise
baseline assessment of exposures with comprehensive follow-up and characterisation of
many different health-related outcomes in order to enable exploration of the many
determinants of diseases of middle and older age'. The cohort comprises half a million
adults aged 40-69 years at recruitment, and data collection spanned biological sampling,
behavioural and life history data, and sociodemographic characteristics, along with
ongoing prospective linkage to routine data collected through the National Health Service
(NHS). This makes it a rich resource for investigating the determinants of a wide range of
important diseases', and provides researchers with opportunities to investigate a wide
range of disease outcomes through linkage to routine medical records that will increase
over time3. The core cohort has also been linked to environmental data, principally a high-
resolution spatial database of objectively measured characteristics of the physical
environment around each participant's place of residence, referred to as the UK Biobank

Urban Morphometric Platform (UKBUMP). Repeat assessment and additional data
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collection has been carried out for subsamples of the cohort, and there is potential for
future additional data collection and linkage to additional external data sources. To

promote innovative science, UK Biobank has been made available to researchers globally*.

In the following sections I describe in more detail the establishment of the UK Biobank
resource, and the various data available to researchers, with a focus on the data I have used

in this PhD project (see also Figure 2.2 at the end of this chapter).

2.1.2. Pilot phases

To test the feasibility of the proposed establishment of UK Biobank and its assessment
methods, two piloting phases were undertaken®>. The first was a small-scale pilot
conducted on 300 participants in early 2005, to test key parameters of the baseline
assessment protocol. The second pilot phase, conducted during March to June 2006,
involved recruitment of 3,799 participants from the Stockport area to a single assessment
centre. In this second pilot phase, all of the planned procedures were assessed, including:
identification of the target sample from NHS records; invitation to participate; consenting
and baseline assessment of potential participants; and collection, transfer and storage of
data and biological samples. This pilot phase also allowed the determination of the
response to invitation, and identification of any major factors that affected it, and
assessment of participants' views on the baseline assessment visit, as well as an evaluation
of their understanding of the consent to participate. This pilot study showed that protocols
worked well, and provided information that was later used to refine the invitation and
assessment procedures for the final protocol. Participants from the second pilot phase and

their data were integrated into the final cohort.

2.1.3. Recruitment
2.1.3.1. Invitation and response

In the UK, 98% of the population are registered with a general practitioner (GP) through
the NHS*. NHS records were used to identify 9.2 million people aged 40-69 years old who
were living within 25 miles of one of the study's 22 assessment centres'. Between 2006 and
2010, an invitation letter with a provisional appointment to attend the nearest assessment
centre was sent to each of these people, approximately 6-8 weeks ahead of the provisional
appointment date. The invitation letter contained a detailed information leaflet describing
the purpose of UK Biobank, how people had been identified for invitation, and what
consenting to participate would involve. Invitees who wanted to find out more

information were directed to a study website and free contact telephone number if they
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wished to discuss the study with a member of the study team> Overall, 503,325

participants were recruited, yielding a response fraction of 5.5%.

2.1.3.2. Assessment Centres
UK Biobank established 22 assessment centres in cities in England, Wales and Scotland,
as displayed in Figure 2.1. Participants attended these centres to undergo the baseline
assessment. The assessment centres covered a variety of settings, in order to maximise
socioeconomic and ethnic heterogeneity, and ensure an urban-rural mix and broad
distribution across all exposures. Assessment centres were necessarily located in cities, in
order to be in close proximity to sufficient numbers of the target population. Assessment
centres also needed to be conveniently located for public transport links, nearby parking
and disabled access. The 22 assessment centres include the site of the integrated pilot
phase (Stockport). Assessment was coordinated centrally and phased across the centres,
with up to six assessment centres active at any one time during the recruitment phase (as
shown in Table 2.1). Assessment centre staffing and equipment were configured to operate

six days per week and assess approximately 100 participants per day at each centre®.

Figure 2.1 Map of UK Biobank assessment centres
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Table 2.1 Number of participants recruited to each UK Biobank assessment centre
(sorted by dates of recruitment period)

Assessment centre Recruitment dates Participants”
Stockport (pilot) 13/03/2006 to 14/06/2006 3,799
Manchester 16/04/2007 to 22/12/2007 13,943
Oxford 30/04/2007 to 03/11/2007 14,063
Cardiff 08/10/2007 to 31/05/2008 17,885
Glasgow 16/07/2007 to 19/04/2008 18,653
Edinburgh 07/11/2007 to 07/06/2008 17,202
Stoke 05/12/2007 to 26/07/2008 19,441
Reading 14/05/2008 to 02/05/2009 29,426
Bury 14/01/2008 to 20/12/2008 28,326
Newcastle 23/01/2008 to 28/03/2009 37,011
Leeds 27/02/2008 to 11/07/2009 44,220
Bristol 09/07/2008 to 28/11/2009 43,020
Central London 27/08/2008 to 29/08/2009 12,584
Nottingham 30/07/2008 to 12/09/2009 33,883
Sheffield 05/08/2009 to 13/07/2010 30,399
Liverpool 28/01/2009 to 01/04/2010 32,825
Middlesbrough 29/04/2009 to 06/02/2010 21,290
Hounslow 17/06/2009 to 26/06/2010 28,881
Croydon 24/09/2009 to 09/07/2010 27,392
Birmingham 29/10/2009 to 21/07/2010 25,506
Swansea 11/03/2010 to 03/07/2010 2,284
Wrexham 16/08/2010 to 01/10/2010 649

* Totals as reported in UK Biobank Showcase. Excludes people initially recruited but not included
in the final dataset released to researchers.

Source: http://biobank.ctsu.ox.ac.uk/crystal/exinfo.cgi?src=UKB _centres map (Accessed 7 May 2019)
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2.1.4. Individual Assessment

The baseline assessment process of UK Biobank took between two and three hours per

participant, and consisted of four parts:

e written consent;
e touch screen questionnaire;
e face-to-face interview;

® measurements.

Participants first provided electronic signed consent to the collection of baseline data and
prospective linkage to administrative health records (see section 3.4.6 for details of UK
Biobank’s ethical approvals). Participants then proceeded to a touch screen questionnaire,
which allowed them more privacy to answer questions, and to complete the form in their
own time. It included questions about socio-demographics, lifestyle and behaviour, early
life factors, psychosocial factors, general health and medical history, and also involved
hearing and cognitive function tests. Assistance was available for participants when

required.

Following the touch screen questionnaire, information collected in the questionnaire
about serious illness, operations and other procedures, medications, employment and
early life factors was then discussed in more detail with participants in a nurse-led face-

to-face interview.

The following measurements were then taken:

e standing and sitting height;

e waist and hip circumference;

e weight and bioimpedance;

e hand grip;

e spirometry;

e Dbone density;

e arterial stiffness;

® eye measurements;

e fitness assessment using a static bike;

e detailed web-based diet questionnaire.

Each participant also donated blood and urine. Some participants also provided saliva

samples. The biological samples were used to assay a panel of biomarkers, and the blood
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samples were also used to perform genotyping assays for each participant, generating
genome-wide genetic data. The protocols used by UK Biobank in the collection and

processing of the genetic data are described more fully in section 2.1.7 of this chapter.

For this PhD project, of the data collected directly from participants at the baseline
assessment, I have used anthropometric measurements (height, weight, waist
circumference and bioimpedance measures), various items from the touch screen
questionnaire, and genetic data. The release of biomarker data was delayed until 2019, so
this was not available for use in this PhD. Subsamples of the main cohort have participated
in detailed follow-up and enhanced phenotyping and exposure measurement?, but those
data have not been used in this thesis. Full details of the specific variables I have used or

derived are provided in Chapter 3 (section 3.3).

2.1.5. The UK Biobank Urban Morphometric Platform (UKBUMP)

Linked to the individual-level UK Biobank dataset is a high-resolution spatial database of
a wide range of objectively measured characteristics of the physical environment around
each participant's place of residence. Scaling up a pilot study conducted in Wales, Sarkar
and colleagues®> automated and applied a series of spatial and network analyses to a
number of UK-wide spatial databases in order to generate a collection of metrics
characterising potentially health-promoting or health-damaging morphological features
of the built environment surrounding the precise, geocoded home address of each
individual in the UK Biobank. This collection of metrics is referred to as the UK Biobank
Urban Morphometric Platform (UKBUMP), and full details are provided on the UK

Biobank website (http://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=100115). The

UKBUMP is the primary source of the neighbourhood data I use in this thesis.

Table 2.2 summarises the 'morphometrics’ developed for the platform and the spatial
databases from which these metrics were derived. The various UK-wide spatial databases
from which the environmental metrics were derived include UK Ordnance Survey
Mastermap and AddressBase Premium databases, UK Land registry data, digital terrain
models and commercial satellite imagery, among others. Further details of the metric-

generating processes used in the creation of UKBUMP can be found in Sarkar et als.
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Table 2.2 Summary of data available in the UK Biobank Urban Morphometric Platform>

Morphometric category

Description

Measurement

Main source of raw data

Health specific destination
accessibility

Land use density

Accessibility foodscapes
(London area only)

Greenness

Street network accessibility

Terrain (slope)

Building class

Proximity of home address to 39 potentially health-
influencing destinations (including GP practices,
dentists, fast-food outlets, industrial sites, schools,
pubs, public transport, parks, among others

Density of 217 different land use classes at 4
different levels of detail, for buffers around home
address

Proximity and density measures for 19 typologies
of food stores

Normalized Difference Vegetation Index (NDVI) of
buffers around home address

20 modelled indices of physical street-level
accessibility for 19 different buffers around home
address

Terrain slope of area surrounding home address

Description of the dwelling within which UK
Biobank participant resides

Street network distance in metres from home
address to nearest destination in each category

Number of features of each land-use type per buffer,
for buffers of 0.5, 1.0 and 2.0 km street network
buffers, and for Lower Super Output Areas, around
participants' home addresses*

Street network distance to nearest address, and
density in street-network buffers (0.5,1.0 and 1.5km)

Mean, minimum, maximum and standard deviation
of NDVI for 0.5 and 1.0km Euclidean buffers around
participants' home addresses

Various

Mean, minimum, maximum and standard deviation
of slope(in degrees) for 0.5 and 1.0km Euclidean
participants' home addresses

Age, type, quality and class of building

Ordnance Survey AddressBase
Premium

Ordnance Survey AddressBase
Premium

Ordnance Survey AddressBase
Premium

Bluesky International Ltd.

Ordnance Survey Mastermap
Integrated Transport Network
layer

Bluesky International Ltd.

The Geolnformation Group

* These data were released in two batches and one batch was provided as counts per km? rather than per buffer, so these were multiplied by the area of the buffer to

produce a count.
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In recognition of the challenges associated with delineating a health-relevant
'neighbourhood’ for any given individual (discussed further in Chapter 3), the built
environment was characterised in multiple ways and at multiple scales around each
individual's home address. For land-use densities, a metric for each land-use type (e.g.
residential, retail outlet, park, sports facility, manufacturing plant, public transport hub)
was derived for street-network buffers of 500 m, 1000 m, 1500 m and 2000 m around each
individual's place of residence, as well as the Lower Super Output Area (LSOA) in which
the place of residence was located. Street-network buffers are catchment areas defined by
distances along vehicle-access streets radiating from the home address, for example a 1000
m buffer will extend along each 1000 m stretch of street network from an individual's home
address. In contrast, greenness and terrain metrics were derived for 500 m and 1000 m
Euclidean buffers. Euclidean buffers are defined by straight-line (as-the-crow-flies)
distances from the central address and are therefore circular, while street-network buffers
are polygons defined by the specific road network of the area and influenced by physical
boundaries such as waterways. While Euclidean buffers may be appropriate for measures
to capture the overall greenness or terrain of an area, a street-network buffer is likely to
be more suitable when considering local access to specific land-use types. Proximity
metrics for health-specific destinations were defined not by buffers, but by distances along
the street network from a person's home address to the nearest instance of each of 39
destination types, based on an origin-destination cost matrix algorithm to identify the

'least-cost' route.

Most measures in UKBUMP were available for participants recruited through all
assessment centres except Stockport, the area in which the pilot study was conducted
(n=3,799). Two important exceptions that influenced the choice of variables used in this
PhD are the measures of a wider range of food outlet types (which are only provided for
London), and the measure of local 'greenness’, based on the Normalised Difference
Vegetation Index (NDVI) derived from satellite imagery (which was absent or only

partially observed for several assessment areas).

Details of the specific data I have used from UKBUMP, the variables I have derived from
them to operationalise the neighbourhood measures central to this project, and for what
analytical purpose each variable has been derived, are provided in Chapter 3. Briefly
though, because my primary focus in the thesis is on obesity-related outcomes, I have
focussed my choice of exposure variables by selecting one measure of neighbourhood
environment relating to each side of the energy balance equation; in other words, one

exposure relating to physical activity (number of formal physical activity facilities within
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a 1000 m buffer) and one relating to diet (proximity to nearest takeaway/fast-food outlet).
I also make use of other UKBUMP data to derive measures of neighbourhood-level
confounders (residential density in a 1000 m buffer) and modifiers (parks and open/green
spaces in a 1000 m buffer). In deciding on the specific data and measures to use, I made an
a priori determination of the best available measures in UKBUMP (noting that these have
their limitations, as I discuss later), drawing on the existing literature on neighbourhood

environment measurement. These decisions are detailed further in Chapters 3 and 4.

Though there are substantial advantages to this dataset including its size and linkage to a
wide-range of objectively measured health outcomes, there are also limitations. Relying
on pre-defined, 'off-the-shelf' environmental measures such as those in UKBUMP,
especially when based on primary data collected for non-research purposes can be
problematic®’. The documentation associated with UKBUMP provides insufficient detail
to assess the accuracy and validity of the underlying databases. More detailed discussion
of the limitations of the specific metrics used in this thesis can be found in the relevant
chapters, and in a general discussion of limitations of the thesis in Chapter 9. Limitations
aside, this is the only sample of this size, and for this population of particular importance,
for which such a detailed set of person-centred environmental data is available alongside

objective and wide-ranging health-related data.

2.1.6. Additional greenspace measures linked to UK Biobank

In addition to the measures contained in the UKBUMP, in 2018 a further set of
environmental measures derived by Wheeler and colleagues® were linked to the UK
Biobank cohort and made available to approved researchers, and I have accessed these to

derive one of the exposure variables used in the thesis.

Amongst these extra environmental data are measures of residential green and blue space
exposure, estimated for participants living in England (but not Scotland or Wales), using
the Generalised Land Use Database (GLUD) for England 2005. This database provides data
on land use distribution for 2001 Census Output Areas in England, across a range of land
use categories. For each output area, the area of the GLUD categories 'greenspace’,
'domestic gardens' and 'water’ were calculated as a percentage of the total of all land use
types, and these have been intersected with 300 m and 1000 m Euclidean buffers around
UK Biobank participant home locations to allocate area-weighted means of each land use
percentage coverage to each participant. The derived measures available to UK Biobank
researchers are therefore percentage values for 'greenspace’, 'domestic gardens' and 'water'

within 30oom and 1000 m buffers around each participant's home address. 'Greenspace' in
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GLUD includes all public or private vegetated areas larger than 5 m* in area, with the
exception of domestic gardens, which are classified separately. "Water' refers to lakes,
rivers, etc. As explained in the documentation for these measures®, there is no established
distance within which green spaces are thought to influence health, but there is some
evidence for the relevance of a 300 m threshold®*, and this has also been taken up in policy
recommendations in the UK". A 1000 m buffer has also been used in some studies and data

for this buffer size were also provided.

For this thesis, I have used these data to derive a variable characterising total
neighbourhood greenspace (including gardens), in preference to the incomplete NDVI

data available in UKBUMP.

2.1.7. Genotyping data

UK Biobank collected genome-wide genotype data on all participants using two purpose-
designed genotyping arrays. Initially, a subset of 49,950 participants involved in a substudy
were genotyped by Affymetrix (now part of ThermoFisher Scientific) using the UK BiLEVE
Axiom Array. Following this, 438,427 participants were genotyped using the closely-
related UK Biobank Axiom Array. Both arrays were purpose-designed specifically for the
UK Biobank genotyping project and share 95% of marker content. The released genotype
dataset combines results from both arrays, and includes a total of 805,426 markers™. In

addition to these markers, genotypes at a further ~96 million loci were imputed.

The marker content of the arrays was chosen to capture genome-wide genetic variation,
and includes many markers with known associations with, or with possible indicated roles
in, disease, along with a range of rare coding variants (minor allele frequency (MAF) <1%),
and markers that provide good genome-wide coverage for imputation of common (MAF
>5%) and low frequency (1-5% MAF) genotypes in European populations® that were not

directly assayed.

Blood samples collected at the baseline assessment visit were stored at the UK Biobank
facility in Stockport, UK, until DNA extraction and genotyping were commenced in
November 2013. A comprehensive quality control process was designed specifically to
accommodate the complex processing of large-scale dataset. The data released to
approved researchers contains genotypes of 488,377 UK Biobank participants. Genotypes
are missing from the remaining 3% of the sample because insufficient DNA was extracted

from participants' blood samples.
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While the majority (94%) of the UK Biobank cohort reported their ethnic background as
"White" and most of those White British, ~22,000 individuals had a self-reported ethnic
background originating outside Europe, and this creates strong population structure at
the genetic level (because of differences in allele frequencies across populations with
different ancestral backgrounds). This population structure requires epidemiological
studies using the data to account for the ancestral background of participants. To this end,
a principal component analysis (PCA) was performed by UK Biobank on a subset of 407,219
unrelated, high-quality samples, following which all samples were projected onto the
principal components (PC) and their loadings, thus forming a set of PC scores for all

samples in the cohort™.

The PCs separate participants by axes of ancestral background, with each additional PC
capturing population structure at progressively finer sub-continental geographic scales.
Consistent with this, individuals with similar PC scores have similar self-reported ethnic
backgrounds. These PCs are made available to researchers to include in analyses to control
for the population substructure. Bycroft and colleagues™ note that researchers may want
to analyse only the subset of participants with White British ancestry to further reduce the
risk of confounding due to differences in ancestral background. They also note that even
the White British ancestry subset may still contain subtle structure present at sub-national
scales, which the methods applied to UK Biobank were not able to detect. Further,
Haworth and colleagues® found evidence that there remained geographic structure in
genetic data that could not be accounted for using routine adjustment for assessment

centre and the PCs. | examine this possible source of bias in Chapter 5.

[ describe in Chapter 3 (Methods) the procedures for accessing and managing selected
genetic data for numerous BMI-related variants of interest, which I make use of in the

analyses in Chapter 5.

2.1.8. Prospective data linkage

At recruitment, participant consent included consent to the ongoing linkage of their
baseline data, and any subsequent data collected, to administrative health records,
including death registrations (Office for National Statistics), cancer registrations (national
cancer registries), Hospital Episode Statistics (HES) (including admissions, diagnoses,
procedures) and primary care records via the NHS. This data linkage is updated regularly
and made available to UK Biobank researchers. In this thesis I make use of the HES data,

and these were available up to January 2016 at the time I accessed them. Hospital
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admissions are coded using the International Statistical Classification of Diseases and

Related Health Problems, 10th Revision (ICD-10)%.

2.1.9. Response & representativeness

UK Biobank achieved a baseline response fraction of 5.5%, after inviting over g million
eligible people to participate’. This is lower than the 10% response achieved in the pilot
phase and which the study team expected to match or exceed in the main recruitment

phase?. It is not clear what the reasons are for this.

A comparison of participants and non-participants (those who were invited but did not
participate) found that participants were more likely than non-participants to be female,
older, and live in less socioeconomically deprived areas. Regional differences were also
observed. In a comparison of sociodemographic, physical, lifestyle, and health-related
characteristics of the cohort with summary statistics for the general population from the
UK Census and nationally representative population-based surveys, participants in the
cohort had fewer self-reported health conditions, were less likely to be obese, and were
less likely to smoke or to drink alcohol on a daily basis. During early follow-up, mortality
and incident cases of disease were generally lower in the UK Biobank cohort than in the
general population®. In other words, there is evidence of a "healthy volunteer" selection
bias in UK Biobank, and it is not representative of the general population, at least on some
measures. The implications of this have been debated. While UK Biobank acknowledge
that the cohort (like many large prospective cohorts) is not suitable for estimating
generalisable prevalence or incidence rates of disease, they argue that exposure-outcome
associations estimated from the cohort should be broadly generalisable’s. Others have
disputed this claim, citing the risk of collider bias if the probability of participation in the

study is influenced by the exposure and the outcome®.

2.1.10. Withdrawals and exclusions

UK Biobank participants are free to withdraw consent at any time, and researchers
working with the data are instructed periodically to remove recently withdrawn
participants from unpublished analyses. Between the time the data for the project
associated with this PhD were first made available to me, and the submission of this thesis,
96 participants have withdrawn. Some withdrew after the paper in Chapter 4 was
published, but prior to the submission of this thesis. Therefore, the number of participants
reported to be available in the cohort as a whole is slightly higher in that paper compared

with elsewhere in the thesis.
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The 3,799 cohort members recruited during the integrated pilot phase are also excluded
from all analyses in this thesis because UKBUMP environmental data were not available
for these individuals. I also excluded nine participants aged less than 40 or more than 70
at the baseline assessment. While recruitment eligibility was restricted to people aged 40-

69 years, by the time of assessment some people were aged 70, and they were not excluded.

This leaves a total available sample of N=498,747. Final analyses excluded observations
that were missing data on key variables in any given analysis, so were based on smaller
and variable sample sizes. In Chapter 3 (Methods), where I report summary statistics for

key variables, these are based on the largest available sample size.

2.1.11. Characteristics of the UK Biobank cohort

As already described, the UK Biobank participants were aged between 40 and 69 years
when invited to participate, and members of the achieved sample were more likely than
the target population to be female, older, live in less socioeconomically deprived areas,
and own their home. The mean age of the sample is 56.5 years and 54.4% are female. All
but 5% of the cohort is of White ethnicity, which is similar to the general population in
the same age range in the 2001 Census (94.5% White) but somewhat higher than in the
201 Census (91.3% White)’s. Analyses in this thesis represent the subsamples of the cohort
with complete data on the variables relevant for each analysis. This raises additional
concerns about representativeness. Table 2.3 summarises the sample for key
sociodemographic characteristics, showing the degree of missingness on key variables.
Additionally, each of the research papers in the thesis contains a table summarising the
characteristics of the sample relevant for that chapter. Several analyses presented in this
thesis are further restricted to participants living in urban areas (in particular, Chapters 6
and 7). The ethnic diversity of the urban subsample (94.9% White) was very similar to that
of the larger sample used in analyses that included both urban and non-urban participants
(94.6% White). This suggests a possible mismatch with the target population because
people of White ethnicity are less likely than other ethnic groups to live in urban areas
(for the population as a whole, 89% of the urban population was classified as White in
2001, and 83% in 20117). However for the age range of the target sample, ethnic diversity
might be expected to be more similar in urban and non-urban areas than in younger age

groups, as there is greater ethnic diversity amongst younger ages'®.

The distribution of each of the key exposures, outcomes and effect modifier variables is

summarised in Chapter 3 where each variable is described in detail.
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Table 2.3 Characteristics of available sample of UK Biobank participants

(n=498,747%)

Characteristic Range = % missing
Age** Mean (SD) 56.5(8.1) 40-70 0.0
Sex (female) % 54.4 0.0
Ethnicity 0.5
White % 94.6
South Asian/South Asian British % 1.6
Black/Black British % 1.6
Chinese/other(non-South)Asian % 0.7
Mixed: White/Black % 0.2
Mixed: White/Asian % 0.2
Mixed - detail unknown % 0.2
Other % 0.9
Income 14.7
Less than 18,000 % 229
18,000 to 30,999 % 25.4
31,000 to 51,999 % 26.0
52,000 to 100,000 % 20.3
Greater than 100,000 % 5.4
Education 1.3
College or University degree % 32.7
A levels/AS levels or equivalent % 11.2
O levels/GCSEs or equivalent % 21.4
CSEs or equivalent % 5.5
NVQ or HND or HNC or equivalent % 6.7
Other professional qualifications % 5.2
None of the above % 17.3
Employment status 0.6
Paid employment or self-employed % 57.5
Retired % 33.5
Unable to work % 34
Unemployed % 1.7
Home duties/carer/student/volunteer/other % 4.1
Area deprivation (Townsend index) Median (IQR) = -2.1(-3.6-0.5) 0.1
Urbanicity (home postcode classified as urban) = % 86.1 1.0

Note: Due to rounding error, some percentages sum to more than 100%

* Summary statistics for the full sample of participants from the 21 assessment areas for which
UKBUMP environmental data are available (excludes Stockport, the site of the integrated pilot).

** 40-69 year olds were invited to participate in UK Biobank but the recruited sample was aged 37-
73 (>99% aged 40-69). The analytical sample included people aged 70 at the time of assessment,

but excluded nine individuals with complete data who were aged <40 or >7o0.
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2.1.12. Data access and management

The preliminary phase of application for access to the UK Biobank data commenced in
November 2015 and approval to proceed to the main application phase was granted in
January 2016. A detailed project proposal and data request was submitted in February 2016,
with approval granted in July 2016 (Project number 17380). The individual baseline data
and an initial release of the UKBUMP data were made available in October 2016. The access
procedure involved secure access via the UK Biobank Access Management System to
download and extract main and supplementary datasets. Once extracted, these datasets
were converted to Stata (.dta) format (StataCorp LP, College Station, TX, USA) to enable

further data management and analysis.

Following extraction of the individual-level baseline assessment data and UKBUMP data,
[ undertook the following process to construct a master dataset from which all analytical

samples were derived.

1. Labelling of all received variables (in their raw form).

2. Generation of descriptive statistics for all received variables for comparison with the
reported summary statistics in UK Biobank's 'Data Showcase', to verify that the data
extraction and conversion steps had produced the expected data.

3. Substantive review of key variables to familiarise myself with the data.

4. Review of values and missing data for all key variables to check for duplicates,
implausible values, etc. UK Biobank data has already undergone extensive cleaning
and quality assurance checking, so this step served mostly as a check, and another way
to become more familiar with the data and anticipate any issues that may arise for
analysis (e.g. distributional or data sparsity issues).

5. Derivation of variables for use in analysis, including recoding. While many variables
were received in a format that was close to suitable for analysis, most required minor
recoding (e.g. of missing values from a numeric code to system missing). Other key
variables such as the environmental exposures and some covariates required
categorisation from a continuous form, or collapsing to a smaller number of categories
than the original variable. Details of the final derived variables are given in Chapter 3
(Methods).

6. Unnecessary variables were dropped and baseline assessment data were linked to the

variables derived from the UKBUMP to form a single dataset.

In the initial data release the built environment data (UKBUMP) were incomplete,

allowing only preliminary data management and analysis, but having established the data
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management processes it was straightforward to update the master dataset when the
updated data release became available in June 2017. The analyses in Chapters 4 and 6 were
based solely on this master dataset. Genetic data, updated hospital admissions data, and
the additional source of greenspace measures from UK Biobank, along with the open
access Local Authority-level data, were not accessed until early 2018, so these were
managed separately and linked to the master dataset at a later stage, in preparation for the

analyses in Chapters 5, 7 and 8.

Genetic data were extracted and converted to custom tables by Dr Jody Phelan at LSHTM.
The genetic data were downloaded from the European Genome-phenome Archive (EGA)
in the form of bgen files for each individual chromosome. These were decrypted using the
EGA download software, EgaDemoClient. The sample file linking the genotypes with
subject IDs were downloaded using the ukbgene software. Plink2 (v2.0) was used to
convert these files into bed/bim/fam files. All relevant SNP data (exact allele dosages for
genotypes assayed directly, and imputed allele dosages otherwise) were extracted and
converted into VCF format using plink (v1.9). The VCF files were merged using bcftools
and parsed into a custom table format using in-house Python scripts. I separately accessed
the principal components from the PCA for population structure directly through the UK

Biobank Access Management System, in the same manner as other baseline data.

Hospital Episode Statistics (HES) data linked to the cohort were downloaded as a separate
bulk file from the UK Biobank Showcase, and linked to the cohort using a provided key.
Following coding guidance provided at an ‘Introduction to HES’ training course run by the
Administrative Data Research Centre for England, I manipulated the raw HES data to
aggregate hospital episodes into admissions (a single admission may be made up of
multiple episodes, e.g. if a patient is transferred between consultants or departments), and
then extracted the primary diagnosis attached to each admission, in order to identify

relevant ICD-10 codes for the analysis in Chapter 8.

Details of the access and management of additional external data sources are provided

below.
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2.2. Additional Data Sources

The fourth objective of this PhD was to examine possible geographical heterogeneity in
associations between the neighbourhood built environment and adiposity across England,
and to explore whether any such heterogeneity might be explained by locally varying
contextual factors. To achieve this, I assigned each UK Biobank participant to the Local
Authority District in which their address was located, and then linked Local Authority-
level data from three publicly available external datasets to the cohort. This enabled me to
examine whether selected attributes of these larger administrative areas modified the

association between the neighbourhood environment and BMI.

Due to privacy restrictions, the exact address coordinates of participants are not routinely
made available to researchers; instead approximate coordinates (grid references rounded
to the nearest 1 km) are available. Using these approximate coordinates I geocoded

participants and assigned them to the LAD in which they reside, using QGIS v2.14".

During this process I identified 91 address points that were well outside the geographical
scope of the UK Biobank study. I therefore excluded these from the analysis of
geographical heterogeneity (presented in Chapter 7) as their locations were considered

unreliable.

Once each UK Biobank participant was assigned to a Local Authority, it was then possible
to link the UK Biobank dataset to external, Local Authority-level data. Being
administrative units, Local Authority Districts are well described in publicly available
datasets spanning multiple domains. This provided opportunities to consider a range of
Local Authority-level variables that might be important effect modifiers (or confounders).
After canvassing various available datasets, I identified suitable variables in the following

datasets:

e The Land Cover Atlas of the UK*°: a compilation of the relative proportions of land
cover types for each Local Authority District, using a broad classification scheme
and derived from Coordination of Information on the Environment (CORINE)
Land Cover data from 2012

e Neighbourhood Statistics - Local Authority Model-Based Estimates of Healthy
Lifestyles Behaviours, 2003-05>*: estimates of the prevalence of obesity, smoking,
fruit and vegetable consumption and binge drinking among adults in each Local

Authority, derived from the Health Survey for England and modelled with



additional information from other administrative data sources to produce accurate
small area statistics for each Local Authority.

e Regional gross disposable household income, UK 1997 to 2016: annual estimates of
gross disposable household income (GDHI) per capita for a range of geographical
levels (NUTS1-3 and Local Authorities), produced by the Office for National

Statistics?3.

Details of the variables extracted from each of these three datasets are provided in
Chapters 3 and 7. Those variables were then linked to the master UK Biobank dataset by

merging on the unique Local Authority District identifying code.

Figure 2.2 summarises visually the data used in this PhD project. Having described these
data sources in this chapter, I turn in the next chapter to a description of the measures

and methods I used in the analysis of these data.
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Figure 2.2 Visual summary of the UK Biobank resource and additional data sources used in this project
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Chapter3. METHODS

3.1. Introduction

This thesis comprises five research papers using the UK Biobank data. Specific details of
the methods employed in this thesis are provided in each paper, but due to the word
limitations of the journals to which the papers are being submitted, the methods used are
only briefly summarised in these papers. Therefore, in the current chapter I provide more
detail on the methods used, including the definitions of key variables, how they were

operationalised, and basic descriptive statistics.

Prior to that, I provide a brief expansion on some of the key concepts and definitions that
have been used throughout this study, building on ideas introduced in Chapter 1. In
particular, I discuss the concepts of effect modification and defining neighbourhoods in

relation to health behaviours and outcomes.

3.2. Key definitions

3.2.1. Effect modification

Central to this thesis is the examination of effect modification in relation to the
associations of interest between neighbourhood exposures and health outcomes. As stated
in Chapter 1, when the strength and/or direction of an exposure-outcome relationship
varies across values or strata of a third variable, that third variable is said to be an effect

modifier, and we can infer that effect heterogeneity, or effect modification, is present'.

Across the relevant literatures, various terms are used to describe the same
methodological concept. The underlying idea that causal effects on an outcome might be
heterogeneous across values of other variables is variously referred to as effect
heterogeneity, effect modification, effect measure modification, moderation, and
statistical interaction. Effect measure modification is technically most correct because for
some classes of outcomes (e.g. binary) the choice of effect measure (e.g. rate ratio vs rate
difference) can dictate whether effect modification is observed. Furthermore, from
statistical models we might observe evidence that an effect estimate is modified, but if the
model produces biased estimates of the true causal effect, then we cannot conclude with
certainty than the true causal effect is in fact modified. Strictly speaking, conclusions are
therefore drawn about whether an effect measure is modified, rather than an effect: hence,
effect measure modification. In practice, effect modification is the more commonplace
terminology, and in general, I use that term (and its derivatives) throughout this thesis

when referring to specific relationships. I also use the more general 'effect heterogeneity’
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when referring to the broader phenomenon. I avoid the use of the term moderation. While
it is widely used and understood to be the same as modification in this context, it implies
a tempering or dampening of a main effect, when in fact a third variable may either amplify

or dampen the effects of the primary exposure.

As the testing of statistical interactions is a common way to assess effect modification, the
term interaction is also often used interchangeably with any of the above-mentioned
terms. Throughout this thesis I reserve the use of this term for instances where I am
referring to interaction terms in regression models, or, in the case of Chapter 5 gene-
environment interactions. It is important, however, to distinguish between statistical and
biological interaction. In the latter case, the effect of the exposure on the outcome is
biologically dependent on the presence or absence of a third variable, meaning both are
necessarily causes of the outcome; in contrast, statistical interaction can occur whether or
not the third variable (the modifier) is a cause of the outcome. Assessing questions of
biological interaction therefore requires stronger causal assumptions and consideration of
an additional adjustment set to minimise confounding®. In the thesis, when I use the term

interaction it should be assumed to mean statistical interaction.

As stated, effect modifiers need not themselves be direct causes of the outcome. Though
they may be, they might also act only by modifying the effect of another exposure. For
example, faced with the same dose of a given exposure, men may be more likely than
women to develop a given outcome, even though sex itself doesn't cause the outcome. In
that case, sex would be considered an effect modifier of the exposure-outcome association.
Alternatively, having a higher genetic risk of that outcome might make someone more
sensitive to the same exposure than someone at lower genetic risk. In that case, genetic
risk would be an effect modifier as well as a direct cause of the outcome. I have considered

both kinds of potential effect modifiers.

3.2.2. Defining neighbourhood measures

As a convenient shorthand for referring to the local built environment around a person's
home, I use the term 'neighbourhood' throughout this thesis. Depending on the specific
measure being referred to, this takes on slightly different meanings, but in general it is
used here to characterise exposure (or lack thereof) to health-promoting or health-

damaging resources close to home.

Due to the reliance on secondary data in this thesis, the choice of environmental measures

and the scales on which they are measured are all constrained by what is already available
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within the UK Biobank resource, or what is able to be linked to it within the approved
project scope. Working within the limits of the available data, this thesis is a collection of
studies about relationships between health and particular characteristics of the built

environment around cohort members’ primary place of residence.

For the physical activity environment, I use a density measure of facilities based on a fixed
buffer size around the home address. This kind of density-based definition is also
employed for other environmental variables examined in this thesis as potential effect
modifiers, or included as model covariates to control for potential confounding. The one
notable exception is the measure of the fast-food environment that I employ in this thesis
- proximity to a fast-food outlet. While I refer to this as a neighbourhood characteristic, it
is not geographically bounded in the same way a density measure for a given buffer size
is. Rather it is defined as the street-network distance from the home address to the nearest
fast-food outlet, and, in some analyses, then categorised into levels of proximity. By
categorising this proximity measure, it is also possible to indirectly interpret the results in
terms of presence/absence of a fast-food outlet for the neighbourhood boundaries

represented by the category cutpoints (500 m, 1000 m, etc.).

3.2.2.1. Challenges to defining health-relevant geographical areas
For any given measure, the ideal definition of a 'neighbourhood' is contested, and in reality
it is likely that the geographical parameters of the health-relevant environment near home
will vary from one individual to the next3. It may also vary for specific resources. For
example, people might expect and be prepared to travel further to a formal physical
activity facility such as a swimming pool, than to a local park. Thus, there is always a risk
of what Duncan and colleagues* refer to as 'spatial misclassification’, when a researcher
arbitrarily defines a neighbourhood boundary in some way. Kwan> describes the Uncertain
Geographic Context Problem (UGCoP), whereby the actual geographical area that exerts
an influence on health is unknown for any given environmental characteristic, and
furthermore the causally relevant timing and duration of exposure to that area are also
unknown. For the physical activity environment, I use a street-network buffer size of one
kilometre. Evidence suggests that one kilometre is the approximate distance from home
that adults are typically willing to walk to reach places, and that areas within one kilometre
of home are perceived by people to be part of their neighbourhood®. I use the same buffer
size for neighbourhood availability of parks and other public green/open spaces (examined
as an effect modifier in Chapter 6) and residential density (a model covariate). In the case
of neighbourhood park availability, it was important to use the same buffer size as that

used for formal PA facilities, because I was hypothesising that the two might, in a sense,
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compete as health-promoting resources, with one moderating the influence of the other.
In contrast, in Chapter 8 I use a 300 m buffer as a measure of neighbourhood exposure to
greenspace, based on previous research showing this is a distance from home beyond
which the use of green spaces quickly declines”® and because it has been proposed in the
UK as a benchmark for greenspace provision®. In that chapter, I was allowing that
greenspace may act on cancer and CVD outcomes via pathways unrelated to physical
activity, and was not directly relating the two environmental variables to one another in
any way, so using a buffer with the stronger empirical basis for support was more
important. When I capture the food environment using a proximity measure, no
assumptions are made about the causally relevant geographical space with respect to fast-

food exposure.

All studies that focus on the local residential area rest on an assumption that the
residential neighbourhood, however defined, captures the relevant space in which people
act and make decisions relating to behaviours such as diet and PA. It is increasingly being
recognised that there are other important places - such as workplaces and commuting
routes — that may also be relevant for many people, and that by ignoring these we may fall
into the residential trap". This has given rise to the notion of 'activity spaces™, the
measurement of which captures environmental exposures around additional anchor
points beyond the home address, for example using travel surveys” or GPS tracking®. It is
possible that the effects of exposures in the local residential neighbourhood - be they
positive or negative — may be diluted by exposure to other areas, e.g. if your home
neighbourhood lacks suitable places for physical activity, you might be able to compensate
for this by making use of places near your workplace, such that characteristics of the
workplace neighbourhood might modify or confound estimated effects of the home
neighbourhood™. This poses challenges for constructing a well-defined exposure.
Unfortunately it was not possible to account for other parts of individuals' activity spaces

using UK Biobank.

Given that most of this thesis is focussed on investigating whether neighbourhood-health
associations are modified by various individual and environmental modifiers, rather than
estimating the magnitude of causal main effects of a neighbourhood exposure on a health
outcome (with the exception of Chapter 4), some of these issues relating to the
operationalisation of neighbourhood exposures may be less salient. Further discussion on
the limitations of the particularities of neighbourhood definitions in relation to this

project as a whole is included in the final chapter of the thesis.



3.3. Measures

3.3.1. Outcomes

Table 3.1 summarises the outcome measures used throughout the thesis, including their

source and whether they are examined as cross-sectional or prospective outcomes.

Table 3.1 Outcome measures

OUTCOME DETAILS

Body Mass Index (BMI) Cross-sectional; measured at baseline assessment visit

Waist circumference (WC) Cross-sectional; measured at baseline assessment visit

Percent Body Fat Cross-sectional; measured at baseline assessment visit

Incident CVD-related Prospective; identified in linked Hospital Episode Statistics data using
hospital admissions ICD-10 codes 110-125, 146,148,150,160-79.

Incident cancer-related Prospective; identified in linked Hospital Episode Statistics data using
hospital admissions ICD-10 codes C00-C97 (excluding skin cancers (C43 and C44))

3.3.1.1. Adiposity
The primary outcome variables used in four of the five research papers in this thesis are
measures of adiposity. Several objectively assessed adiposity measures are available in UK
Biobank. Each has its own limitations and each performs differently in how well they
predict various other health outcomes in various population subgroups', therefore I have
examined three different measures rather than just one (when appropriate), and examined
consistency of associations with the key exposures across these measures. The three
adiposity measures examined in this thesis are waist circumference (WC), body mass index

(BMI), and percent body fat.

3.3.1.2. Body Mass Index (BMI) and Percent Body Fat
Weight and various body composition measures were collected using a body composition
analyser during baseline assessment™. This 'bioimpedance' equipment estimates body
composition by measuring the resistance (impedance) to a small electrical current passed
across body tissues between electrodes attached to the hands and feet, with greater
impedance of the current indicative of more fatty tissue’®”. Impedance values are then
used to automatically estimate percent body fat. BMI values (weight in kilograms, divided

by square of height in metres) were calculated from the weight measurement taken by the
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body composition analyser, and standing height collected using a calibrated height

measure.

The bioimpedance machine was not used for participants who were pregnant, using a
pacemaker, using a wheelchair, an amputee, unable to grip the handles of the machine,
unable to stand, wearing a plaster cast or unwilling to remove their shoes. For these
people, percent body fat is not recorded, and weight was instead measured by standard
scales, from which BMI was then derived. Because some of the reasons for non-use of the
bioimpedance machine would lead to inappropriate manually calculated BMI values,
impedance-only BMI values were used in a sensitivity analysis in Chapter 4 to see if results

were influenced by the method of BMI measurement.

BMI is a commonly used measure in epidemiological and clinical studies because it is easy
to calculate. However, it is an indirect measure of body fatness because it does not
distinguish fat mass from lean body mass. It therefore tends to be a poorer predictor of ill-
health in older adults, and on average for a given BMI value, percent body fat tends to be

higher in Asian populations than in White populations”.

Limitations of the bioelectrical impedance method include that it is sensitive to the
influence of hydration status, food intake and skin temperature. Percent body fat
estimated by bioimpedance also tends to overestimate the true value in lean subjects while

underestimating it in obese subjects”.

3.3.1.3. Waist circumference
In contrast with BMI and percent body fat, which are both measures of overall adiposity,
waist circumference (WC) is a measure of central or abdominal adiposity. Central
adiposity is recognised as being more closely linked to cardiometabolic outcomes®, and
although WC can be more difficult to measure accurately, it is sometimes considered a
more suitable measure than BMI for assessing risk of adiposity-related ill-health,
particularly in older adults”. WC measurements were collected from participants using a

tape measure and were manually recorded by the assessors.

All three adiposity metrics (BMI, WC and % body fat) have been treated as continuous
variables in the analyses. I have elected to use continuous measures of adiposity rather
than binary/categorical indicators of overweight or obesity, because the latter involves
considerable loss of information™. Furthermore, while obesity is a strong risk factor for
many health outcomes, the recent Global Burden of Disease study of the health effects of

overweight and obesity estimated that more than a third of deaths and disability-adjusted
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life years associated with a high BMI occurred in individuals who were overweight rather
than obese, indicating the importance of considering the full range of BMI values, and

other adiposity measures™.

Figures 3.1-3.3 show the distribution of BMI, percent body fat and WC in the UK Biobank
cohort. While the various adiposity measures are correlated (some more than others)
(Table 3.2), a study in the UK recently found that patterns of social disparities in adiposity
varied substantially depending on the measure of adiposity used®, further highlighting the

value of considering multiple measures.
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Figure 3.1 Distribution of BMI in the UK Biobank cohort
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Table 3.2 Correlation matrix for BMI, WC and percent body fat in UK Biobank

cohort
BMI WC % Body Fat
BMI 1.0000
WC 0.8137 1.0000
% Body Fat 0.5715 0.2411 1.0000

One or all of these adiposity measures are the primary outcomes in the research papers in
Chapters 4-7. I examine all three measures in Chapters 4 and 6. In Chapters 5 and 7 I focus
on BML In Chapter 5 this is because I am examining gene-environment interactions with
genetic variants and polygenic risk scores associated specifically with BMI. In Chapter 7
where | examine geographical heterogeneity of associations, I focus only on BMI, after

seeing in Chapters 4 and 6 that results are consistent across the three adiposity measures.

The measures of BMI and percent body fat collected using the body composition analyser
are missing in 2% of cases. For BMI, manual measurements are available for some of those
missing the impedance measurements, reducing missingness on BMI to 0.6% of the total

sample. Waist circumference is missing in 0.4% of the sample.

3.3.1.4. Hospital Admissions
In the final research paper (Chapter 8),  move away from cross-sectional associations with
adiposity outcomes, and examine longitudinal associations with incident CVD- and

cancer-related hospital admissions.

Hospital admissions were identified in the linked HES data, using the ICD-10 coding to
identify cause of admission®. The specific outcomes were defined as any hospital
admission for which the primary diagnosis is recorded as cardiovascular disease (ICD-10
codes To-125, 146, 148, Is0, 160-79) or cancer (ICD-10 codes Coo-Cg7, excluding skin
cancers C43-44). CVD and cancer admissions were examined separately. I also separately
examined associations with admission for two cancer subtypes that have the most well-
established links to physical activity® and diet* - breast cancer (C19) and colorectal cancer

(C18).



Table 3.3 Number of CVD- and cancer-related hospital admissions in UK Biobank

cohort
Number of admissions | Admissions as % of sample
CVD-related 26,984 5.4%
Cancer-related (excl. skin cancers) 26,495 5.3%

Note: Totals do not exclude individuals with pre-existing conditions

3.3.2. Environmental variables

In this thesis, I make use of several types of variables that capture characteristics of
geographical areas (Table 3.4). Conceptually these represent two distinct geographical
scales: the local residential environment, or 'neighbourhood’; and the wider context in
which those more local residential neighbourhoods are located, which I refer to as the
'macro-environment'. Practically, these have needed to be operationalised based on
available data, and this means that the neighbourhood variables are defined in slightly
different ways. While all are defined with reference to the home address of an individual,
they are a mix of land use density of a street-network buffer around the home address,
percentage of a Euclidean buffer around the home address, street-network distance from
the home address to a destination, or attributes of the postcode or census area in which
the home address is located. The two macro-environmental variables are defined as
attributes of the Local Authority District in which the home address is located, but unlike
the neighbourhood variables, allocation to a Local Authority relied upon approximate
rather than precise home location grid references. These variables are summarised in
Table 3.4. Details of how each were defined are provided in the next section of this chapter
according to their analytical purpose (exposure, effect modifier or confounder). Due to the
reliance on secondary data, the timing of the collection of the underlying datasets varies.
While I have made every attempt to use data as close as possible to the UK Biobank

baseline phase, there remains some risk of temporal mismatch (discussed in Chapter 9).

One further geographical level at play in the UK Biobank is that of the assessment areas.
Participants were sampled from within a 25-mile radius centred around 22 study centres
across the UK where the baseline assessment took place. This clustered sampling design
and the possible spatial dependence arising from it needs to be accounted for in analyses.
To this end, assessment area is specified as the level-2 identifier in multilevel models in
Chapters 4-7, also allowing the primary relationships of interest to vary by assessment
area. In Chapter 8, dummy variables for assessment areas are instead included in single-

level Cox proportional hazards models.
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Table 3.4 Measures of environmental attributes

MEASURE CONCEPTUAL ANALYSED AS DETAILS DEFINED WITH REFERENCE SOURCE
GEOGRAPHICAL LEVEL TO
Formal physical Neighbourhood Primary exposure Land-use density measure of availability of facilities such as Exact home address UKBUMP

activity
environment
Fast-food
environment

Green space: Public
greenspace and
domestic gardens
Parks & public/open
green spaces

Area deprivation

'Natural' land cover

Urbanicity

Residential density

Local descriptive
obesity norm
LAD-income

environment

Neighbourhood
environment

Neighbourhood
environment

Neighbourhood
environment
Neighbourhood
environment

Macro-environment

Neighbourhood
environment

Neighbourhood
environment
Macro-environment

Macro-environment

(Ch 4-8)

Primary exposure

(Ch 4,5,7,8)

Potential effect modifier
(Ch 6)

Primary exposure (Ch 8)
Secondary exposure (Ch 4)

Potential effect modifier
(Ch6)

Potential confounder (Ch 4-8)
Potential effect modifier

(Ch 8)

Potential effect modifier
(Ch7)

Potential confounder

(Ch 4,5,8)

Potential confounder
(Ch 4-8)

Potential effect modifier
(Ch7)

Potential confounder
(Ch7)

sports facilities, gyms, swimming pools (1000m street-network
buffer)
Distance to nearest hot/cold takeaway/fast-food outlet

Percentage of 300m buffers defined as ‘public greenspace’ or
‘domestic garden’ in GLUD

Land-use density measures for parks and other public
green/open spaces.

Percent of Local Authority District land cover classified as
‘natural’

Home postcodes used to classify participants from England
and Wales according to an ONS-defined scale of urbanicity
collapsible to 4 categories based on population density (2001
Census). Scottish participants are classified using a scale that is
not strictly equivalent, so | collapse all to urban/non-urban
1000m street-network buffer

LAD adult obesity prevalence (published modelled estimates
based on 2003-05 Health Survey for England data).
Local Authority Gross Domestic Household Income

Exact home address

Exact home address

Exact home address

Postcode of home address

Approximate home address
(rounded to nearest km)
Postcode of home address

Exact home address

Approximate home address
(rounded to nearest km)
Approximate home address
(rounded to nearest km)

Measured at end of baseline”

UKBUMP
Measured at end of baseline”

GLUD (2005)

UKBUMP

Measured at end of baseline”
Townsend Index

(2001)

Land Cover Atlas of the UK
(based on CORINE) (2012)

UK Biobank (ONS)
(population density based on
2001 Census)

UKBUMP

Measured at end of baseline”
Health Survey for England
(2003-05)

ONS (2006)

" Source material for UK Biobank Urban Morphometric Platform states the spatial data “were collected as close as possible to the end of the baseline wave to avoid temporal mismatch”
(Sarkar et al. Annals of GIS, 2015, p.12) but does not provide specific dates, and cites the 2012 release of OS AddressBase Premium. Other publications by the creators of UKBUMP and using
exposures derived from OS AddressBase state these “were assessed towards the end of the baseline phase (2010)” (Sarkar et al. Lancet Planetary Health, 2017, p.e279).

71



3.3.3. Exposures

Four of the five objectives of this thesis are focused exclusively on obesity-related
outcomes, and as mentioned in Chapter 2, to address these objectives I focussed on two
exposure variables, each thought to influence these outcomes via a separate pathway, and
each relating to opposite sides of the energy balance equation: availability of formal PA
facilities, and proximity to fast-food outlets. Availability of formal PA facilities near home
is relatively understudied in relation to obesity-related outcomes, but what research there
is suggests a possible relationship, so further research in this large UK-wide sample was
warranted. Other features of the built environment are also thought to promote PA (e.g.
walkability) but as these are the focus of extensive research by others, I have chosen to
focus on the formal PA environment. Community food environments, including a focus
on fast food, have received considerable research attention, but the evidence remains
inconclusive. Of the limited data on the food environment available in UKBUMP for the
full UK Biobank cohort, fast-food proximity was arguably the most appropriate for my
analyses. Fast-food outlets and formal PA facilities are neighbourhood resources that are
also both primarily commercial in nature, and therefore amenable to regulatory and
market-based interventions. To address my fifth research objective, where my outcomes
of interest were CVD and cancer, | also examined a third neighbourhood exposure
(domestic and public greenspace) that might also influence these outcomes through

pathways independent of adiposity or energy balance.

Availability of formal physical activity facilities is examined as an exposure in all five
research papers. Proximity to a fast-food outlet is examined as an exposure in four research
papers (Chapter 4, 5,7 and 8), and also as a potential neighbourhood-level effect modifier
in Chapter 6. Neighbourhood greenspace is examined as an exposure in the final research
paper (Chapter 8). For completeness, I also examine this greenspace measure as a
secondary exposure in additional material in Chapter 4, as it was not available at the time
of publishing the research paper in that chapter. The following section explains the

operationalisation of these three neighbourhood exposures in greater detail.

3.3.3.1. Availability of formal physical activity facilities
There is some evidence that neighbourhood exposure to dedicated facilities for physical
activity, sometimes referred to as recreation facilities, is associated with higher levels of
physical activity*>*7. Whether they are associated with body weight outcomes is less well

studied and less clear.
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Definitions of such facilities usually include swimming pools, gyms, sports playing fields,
leisure centres, and racquet sports facilities, among other facilities. These facilities may be
open to the public or restricted to membership holders, and may be free at point of use or
pay-to-use. Across studies, the definitions used usually varies somewhat, and there is some

indication that the types of facility matter®.

In this thesis, based on land-use density data from the UKBUMP, I define neighbourhood
availability of formal physical activity facilities as the density (count) of physical activity
facilities within a 1000 m street-network buffer around the home address. Physical activity
facilities were defined as any land use classified in the Commercial-Leisure subcategory
(CL06) of the UK Ordnance Survey AddressBase database. This subcategory comprises any
address point classified as "Indoor/Outdoor Leisure/Sporting Activity/Centre not further

defined", as well as the following more specific categories of land use:

e Bowls Facility

e Cricket Facility

e Diving / Swimming Facility
e Equestrian Sports Facility

e Football Facility

¢ Golf Facility

e Activity / Leisure / Sports Centre
¢ Playing Field

e Racquet Sports Facility

e Rugby Facility

e Recreation Ground

e Skateboarding Facility

e (Civilian Firing Facility

¢ Tenpin Bowling Facility

e Water Sports Facility

e Winter Sports Facility

Non-commercial resources that may be considered informal physical activity facilities,
such as public parks and other public open spaces, and walking and cycling paths, were
not included in the count (except where covered by the above classification e.g. playing

fields).
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Collapsing all these facility types into a single measure may obscure facility-specific
associations with health outcomes, but due to the large proportion of address points
classified in the ‘Indoor/Outdoor Leisure/Sporting Activity/Centre not further defined’
category, it was decided that such a disaggregation would not be meaningful. While the
land-use density is the only measure of PA facilities available in UK Biobank, the
heterogeneous nature of this exposure makes a density measure more suitable than a

proximity measure in this case.
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Figure 3.4 Distribution of availability of formal PA facilities within 100om buffers

Data on the availability of PA facilities were missing for 3.5% of the full sample. For those
with data, just under a third of participants had no formal physical activity facilities within
a kilometre of their home. The median number of facilities within a neighbourhood buffer
was one (IQR: 0-3). The full range was zero to 39, but 90% of participants had no more

than six facilities near home (Figure 3.4).

In Chapter 4 this exposure variable was categorised as no facilities, 1 facility, 2-3 facilities,
4-5 facilities, or 6 or more facilities (Table 3.5). In Chapters 6 and 8, where the sample was
further stratified by an effect modifier, the top two categories were collapsed so the
uppermost category was '4 or more facilities', due to the number of observations in the '6

or more' category becoming quite small when stratified by another variable.
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Table 3.5 Categories of neighbourhood availability of formal PA facilities

Number of formal PA facilities n %
within 1km

0 150,187 30.11
1 96,018 19.25
2-3 114,677 22.99
4-5 58,212 11.67
6 or more 61,973 12.43
missing 17,680 3.54
Total 498,747 100.00

In Chapter 5 and Chapter 7 it was desirable to work with a continuous exposure for reasons
specific to those chapters (outlined therein). In those two chapters, availability of PA
facilities is therefore treated as a continuous variable, consistent with the roughly linear
association observed using the categorical variable across the sample as a whole in Chapter
4. To treat it as a continuous variable, the number of facilities per 1000 m buffer has been
topcoded due to the very long tail of the positively skewed distribution (0.07% of the total

sample were recoded to 15 from a higher value; recoded distribution shown in Figure 3.5).
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Figure 3.5 Topcoded distribution of availability of formal PA facilities within 100om
buffers
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3.3.3.2. Fast-food environment
There is a large body of research investigating whether access to fast-food outlets near the
home may be a determinant of weight status and obesity??, but the conclusions have been
inconsistent or equivocal, and most evidence comes from the USA, where the structure of
the built environment differs from countries such as the UK. While a recent study in the
UK found that exposure to fast-food outlets near home was associated with both BMI and
odds of obesity in adults* this study was limited to one area in the UK and other

international research has not consistently replicated findings from the USA3"3.

Neighbourhood exposure to fast-food outlets can and has been operationalised in a variety
of ways in different studies, including proximity measures (how close a person lives to a
fast-food outlet), absolute count or density measures (number of outlets in a buffer, or
outlets per population or km?), and relative measures (e.g. fast-food outlets as a proportion
of all food retailers in an area)®. Each captures something different about the fast-food

environment that may plausibly influence diet and subsequent health outcomes.

In this thesis, exposure to fast-food outlets is operationalised as a proximity measure.
Ideally, a relative measure of the food environment would have been used, but it was not
possible to construct such a measure from the UKBUMP data for the full sample. Proximity
has been used in numerous studies in the UK and elsewhere to capture exposure to fast-
food outlets3343°, Proximity and density measures of the food environment have been
shown to be moderately to strongly correlated in the UK3” and while neither is
demonstrably superior to the other, a recent systematic review (focussed on dietary
outcomes) found that proximity measures of the food environment tend to produce
smaller effect sizes than absolute density measures®, indicating proximity measures may
be a more conservative approach. Proximity measures also avoid the need to make
assumptions about the causally-relevant geographical area. I therefore used the UKBUMP
data on the distance from each participant's home location to the nearest address point in
the UK Ordnance Survey AddressBase Premium database that was classified as a hot/cold
fast-food outlet/takeaway'. Thus, for each individual, fast-food proximity is defined as the
street-network distance (in metres) from their home address to the nearest takeaway/fast-
food outlet. Data were missing for 3.6% of the full sample, including 20 observations with
a distance greater than 4okm to the nearest fast-food outlet, which I excluded on the
grounds that these were implausible values given the catchment area for the study was

itself roughly that distance around centrally located assessment centres.
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Based roughly on the distribution of the data (Figure 3.6), I used these distances to
categorise individuals as living <500 m, 500-999 m, 1000-1999 m, or 200om+ from their
nearest fast-food outlet (Table 3.6). This categorical form of the exposure was used in
Chapters 4 and 8. As with the PA environment, in Chapter 5 and 7, [ treated proximity to
fast-food as a continuous variable, to better facilitate the analyses conducted in those
chapters. When treating fast-food proximity as continuous, I used its logarithm (base 10)
transformation for ease of interpretation, so that a one-unit increase represented a 10-fold
increase in distance to the nearest outlet (e.g. 100om to 1000m) (Figure 3.7). To facilitate
this I recoded to one metre a small number of observations where the distance to the
nearest outlet was zero or less than one metre, because it is not possible to take the

logarithm of zero, and the logarithms of values less than one are negative.

As a large distance to a fast-food outlet indicates that there are none close to the home
address, while a smaller distance indicates there is at last one near the home address, this
could alternatively be reclassified into a binary variable with a cutoff at e.g. tkm. Instead,
by splitting distance into multiple categories, I make greater use of the available
information while still allowing indirect interpretation in terms of presence/absence for
the neighbourhood boundaries represented by the category cutpoints. This avoids making

assumptions about the causally-relevant geographical area.
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Figure 3.6 Distribution of proximity to nearest fast-food outlet
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Table 3.6 Categories of proximity to nearest fast-food/takeaway outlet

Distance to nearest fast-food/takeaway outlet n %
Closer than 500m 88,789 17.80
500-999m 124,684 25.00
1000-1999m 133,386 26.74
At least 2000m 134,161 26.90
missing 17,727 3.55
Total 498,747 100.00
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Figure 3.7 Logarithmic transformation of proximity to nearest fast-food outlet

Food outlet classification in the source database for the current study is supplied by local
authorities and may include misclassification of some outlets (particularly
misclassification of addresses as restaurants rather than fast-food outlets), potentially
biasing the regression coefficients estimated in this thesis towards the null. The quality of
the underlying source data - in terms of accuracy and completeness - could also vary
geographically, introducing more misclassification error in some areas than in others.
Unfortunately is was not possible to assess the accuracy and validity of the measure and
its source data. I discuss the implications of this in the limitations section of the

Discussion, and in individual research papers.
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3.3.3.3. Greenspace
Unlike formal PA facilities and the fast-food environment, which will predominantly
influence energy balance-related outcomes if they influence health at all, exposure to
green spaces has considerable potential to influence health through multiple causal
pathways. Various conceptual models linking green space to health have been proposed39-
4 and these typically recognise multiple pathways by which exposure to green space or
nature more generally might influence health, including improved air quality,
opportunities for physical activity, stress reduction and relaxation, resilience to heat-
related illness by mitigation of the urban heat island effect, greater social cohesion,
buffering from noise pollution, exposure to natural light, and improved functioning of the

immune system*>.

Therefore, in this thesis, I focus on PA facilities and the fast-food environment when I
consider obesity-related outcomes (Chapters 4-7), but in Chapter 8 when I consider a
wider set of health outcomes (namely CVD and cancer), I also examine greenspace as an
additional neighbourhood exposure because of its potential to influence these outcomes

through multiple pathways.

A review® of recent studies of green space and health identified three dominant ways of
objectively quantifying exposure to green space or greenness: vegetation indices based on
satellite imagery (e.g. Normalised Difference Vegetation Index (NDVI)); metrics based on
land-use databases (e.g. proportion of an area classified as some form of greenspace); and
proximity metrics (e.g. the distance from a person's home to the nearest park). As with
other neighbourhood exposures, each captures a slightly different dimension of what it

might mean to be 'exposed' to 'greenspace’.

When examining greenspace as an exposure here, | make use of the additional measures
added to UK Biobank derived from the Generalised Land Use Database (GLUD). I
combined the land use percentages for 'greenspace' and 'domestic gardens' to derive a
combined measure of greenspace exposure for 300 m neighbourhood buffers. Combining
'greenspace’ and 'domestic gardens' is consistent with previous research using the GLUD
to examine relationships with health*. Of the 300 m and 1000 m buffers available to UK
Biobank researchers, I chose to use the 300 m buffer as the primary delineation of
neighbourhood exposure to greenspace on the basis that previous research has shown this
to be a distance beyond which the use of green spaces declines”® and also because it is a
policy-relevant distance, having been proposed in the UK as a benchmark for greenspace

provision®. Furthermore, with the inclusion of gardens in the measure, a buffer of 300 m
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is more likely to capture meaningful exposure to domestic gardens, as within a smaller
buffer gardens will be more likely to be part of, or visible from, the individual's home.
Results of some studies suggest that being able to view greenspace from home (e.g.
through a window) may confer psychological benefits*#, and small buffers (e.g. 250 m)
have been used in other UK-based studies that have demonstrated a link with mental

health4748.

10

% of total sample
|

I
2 T T T T

T
0 20 40 60 80 100
Greenspace and domestic gardens - % of all land use in 300m buffer

Figure 3.8 Distribution of neighbourhood greenspace (30om buffers)

The mean percentage land use classified as greenspace or garden in a 300m
neighbourhood buffer was 66.4% (SD=12.8%) but with a range spanning 1.6% to 99.3%
(Figure 3.8). For consistency with the other exposures examined in Chapter 8, I
categorised this measure into four ordinal groups, in this case using quartiles (Table 3.7),

which were then used as the greenspace exposure variable in Chapter 8.

Table 3.7 Categories of neighbourhood greenspace

Quartile of greenspace (300m buffer) Mean % green = min max

Q1 Least green 45.65 1.64 57.88
Q2 62.91 57.88 67.14
Q3 71.49 67.14  76.45
Q4 Most green 85.58 76.45 | 99.30
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As the GLUD measures were available only for those UK Biobank participants resident in
England, the analyses using this exposure excluded anyone living in Wales or Scotland.

Among residents of England, 1.1% were missing data on greenspace exposure.

In Chapters 6 and 7 I also consider access to ‘parks’ or 'natural' spaces as a possible effect
modifier of associations between the formal PA environment and adiposity, but in those
analyses I use different measures more specifically suited to the research questions, and

which I detail in Section 3.3.4.2.

3.3.4. Effect modifiers

A central focus of this thesis is to explore possible sources of effect heterogeneity in the
associations between the neighbourhood built environments and health. To do this I
identified seven potential modifiers of the association between one or more of the primary
exposures and one or more of the primary outcomes, each operating at one of three

distinct levels: individual, neighbourhood, and macro-environment.

3.3.4.1. Individual-level effect modifiers
At the individual- or intrapersonal- level, a characteristic of an individual may render them
more or less susceptible to developing the outcome of interest, in any given environment.
Such characteristics would then be considered effect modifiers. I examined the following

three potential, individual-level effect modifiers.
Sex/Gender

Effects of neighbourhood characteristics may differ for men and women, with some
studies having observed stronger associations among women than among men*>.
Differences might be explained by traditional gender roles that result in women spending
more time in their local neighbourhood>. This is one potential effect modifier of
neighbourhood-health associations that has been relatively widely investigated. In
Chapter 4, where the primary focus is to first estimate the main cross-sectional
associations in the sample as a whole, I also examine possible effect modification by sex.
In Chapter 8, where I consider cancer and cardiovascular disease outcomes, I present sex-
stratified results alongside combined results, due to different baseline risk among men and
women. UK Biobank reports participants’ sex (female or male) derived from central NHS
registry data, and participants had the option to update this information. No additional

data were collected on gender identity.

81



Table 3.8 UK Biobank participants by sex

Sex n %
Female 271,335 54.40
Male 227,411 45.60
Missing 1 0.00
Total 498,747 100.00

Household income

Health inequalities by income and other measures of socioeconomic position are well
documented, and there is also some evidence of effect modification by income of
neighbourhood effects on BMI*, obesity>* and diabetes> in the US. It is not clear whether
income modifies such associations in the UK, though one recent study suggests a double
burden of exposure to fast-food outlets and low income in London>*. Any neighbourhood
characteristics to which residents might be price-sensitive could plausibly be expected to
have a directly differential effect by household income (e.g. pay-to-use recreation
facilities). Other, less direct mechanisms may also generate effect heterogeneity.
Household income is recorded in UK Biobank in five categories of annual household pre-
tax income in pounds sterling: less than £18,000, £18,000 - £30,999, £31,000 - £51,999,

£52,000 - £100,000, more than £100,000.

Table 3.9 UK Biobank participants by household income

Average household annual income (pre-tax) n %

Less than £18,000 97,208 19.49
£18,000 — £30,999 108,180 @ 21.69
£31,000 - £51,999 110,777 | 22.21
£52,000 - £100,000 86,272 | 17.30
Greater than £100,000 22,932 4.60
Don’t know 21,305 4.27
Refused to answer 2,221 0.45
Missing 49,852 10.00
Total 498,747 100.00

In Chapter 4 I collapsed the highest two income categories so there were four roughly
evenly sized groups, and then tested for interactions with availability of formal physical
activity facilities and proximity to a fast-food outlet, with respect to adiposity outcome
measures. In Chapter 8, a binary indicator of high household income (at least £31,000) was
used to investigate income as an effect modifier of associations with CVD and cancer. In
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that chapter a binary effect modifier was preferred for the type of analyses being performed
(see Chapter 8 for details). Unfortunately, household income was not readily able to be
equivalised to account for household size, nor could I take into account housing costs or
taxes. As I describe in the later section on confounders, I adjusted all other models for

potential confounding by income, using the five-category form of the variable.
Genetic risk

Family and twin studies have shown that BMI is likely to be between 30% and 70%
heritable>™7. Except in rare cases (e.g. syndromic obesity), it is generally thought that the
genetic determinants of body weight are largely polygenic (involving multiple genes), and
BMI has been associated with a large number of genetic loci, particularly since the advent
of genome-wide association studies (GWAS)%°. In Chapter 5 I operationalise genetic risk
using two polygenic risk scores for obesity, based on the most current evidence from meta-
analyses of GWAS3®, and test whether polygenic risk acts as a modifier of the association
between neighbourhood characteristics and BMI. [ also examine possible effect
modification by selected individual single nucleotide polymorphisms (SNPs) strongly
associated with BMI and putatively linked to either dietary intake or physical activity

behavioural pathways.

Typically, genetic risk scores (GRSs) are derived by summing the number of high-risk
alleles present in an individual, usually weighting by known estimates of effect size. A
recent GWAS identified 97 SNPs associated with BMI*®. As shown in equation 1 below, I
used these to construct two alternative GRSs by summing the number of BMI-increasing
alleles across the set of SNPs, and weighting the allele count at each SNP by its published
effect size (B).

GRS = (B, * SNP,) + (B> * SNP,) + ... (Bn * SNPy) (equation 1)

For non-imputed genotypes, the allele count of each SNP takes a value of o, 1 or 2, while
for imputed genotypes, I used the SNP’s imputed allelic dosage, which is a value between
o and 2 representing the sum of the probability of each of the three genotypes at a given

SNP.

The first GRS used 91 of the 97 BMI-associated SNPs reported in the recent GWAS, with
the exception of six that I excluded on the basis that they were reported elsewhere either
as being in linkage disequilibrium with other SNPs in the GRS, or of having pleiotropic

effects®. Linkage disequilibrium and pleiotropy can introduce bias in the associations
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between the genetic risk score and the outcome, and in interaction analyses®. To
construct the second GRS, I followed another recent study using UK Biobank data and a
GRS for obesity*?, in which they also based their SNP selection on the g7 SNPs identified
in the recent GWAS®®, but limited their GRS to 69 SNPs identified in the primary meta-
analysis of studies of individuals of European descent, excluding the SNPs identified in the
secondary meta analyses of studies in regional, sex-stratified or non-European-descent

populations. The distribution of the genetic risk scores are shown in Figure 3.9.

To ensure higher values of the GRSs represented increased risk of obesity, it was necessary
to recode some of the SNP genotypes so that the non-reference allele in the dataset was
the same allele associated in the GWAS with higher BMI. Further details of the GRS
derivation are provided in Chapter 5, and full lists of the SNPs included in each GRS can

be found in the Supplementary Material for Chapter 5 (Appendix Two).

Separately I also examined six individual SNPs as possible effect modifiers. These were
identified from the literature as having well-established links to obesity and food intake
(markers of the FTO, MC4R and TMEM:8 genes)>”5%, or had been linked specifically to
physical activity (markers of CADM2, GNPDA2 NRXN3)®¢2, Full details are provided in
Chapter 5. If any of these individual SNPs do interact with the food or physical activity
environment to influence BMI, it would be expected that those linked to diet would
interact only with the food environment, while those linked to physical activity would

interact only with the physical activity environment.
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Figure 3.9 Distribution of genetic risk scores for BMI in UK Biobank cohort
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3.3.4.2.Neighbourhood-level effect modifiers
At the level of neighbourhood, loosely defined, physical or social characteristics of a
neighbourhood may modify the effect of another neighbourhood characteristic on an
outcome of interest. In Chapter 6 I examine two characteristics of the built environment
as potential, neighbourhood-level effect modifiers of the relationship between

neighbourhood availability of formal PA facilities and adiposity.

Availability of informal physical activity resources (parks and other public open/green

spaces)

Studies of neighbourhood physical activity environments and obesity tend not to routinely
consider how co-occurring characteristics of the built environments might act in
synergistic or antagonistic ways to influence physical activity and health. For example,
formal physical activity facilities such as gyms and swimming pools may play an important
role for people living in areas with few informal resources that promote physical activity
(such as parks and other public spaces). To examine this hypothesis, in Chapter 6 I
consider whether the number of parks or other public open/green spaces in a one
kilometre street-network buffer around each participant's home acts as an effect modifier
of the association between the availability of formal physical activity facilities and

adiposity.

This variable is derived from the UKBUMP data on land-use densities, in the same way |
derived the formal physical activity facilities measure, but in this case counting the

number of sites categorised as:

e Park

e Public Park/Garden

e Public Open Space/Nature Reserve
e Playground

e Open Space/Heath/Moorland.

Because the distribution was highly positively skewed, and to reflect the measure of formal
physical activity facilities, I categorised this as zero, one, or at least two parks or other

informal physical activity resources within 1 km.
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Table 3.10 UK Biobank participants by category of neighbourhood availability of
parks and other public open/green spaces

Number of parks and other public open/green spaces ' n %
within 1km

0 215,401 43.19
1 91,213 | 18.29
2 or more 174,453  34.98
missing 17,680 3.54
Total 498,747 100.00

Proximity to fast-food outlets

Just as the absence of informal physical activity resources might strengthen the influence
of formal physical activity resources on obesity risk, so might an unhealthy food
environment have the opposite, antagonistic effect, overriding the potentially health-
promoting influence of the neighbourhood physical activity environment on energy
balance and resulting adiposity. Chapter 6 therefore also includes examination of the fast-
food environment as a possible effect modifier of the formal physical activity environment.
I used the measure of proximity to a fast-food outlet that I had previously defined for
analysis as an exposure in other chapters, but collapsed to three categories rather than
four, for internal consistency within that chapter (so, <500 m, 500-1499 m, or at least 1500

m from home to the nearest takeaway/fast-food outlet).

Table 3.11 UK Biobank participants by category of proximity to nearest fast-food

outlet
Distance to nearest fast-food/takeaway outlet = n %
Closer than 500m 88,789 17.80
500m — 1499m 208,308 | 41.77
At least 1500m 183,923 | 36.88
missing 17,727 3.55
Total 498,747 = 100.00
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Area-level deprivation

Neighbourhood deprivation has been shown in many studies to be associated with poorer
health outcomes, probably operating through various complex mechanisms®=.
Accordingly, studies of built environments and health usually adjust for deprivation, or
concentrate their focus on deprived neighbourhoods. While it has been shown not to be
universally the case®, there are many examples of more deprived areas having lower
quality neighbourhood resources - a process referred to as 'deprivation amplification'®’.
One dimension of this phenomenon is the possibility that while broad measures of the
neighbourhood built environment might not reveal greater exposure to unhealthy
resources, the (often unmeasured) quality of some available resources may be worse, for
example poorer quality public green spaces, and perceptions of the built environment
might be affected by issues of safety or crime®7°. On the other hand, if deprived areas do
have fewer healthy resources but only in one domain of the built environment (e.g. formal
PA facilities) the effect of other domains (e.g. informal resources for physical activity, such
as greenspace) might be stronger there than in less deprived areas that are well resourced
across all domains. It is therefore difficult to predict which direction any effect
modification by area deprivation would operate in, and it is also possible that an absence
of statistical evidence for effect modification by area deprivation could arise from multiple

processes operating in opposing directions..

Attempting to overcome some of these challenges for interpretation, in Chapter 8 I
investigate whether the associations of three distinct characteristics of the neighbourhood
built environment with hospitalisations due to CVD or cancer are modified by area
deprivation. This is measured using the Townsend score of each participant's census
output area. Census output areas are statistical units of varying sizes, the majority (80%)
comprising between 110 and 139 households and therefore representing an area fairly local
to a person's home. The Townsend deprivation index incorporates four variables:
unemployment (% aged 16 and over who are economically inactive); non-car ownership
(% of all households); non-home ownership (% of all households); and household
overcrowding. These variables are measured from the 2001 census for each census output
area and combined (via a series of calculations involving log transformations and
standardisations) to give a 'Townsend score' for that output area. A greater Townsend
index score implies a greater degree of deprivation. UK Biobank participants were assigned
a score corresponding to the output area in which their postcode is located. Using publicly
available quintile boundaries for the 2001 Townsend index”, 1 constructed a binary

indicator of deprivation (areas in the three least deprived quintiles vs those in the two
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most deprived quintiles) to investigate area deprivation as an effect modifier. This is done
alongside the investigation of household income as an effect modifier for the same
associations (described earlier), and each adjusted for confounding by the other, to
attempt to isolate modifying effects of each. All other models in the thesis were adjusted

for confounding by area deprivation, as described in Section 3.3.6.

Table 3.12 UK Biobank participants by area deprivation

Quintile of Townsend 2001 area deprivation score n %
Least deprived areas 211,466  42.40
2 67,715 @ 13.58
3 65,313  13.10
4 77,024 15.44
Most deprived areas 76,607 15.36
missing 622 0.12
Total 498,747  100.00
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Figure 3.10 Distribution of area deprivation (Townsend 2001 score) in UK Biobank

cohort
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3.3.4.3.Macro-environmental effect modifiers
Studies of neighbourhoods and health across a range of settings have yielded inconsistent
findings, indicating possible geographical heterogeneity in the health effects of
neighbourhood characteristics. This in turn suggests that macro-environmental attributes
of larger geographical areas within which neighbourhoods are located might play a
modifying role. Understanding any such drivers of geographical effect heterogeneity may
help clarify observational findings and inform local policy interventions. I examined the

following two potential effect modifiers at the level of Local Authority District:
Percentage of land cover classified as 'natural’

People living in cities and towns that are surrounded by accessible natural landcover
(woodland, moors, beaches, etc.) have enhanced informal opportunities for outdoor
physical activity even if those natural spaces are not within one's immediate
neighbourhood. Increased exposure to such environments in the wider area may also
contribute to a local culture of outdoor recreation. In such places, there may be less
reliance on, or normalisation of, using formal physical activity facilities such as gyms and
leisure centres close to home. In such places, we might therefore see a reduction in the
magnitude of association between the neighbourhood availability of formal physical

activity facilities and adiposity.

The percentage of land cover classified as 'natural’ in each Local Authority in England is
compiled in the Land Cover Atlas of the UK”, having been derived from Corine Land Cover
data from 2012 (as described in Chapter 2). The 'natural’ land cover classification includes
all land cover that is neither 'artificial’ (urban, industrial, commercial, transport, mining
etc.) nor 'agricultural’. The 'natural’ classification covers land cover types such as forests,
grasslands, moorland, beaches, wetlands, and water bodies. It does not include farmland
such as pastures, which is classified as 'agricultural’ or urban green areas such as parks and
sport and leisure facilities (e.g. playing fields), which are classified in Corine as 'artificial’
and in the Land Cover Atlas of the UK as their own category of 'urban green'. Corine Land
Cover data are based on remotely-sensed satellite imagery spanning the whole of Europe,
which classified land use based on the identification of large (=25 hectares), relatively
homogeneous areas. More heterogeneous areas are classified depending on the dominant
land use; for example, 'discontinuous urban fabric' areas will contain a mix of buildings
and artificial surfaces, but also smaller vegetated areas, while large urban parks or urban

woodlands will be classed as 'green urban areas'. Thus, the 'natural’ classification refers
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only to large areas of natural land cover, while smaller green spaces are classified

elsewhere.

Figure 3.1 shows the distribution of natural landcover percentage across the 158 Local
Authorities in England represented in UK Biobank. Natural landcover percentage ranged
from 0.0% to 55.6%, with a median of 51% (IQR: 1.2-12.2%). Due to its positive skew,
natural landcover percentage was square-root transformed prior to analysis. As people
living in rural areas may have a different relationship to the natural environment?75, |
restricted the analysis to the 86% of the UK Biobank cohort living in areas that are
classified by the Office of National Statistics as urban (specifically, where a person's home

postcode is located within a city or a town that has a population of at least 10,000 people).
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Figure 3.11 Distribution of 'natural’ landcover percentage in Local Authorities in
England represented in UK Biobank
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Local descriptive norms for obesity

Spatial variation in the prevalence of particular traits (e.g. obesity) or behaviours (e.g. PA)
creates what are known as local descriptive social norms. I hypothesise here that in areas
where adult obesity prevalence is high, social pressure to be a healthy weight may be
weaker due to obesity becoming ‘normalised’”7, and this may attenuate any health-
promoting influence of the neighbourhood built environment on adiposity. To test this, I
use Local Authority-specific estimates of obesity prevalence among adults (aged 16 or over)
for the period 2003-057%. This period immediately precedes the recruitment for UK
Biobank, so approximates the social norms that prevailed at the time of the baseline

assessment (without relying on the same data source).

Obesity prevalence estimates were only available for LADs in England, so the analysis
using this variable (Chapter 7) was restricted to UK Biobank participants residing in
England. This has the advantage of also reducing the risk of confounding due to contextual
differences that might arise from historical or current differences between the devolved

nations of the UK.

Figure 3.12 shows the distribution of estimated obesity prevalence across the 158 Local
Authorities in England represented in UK Biobank. Mean obesity prevalence was 23.0%
(SD=3.7%). An estimate of obesity prevalence was unavailable for seven Local Authorities
so for these I used regional estimates of obesity from the Health Survey for England for
the same period, imputing the value for the region in which each Local Authority was

located. I treated obesity prevalence as a continuous variable.
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Figure 3.12 Distribution of estimated adult obesity prevalence in Local Authorities
in England represented in UK Biobank

3.3.5. Covariate selection
3.3.5.1. Directed Acyclic Graphs to identify potential confounders

Based on the existing literature and careful consideration of the conceptual model
underpinning the relationships under investigation in this thesis, I identified potential
confounders of each association of interest. This information was then summarised in
directed acyclic graphs (DAGs) to assess which variables should be adjusted for in each
analysis. This also enabled me to identify any situations where adjustment for a potential
confounder might induce bias through another pathway. I used the web-based DAGitty
interface to draw the DAGs and help to identify the minimally sufficient adjustment sets?.
Supplementary Figures 1 and 2 of the published paper in Chapter 4 show DAGs for the
relationships between the physical activity environment and adiposity, and the fast-food

environment and adiposity (Appendix One).

As illustrated in these DAGs, potential confounders included individual demographic and
socioeconomic variables and several local area characteristics. Each paper in the thesis

contains a brief justification for the adjustment or not for specific variables. In general,
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alongside socio-demographic characteristics of the individual that could confound
estimates, models are adjusted for area-level deprivation as a strategy to minimise
confounding by other unmeasured neighbourhood characteristics®. Physical activity
environment and fast-food environment models are also mutually adjusted for one other.
The operationalisation of all covariates used in the thesis is described in a subsequent

section of this chapter.

3.3.5.2.Checks for multicollinearity
Having used DAGs to articulate the likely confounding relationships and identify the
minimally sufficient adjustment sets, I then used change-in-mean squared error (AMSE)
procedures to formally check that adjusting for potential confounders using the observed
variables in UK Biobank did not introduce multicollinearity into the regression models®.
Briefly, this involves comparing a fully adjusted model to a series of models in which each
covariate is dropped, to check that the inclusion of any one covariate doesn't inflate the
mean squared error of the main effect estimate - if it does, this indicates that the reduction
in bias gained by including the variable is outweighed by the inflation of the standard error
of the effect estimate. For simplicity, I did this using OLS (rather than mixed effects)
regression models and assumed the conclusions drawn from these checks would apply
across the related but more complex models used in this thesis. The change-in-MSE checks
indicated multicollinearity was not a problem and it was appropriate to proceed with the

adjustment sets identified using the DAGs.

3.3.5.3. Controlling for confounding in analyses of effect modification
As mentioned earlier, effect modifiers need not themselves be direct causes of the
outcome. If they do cause the outcome, we might be interested in either statistical
interaction (effect modification) or biological interaction. The latter exists when the effect
of the exposure on the outcome is biologically dependent on the presence or absence of a
third variable, rather than that effect simply varying across levels of the third variable,
without being a necessary condition for causing the outcome. Effect estimation in the
context of biological interaction requires that confounders of both exposure-outcome
relationships be adjusted for, while in the case of effect modification (statistical
interaction), one need only adjust for confounders of the primary exposure-outcome
association to estimate an unbiased effect®>. As I am only concerned with effect
modification in this thesis, I take the latter approach to covariate adjustment in my

regression models.

94



3.3.6. Operationalisation of potential confounders
3.3.6.1. Socio-demographic covariates

The following variables measuring demographic and socioeconomic characteristics of
participants are included as covariates in the primary analyses, to control for potential
confounding: age, sex, highest level of education attained, annual household
income, employment status, ethnicity. These might act as confounders because they
tend to be associated with the outcomes (e.g. average BMI is higher among older people,
Black/Black British ethnic groups, and people with lower educational attainment), while
also influencing the type of neighbourhood a person resides in, via affordability, lifestyle

preferences, and residential segregation along ethnic or religious lines.

Age was treated as a continuous variable centred around its mean. Nine cases were
excluded as their age at baseline assessment was recorded as being <40 or >70. These
exclusions were made because 40-69 years was the eligible age when identifying the
sample to be targetted for recruitment. Since assessment appointments were scheduled
for several weeks after the initial recruitment letter, some individuals may have turned 70
by the time of assessment. The reasons for the small number of participants outside this

range is not explained in the UK Biobank documentation.
Sex was included as a binary variable (male or female).

Highest level of education was classified as College/University degree, A/AS levels or
equivalent, O levels/GCSEs or equivalent, CSEs or equivalent, NVQ/HND/HNC or
equivalent, Other professional qualifications, or None of the above, and included as a

categorical variable.

Income was included in models as the following categories of annual household pre-tax
income in pounds sterling: Less than £18,000, £18,000 - £30,999, £31,000 - £51,999, £52,000
- £100,000, Greater than £100,000. In the models in Chapter 8 where income was treated
as a confounder (rather than a potential effect modifier as it was in some of that chapter’s
models) the top two categories were collapsed because of concerns about data sparsity in

the proportional hazards models.

Employment status: multiple responses were allowed, to capture a variety of roles. The
following hierarchy was imposed when multiple employment statuses were identified:
paid work, retirement, unable to work, unemployed, other. The 'other' category includes
home/caring duties, volunteer work, student, and 'nmone of the above', due to small

numbers of people identifying these as their sole employment status (when other
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categories were also selected, those were given precedence). Although this approach
appears to devalue unpaid work such as home and caring duties, it has been taken here so
that the variable provides the best reflection of status in the paid labour force, and with a
particular interest in distinguishing between people more likely to be exposed to
workplace and commuting environmental influences, and those who may have

proportionately greater exposure to their home/neighbourhood environment.

Detailed information on self-reported ethnicity was collected at assessment, and for the
purposes of its inclusion as a covariate in these analyses it has been reclassified into eight
categories: White; South Asian/South Asian British; Black/Black British; Chinese/other
Asian; Mixed: White/Black; Mixed: White/Asian; Mixed - no detail; Other. This differs
from the standard ONS-recommended harmonized ethnicity coding because the ONS
scheme groups together ethnic groups known to have different BMI-health relationships
(specifically, South Asian is combined with Chinese and other East Asian groups, and
Mixed covers any combination of ethnicities). I have instead split the 'mixed’
classifications up by the non-white component since that is specified in many cases in this
sample, and generated an 8-category variable that more appropriately captures the nuance
otherwise lost in coarser groupings of 'mixed' and 'Asian'. Exploratory analyses suggested

the primary analyses were not sensitive to the classification scheme used.

3.3.6.2.Area-level covariates
Three measures relating the area in which participants lived were also included as
covariates in primary analyses. These were: area deprivation, urban/non-urban status
(except in analyses restricted to urban residents), and neighbourhood residential
density. These area-level measures are considered potential confounders because various
neighbourhood characteristics tend to cluster together (e.g. more fast-food outlets in
deprived areas, more physical activity resources in densely populated, urban areas), and
they capture dimensions of neighbourhoods that are also associated with the health
outcomes of interest in this project. Models in Chapter 7 are also adjusted for the gross
disposable household income (GDHI) per capita of the Local Authority in which they

live, to control for possible confounding effects of the wider socioeconomic context.

Area deprivation was measured by the Townsend score (see earlier description in Section

3.3.4.2 for details). When modelled as a covariate it was treated as a continuous variable.

Urban/non-urban status was included as a binary indicator based on postcode, whereby
all postcodes located within an area with population of at least 10,000 people were

classified as urban and all others as non-urban. The primary analyses reported in Chapters
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6 and 7 were restricted to the urban subsample and therefore those models were not

adjusted for this.

Residential density: Using the same land-use density dataset in UKBUMP as for the
physical activity environment measures, the density of residential land use around each
person's home address was measured as a count of all features within a 1000 m street
network buffer that are classified as residential (including various types of dwelling as well
as garages/parking spaces) in the UK Ordnance Survey AddressBase database. As this

measure is highly negatively skewed, I log,, transformed it before inclusion in analyses.

Gross disposable household income (GDHI) per capita (for 2006), was used in Chapter
7 to control for possible confounding effects of the wider socioeconomic context®. GDHI
is the amount of money that all of the individuals in the Local Authority District have
available for spending or saving after any income and benefits have been received and
direct and indirect taxes have been paid. GDHI is a concept that is seen to reflect the

collective 'material welfare' of individuals in a region®.

Additionally, in single-level models (Chapter 8), assessment centre was included as a
covariate, while in multilevel models (Chapters 4-7) this was included as the level-2
identifier rather than a covariate. This is described further in Section 3.4 on statistical

methods.

3.3.6.3.0ther covariates
In Chapter 8, proportional hazards models for CVD- and cancer-related hospitalisations
are additionally adjusted for smoking status (current/previous/never), alcohol intake
frequency (less than/at least 3 times per week) and number of years living at current
(baseline) address (continuous). I dichotomised alcohol intake frequency from the
original 5-point scale on which the data were collected, after finding that results were

insensitive to how the variable was classified.

3.3.6.4. Mutual adjustment for other neighbourhood exposures
Additionally, in Chapters 4, 5 and 7, where there are two primary environmental exposures
(fast-food proximity and availability of physical activity facilities) each is also treated as a
potential confounder of the association between the other environmental exposure and
adiposity, since the two are correlated. That is, in models of the PA environment and
adiposity, distance to nearest fast-food outlet was included as a covariate, and in models

of the fast-food environment, availability of formal PA facilities was included as a

97



covariate. This was also undertaken for models of the physical activity environment in

Chapter 6.

3.3.6.5.Additional covariates included in sensitivity analyses
Chapter 4 includes sensitivity analyses to test whether the association between the
physical activity environment and adiposity is confounded by dietary intake, and whether
the association between the fast-food environment and adiposity is confounded by
physical activity. This was done by including the following additional covariates in

regression models:

Total energy intake (KJ): This was collected via 24-hour recall dietary assessment from
a subset of respondents. Dietary assessment was added to the baseline assessment
protocol late in the recruitment phase, and was therefore collected for only ~70K
participants at the baseline assessment visit. After the close of recruitment, 4 additional
questionnaire rounds were conducted online, with invitations emailed to participants at
3-4 monthly intervals. This is therefore after the baseline visit when anthropometry
measurements were collected. Involvement by participants was voluntary, and
participants could respond at multiple time points, so there are multiple recordings for
some people. Ultimately, responses were collected from a total of 210,140 unique
individuals between April 2009 and June 2012. The variable I constructed for analysis uses

the earliest available measurement for anyone with any measurement recorded.

Total physical activity: Data on the type and duration of physical activity were collected
from UK Biobank participants via the touchscreen questionnaire at the baseline
assessment, using the short form of the International Physical Activity Questionnaire
(IPAQ). Participants were asked to report on the number of days in a typical week they
engaged in walking, moderate physical activity or vigorous physical activity, and for each
type of physical activity engaged in at least once in a typical week, how many minutes they
typically engaged in these activities per day. Following the IPAQ guidance, this
information was then combined and weighted by the energy requirements (in metabolic
equivalents (METs)) of each activity, to derive a measure of total energy expended through
self-reported physical activity, expressed in terms of MET minutes per week. As this
measure is highly positively skewed, it was recoded to a categorical variable indicating low,

moderate or high levels of physical activity, following IPAQ guidance.

Chapter 8 includes sensitivity analyses to test whether the models of the associations
between characteristics of the neighbourhood environment and hospital admissions due

to CVD and cancer are confounded by baseline BMI, hypertension or medications for
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hypertension or cholesterol. BMI was included as a continuous variable and

hypertension and medications as binary indicators.

3.3.6.6. Adjustment for latent genetic structure
It has recently been shown that there exists apparent latent genetic structure in the UK
Biobank sample that, contrary to expectation, is not accounted for using routine model
adjustment for assessment centre and principal components derived from the genotype
data®. To explore the possibility that my results in Chapter 5 might be biased by this
latent genetic structure, I performed sensitivity analyses in which models were adjusted
for all available genetic ancestry principal components provided by UK Biobank (rather
than the standard approach of adjusting for the first 10), and for geographical coordinates

of birth location.

3.4. Statistical methods

3.4.1. Treatment of missing data

The primary environmental exposure variables were missing for up to 3.6% of the relevant

sample, as reported earlier.

Of the primary covariates (excluding diet and physical activity), income has the greatest
degree of missing data (15%, of which 10% refused to answer, while 4.3% didn't know and
0.5% were missing for another reason). All other individual-level covariates are missing at

a frequency of 1% or below.

Thus, the main concern is whether income was missing in a way that would systematically
bias the results. Principally, whether the exposure-outcome associations are different

among participants who did not report income data compared with the rest of the sample.

In preliminary work for the paper in Chapter 4, I compared excluded cases to the complete
case sample. Comparisons across covariates showed this group to be from less deprived
areas, more likely to be retired or otherwise not in the labour market (e.g. home duties),
less highly educated, and more likely to be of South Asian or Black ethnicity. I then
compared the coefficients from models not adjusted for income with those from fully
adjusted models, and observed that excluding income from the models increased the
coefficients by around 10% at most (both in models including cases missing on income,
and those without them). I therefore determined that the effect of income missingness
was unlikely to spuriously inflate estimates. On this basis, along with the fact that on

theoretical grounds it would be hard to justify not including income as a covariate, and
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the fact that examination of effect modification by income was one of my research
questions, I decided to retain the adjustment for income despite the missing data issue,

and analyse the data for complete cases, including on income, only.

Implications of any substantial missing data on variables only used in sensitivity analyses

are discussed in the relevant chapters (in particular Chapter 4).

3.4.2. Descriptive statistics
Beyond the distributions and other summary statistics reported in the preceding
description of the key variables, descriptive statistics for all key variables are reported

within each empirical chapter as they relate to that analysis.

Continuous variables are summarised by their mean and standard deviation if they are
approximately normally distributed, and by the median and interquartile range otherwise.

Categorical variables are summarised by the number and percentage in each category.

3.4.3. Multilevel regression modelling

The general analytical approach I have taken in this thesis is to use multivariable
regression models to estimate independent associations between each characteristic of the
neighbourhood environment and each outcome, and then investigate modification of

those associations by including interaction terms in the models.

Due to the clustered sampling design of UK Biobank, the data has a hierarchical structure,
whereby individuals are nested within assessment areas. To account for this structure, I
use multilevel (mixed effects) models in Chapters 4, 5 and 6, specifying assessment centre
as the level-2 cluster identifier, to analyse cross-sectional relationships. In Chapter 7,  am
explicitly interested in the nesting of individuals within Local Authority Districts, so in
that case I use Local Authority instead of assessment areas to identify clusters. In Chapter
8, when analysing time-to-event data, [ use single-level proportional hazards models with

a dummy variable for each assessment area.

In the first research paper (Chapter 4), I estimate multilevel, multivariable linear
regression models with random intercepts, and random coefficients for the environmental
exposures, and | specified an unstructured variance/covariance matrix. Specifying a
random intercept allows the mean value of the outcome to vary across assessment centres,
and specifying a random coefficient for the main exposure variable allows the exposure-
outcome association to also vary by assessment centre, thus acknowledging the possibility

that the association of interest may not be uniform across all study sites. Assuming an
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unstructured variance/covariance matrix allows the random intercepts and coefficients to
covary®. Covariate adjustment sets were determined for each model as earlier described
(p.93). Results were expressed as the mean difference in adiposity associated with a
unit/categorical change in the exposure, and 95% confidence intervals (95% CI). This same

model is used as a basis for the analyses in Chapters 5-7.

While I am not specifically concerned here with estimating or interpreting variance at the
level of assessment area, this modelling approach aligns theoretically with the conceptual
framework underpinning this thesis: that is, that these neighbourhood-health associations
may not be uniform across geographical space or the population. I formally tested whether
multilevel models were a better fit to the data than equivalent OLS models, by comparing
the OLS to the random intercept model using the likelihood ratio test. Upon determining
that the multilevel random intercept model was preferable, I then compared this to the

model with random coefficients for the exposure, and these too improved model fit.

In Chapter 7, where I investigate geographical heterogeneity across Local Authority
Districts of England, the first stage of the analysis entails additionally estimating single-
level, OLS models for each Local Authority. These are linear models with the same

covariate set as the multilevel models.

In secondary analyses in Chapter 4 to examine effect modification by sex and household
income, and then for the effect modification analyses that are the focus of Chapters 5-7, |
add various interaction terms to this basic multilevel model specification. Each interaction
term represents the cross-product of the primary neighbourhood exposure and the

potential effect modifier being examined.

In Chapter 7, in that paper's second stage of analysis, I test for cross-level interactions
between the neighbourhood characteristic and potential modifiers operating at the Local
Authority level. To obtain estimates with a meaningful interpretation I centre the level-1
exposure variable (neighbourhood characteristic) around the cluster (Local Authority)
mean of that variable. According to Enders and Tofighi® this is appropriate for research
questions where a level-1 exposure, and modification of its effect by a level-2 variable, are

of substantive interest, as they are in Chapter 7.

In Chapter 8 I examine associations between neighbourhood exposure and incident
hospital admission due to CVD or cancer after baseline, using multivariable Cox
proportional hazard models. Results are expressed as adjusted hazard ratios (HRs) and

95% confidence intervals (95% CI). I test the proportional hazards assumption by visual
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inspection of adjusted log-log plots to detect non-parallel curves (using the stphplot

command in Stata).

Across the thesis, I focus on estimating the health benefits associated with exposure to
theoretically health-promoting neighbourhood characteristics, rather than health deficits
associated with exposure to less healthy environments. In practical terms, this means
taking the theoretically least health-promoting level of exposure as a referent and
estimating relative to that group the differences in adiposity (Chapters 4-7), and relative
hazard of admission to hospital (Chapter 8), for those exposed to theoretically healthier

environments.

Specific details of each model are provided in the methods sections of the relevant
chapters herein. All models for any given outcome were restricted to participants with
complete data for all covariates. Final analytical sample sizes therefore varied accordingly.
The flow diagram in Figure 3.13 shows the various exclusions and analytical sample sizes

for the primary analyses in Chapters 4 to 8.

3.4.4. Assessment of effect modification
When investigating effect modification, it is important to note that it can be assessed on
either the additive or the multiplicative scale>. The interpretation of effect modification

differs, often importantly, depending on which scale is used.

When dealing with continuous outcomes, interaction terms in linear models
automatically provide a direct way to assess effect modification on the additive scale. On
the other hand, when dealing with binary and time-to-event outcomes, interaction terms
in logistic and other non-linear models directly assess effect modification on the
multiplicative scale. When an exposure is continuous or binary (as opposed to categorical)
the p-value for the interaction term in a linear regression model can be interpreted as
strength of evidence against the null hypothesis of no interaction on the additive scale,
while in non-linear models the p-value refers to an interaction on the multiplicative scale.
If the exposure is categorical, likelihood ratio tests can be used to compare models with
and without the interaction term, with these being interpreted on the same scale as the p-
value for a continuous exposure would be. In all cases, stratified models or marginal
predictions then allow assessment of how the effect estimates actually differ across strata

of the effect modifier.
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Participants who attended baseline

assessment (n=503,317)

A

Participants excluded prior to data release
(n=677)

Participants included in October
2016 data release (n=502,640)

Y

Participants available for analysis
(n=502,617)

Participants who withdrew consent
between initial data release and
commencement of analysis (n=23)

Participants without data on local
environment (n=21,544) (includes all 3798
participants from pilot site (Stockport)

Participants with valid data for at
least one neighbourhood exposure
(n=481,073)

y

Participants with complete
covariate data (n=403,135)

Participants missing data on primary
covariates (variables used in all analyses):

Age (n=13)
Ethnicity (n=2,544)
Income (n=70,736)
Education (n=6,014)

Employment (n=2,723)
Urbanicity (n=4,276)
Area deprivation (n=562)

Residential density (n=13)

Missing outcome
data:

WC (n=1219)

BMI (n=1701)

% Body Fat (n=7496)

ANALYTIC SAMPLES
WC: n=401,917
BMI: n=401,435

% Body Fat: n=395,640

Chapter4

Withdrew consent
after publication of
Paper 1 (n=42")

|

Withdrew consent
after publication of
Paper 1 (n=42°)

—>

Withdrew consent
after publication of
Paper 1 (n=42")

|

Withdrew consent
after publication of
Paper 1 (n=42°)

Missing genetic
data (n=8,861)

—>

Genetic ancestry
not White British
(n=58,274)

—>

Missing outcome
(BMI) data (n=912)

Non-urban post
codes (n=56,288)

Non-urban post

Living outside

Missing outcome
(BMI) data (n=1551)

ANALYTIC SAMPLE
n=335,046

Chapter5

ANALYTIC SAMPLE
n=345,254

Chapter 6

Missing outcome
(BMI) data (n=1551)

N L
codes (n=56,288) England (n=45,876)
N Living outside Missing data on
England (n=41,419) additional
covariates:
| Time at current address
LADs with <200 (n=420)
—>| observations Alcohol consumption
(n=1036"") (n=180)

Smoking status
(n=956)

Prevalent CVD
(n=19,535) or
Cancer (n=29,112)

ANALYTIC SAMPLE
n=302,952 ANALYTIC SAMPLES
CVD: n=336,156
Cancer: n=326,579
Chapter 7 Chapter 8

*

A further 39 also withdrew consent but were already excluded from analysis due to missing data.

** Includes 26 observations with apparently incorrect coordinates (from a total of 91, the rest of

which were excluded earlier due to missing data)

Figure 3.13 Flow diagram of exclusions from full UK Biobank samples for analysis
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For both continuous and non-continuous outcomes, more complicated techniques can be
employed to switch to the other scale for the assessment of effect modification®. For
continuous outcomes, log-linear models can be used to assess effect modification on the
multiplicative scale, and for binary or time-to-event outcomes, measures such as the
relative excess risk due to interaction (RERI) can be calculated®”%8. Presentation of effect
modification results from observational studies using RERI measures is recommended by

the STROBE guidelines®.

The additive scale is the more informative with respect to the potential public health
consequences of the exposure for different strata of the effect modifier, because unlike the
multiplicative scale, it estimates the absolute increase in risk taking into account baseline
risk in each strata of the effect modifier®2. Put another way, the multiplicative scale might
indicate larger effects of an exposure in one group than another, but if the risk of the
outcome is much lower in that group to begin with, the overall public health consequences
of intervening on the exposure in that group will be minimal. On the other hand, the
multiplicative scale might show an equally strong effect of an exposure on all groups (i.e.
no effect modification), but if one group has a much higher baseline risk of the outcome,
intervening on the exposure in that group would benefit a greater number of people.
Assessing effect modification only on the multiplicative scale would preclude us from

reaching that important conclusion.

Therefore, on the understanding that the additive scale is the preferred scale for assessing
effect modification for this thesis, the type of outcome being modelled in each Chapter
has dictated how I have assessed effect modification. In Chapters 4-7, where the outcomes
are continuous measures of adiposity, I use linear models and am therefore working on
the additive scale. Amongst these analyses, when the exposure and effect modifiers are
categorical (Chapters 4 and 6), I use likelihood ratio tests to compare linear models with
and without inclusion of interaction terms. When both are continuous variables (Chapters

5 and 7), I simply assess the p-value for the interaction term directly from the model.

In Chapter 8 where I deal with time-to-event outcomes, I assess effect modification on the
additive scale by calculating the RERI. Details of how this is calculated and interpreted are
provided in the methods section of Chapter 8. Essentially, the model is estimated with a
single reference category for all combinations of levels of the exposure and potential

modifier, and the RERI is calculated as per equation 2:

RERI = HR,, - HR,, - HR, + 1 (equation 2)
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where HR, represents the hazard ratio (relative to the reference category) for people
‘exposed' to both the primary exposure and the effect modifier, HR,, represents the hazard
ratio for people exposed to the primary exposure but not the effect modifier, and HR,,
represents the hazard ratio for people exposed to the effect modifier but not the primary
exposure. Evidence of effect modification is indicated by a departure of the RERI from zero

(whether above or below zero depends on how the exposure and outcome are defined).

3.4.5. Sensitivity analyses
To test the robustness of my findings to potential sources of bias and various analytical
choices that may have influenced the internal validity of the study, in each chapter I

include several sensitivity analyses. These are summarised as:

3.4.5.1. Negative control analysis to examine risk of residual confounding
To assess the possibility that the main associations of interest in the thesis are residually
confounded, I designed a negative control analysis in Chapter 4 in which I used height as

a negative outcome control.

The use of negative controls has been advocated as a way to check for residual
confounding®. Negative controls can be either exposure or outcome controls, and should
be selected such that they have no plausible causal relationship with the outcome (in the
case of negative exposure controls) or the exposure (in the case of negative outcome
controls), but the control and the exposure or outcome should have a very similar set of

common causes (potential confounders).

Substituting height for adiposity, I estimated associations with the availability of physical
activity facilities and proximity to a fast-food outlet, using the same modelling approach
as in the analyses where [ examined associations between these same exposures and BMI,
waist circumference and body fat. In these analyses, insofar as the assumption holds that
the unobserved common causes of the exposure and the control are identical, a null
association between the exposure and the control implies an absence of residual

confounding of the exposure-outcome association.

3.4.5.2.Sensitivity to choice of outcome
In Chapter 4 I examine all three of BMI, WC and body fat as primary outcomes. In Chapter
6 I focus on BMI as the primary outcome, but I also perform the same analyses using WC
and body fat. I do not do this is Chapter 5 because the genetic risk alleles used in that

chapter are specifically linked to BMI. In Chapter 7 where [ explore geographical
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heterogeneity, I examine only BMI as an outcome, since results in earlier chapters were

consistent across adiposity measures.

Throughout the thesis, | use a version of the BMI variable in which missing BMI values
from the impedance machine are replaced with manual measurements taken by nurses at
the assessment visit. This affects 1.4% of observations. In a sensitivity analysis in Chapter
4 I check whether results of the BMI models are robust to this imputation by running the

same model excluding the observations relying on manually recorded BMI.

In Chapter 8, when I examine cancer-related hospital admissions, 1 also examine

admissions related to breast and colorectal cancer specifically, as secondary outcomes.

3.4.5.3.Sensitivity to operationalisation of genetic risk
In Chapter 5 I construct weighted polygenic risk scores, which I examine as potential
modifiers of the association between neighbourhood exposures and BMI. Although
weighting of each SNP in the risk scores by its published effect size is standard practice®,
and appropriate due to the varying degree to which each SNP is associated with BMI, I
perform sensitivity analyses using an unweighted version of each genetic risk score. In
these, I expect to observe weaker evidence of a GXE interaction than in the main analysis,

due to dilution of the effects of the more influential SNPs.

3.4.5.4.  Sensitivity to covariate adjustment sets and missing data
In Chapter 4 I consider energy intake (in kJ, measured via 24-hour recall dietary
assessment) as a possible confounder of the association between the physical activity
environment and adiposity, and energy expenditure (self-reported) as a possible
confounder of the association between the food environment and adiposity. As described
in Chapter 4, adjustment for dietary intake risked introducing selection bias (due to
missing data) and potentially also collider bias, hence the decision not to adjust for diet,

and to instead examine the implications of that decision in sensitivity analyses.

In Chapter 5 I examine the possibility that the GxE interaction results might be biased by
latent genetic structure in the UK Biobank sample, first by adjusting for 40 rather than the
standard 10 first of the provided genetic ancestry principal components, and then by
additionally adjusting for the geospatial coordinates (squared) of each individual’s birth

location.
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In Chapter 8 I perform sensitivity analyses adjusting for an additional set of potential
confounders that I had excluded from the primary analysis due to ambiguity regarding

temporal precedence.

3.4.5.5.Sensitivity to sample restrictions
In Chapters 6 and 7 I exclude from the main analysis the 14% of UK Biobank participants
living in non-urban postcodes. This is done because perceptions of proximity of food
outlets and public amenity of green space are likely to differ in urban residential areas
compared with non-urban areas”7 and I want to account for this potential source of
heterogeneity in the sample. In Chapter 4 I simply adjusted for urban/non-urban status,
but in Chapter 6 where combinations of exposures are considered and where public
greenspace is also introduced as a possible effect modifier, I am more concerned with this
issue and want to focus on drawing inferences for an urban population. To examine
whether the findings differ by excluding non-urban participants rather than adjusting
models of the full sample for urbanicity, I repeat the primary analyses on the full urban

and non-urban sample combined, adjusting for urban/non-urban status.

In Chapter 5, the main analysis is restricted to the UK Biobank participants of White
British ancestry because one of the two genetic risk scores is based only on SNPs associated
with BMI in analyses of individuals with European ancestry. The other genetic risk score
used in the main analyses includes SNPs associated with BMI in populations of non-
European descent, so I undertook a sensitivity analysis that tested for GxE interactions
with that risk score in a sample unrestricted by ethnicity, in order to assess generalisability

of the primary findings to the broader population.

In Chapter 8, follow-up time in the main analysis starts immediately after baseline
assessment (between 2007 and 2010). However, as some of the neighbourhood measures
are based on secondary spatial data collected around 2012, I perform a sensitivity analysis

in which I restrict follow up to 2012 onwards.

3.4.6. Ethics

Institutional ethical approval for this PhD was granted in September 2016 by the London
School of Hygiene and Tropical Medicine's Observational/Intervention Research Ethics
Committee (LSHTM Ethics Reference 1897). As a research project approved by UK
Biobank's Principal Investigator, with oversight from the UK Biobank Ethics and
Governance Council, Board and Access Sub-Committee, the project is also covered by

ethics approval granted to UK Biobank by the North West Multi-centre Research Ethics
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Committee (reference number 16/NW/0274). UK Biobank also secured the approval of the

Patient Information Advisory Group (now National Information Governance Board for

Health & Social Care) in England and Wales for gaining access to information that would

allow it to invite people to participate, and the Community Health Index Advisory Group

in Scotland.
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Chapter 4. NEIGHBOURHOOD BUILT ENVIRONMENTS
AND ADIPOSITY

4.1. Introduction

In this chapter I present an examination of the cross-sectional associations between
characteristics of the neighbourhood built environment and three measures of adiposity
described in the preceding chapter. The main part of this current chapter has now been
published as a peer-reviewed paper in The Lancet Public Health, and is presented here in

its published form.

The focus of the research paper is on the independent associations of neighbourhood food
and physical activity environments with adiposity, along with possible effect modification
by sex and household income. This paper sets up the foundation for subsequent chapters,
by establishing the relationships within this cohort between adiposity and two of the
central exposures on which I focus in this thesis. The research papers making up the three
chapters following this one build on this by examining various forms of effect
heterogeneity in these primary relationships - from interactions with genetic risk of
obesity (Chapter 5), to modification of the effects of one neighbourhood characteristic by
others (Chapter 6), through to geographical heterogeneity in the relationships across

England (Chapter 7).

As additional material in this chapter, I also examine the association between
neighbourhood greenspace and adiposity. In the final research paper (Chapter 8), I step
from adiposity as the outcome, to more distal outcomes - namely CVD and cancer - and
from a cross-sectional to longitudinal study design. In that final paper I explore an
additional exposure (neighbourhood greenspace). For completeness I therefore include at
the end of the current chapter an additional analysis of the association between the
neighbourhood greenspace measure that I use in Chapter 8, and adiposity, mirroring the
main analyses of the first research paper. This greenspace measure did not become
available until after the research paper in the current chapter was published. Furthermore,
the relationship between greenspace and adiposity is not a primary focus of this thesis
because other researchers using UK Biobank have already published results of a similar

analysis using a different greenspace measure available in UKBUMP.
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4.2. Research Paper1

Associations between fast food and physical activity environments and
adiposity in mid-life: cross-sectional, observational evidence from UK
Biobank

Note: Further supplementary material that was published alongside, or referred to in, the

following research paper is included in Appendix One.
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Articles

Associations between fast food and physical activity
environments and adiposity in mid-life: cross-sectional,
observational evidence from UK Biobank

Kate £ Mason, Neil Pearce, Steven Cummins

Summary

Background The built environment might be associated with development of obesity and related disorders. We
examined whether neighbourhood exposure to fast-food outlets and physical activity facilities were associated with

adiposity in UK adults.

Methods We used cross-sectional observational data from UK Biobank. Participants were aged 40-70 years and
attended 21 assessment centres between 2006 and 2010. Using linked data on environments around each participant’s
residential address, we examined whether density of physical activity facilities and proximity to fast-food outlets were
associated with waist circumference, body-mass index (BMI), and body fat percentage. We used multilevel linear
regression models adjusted for potential confounders, and conducted several sensitivity analyses.

Findings Complete case sample sizes were 401917 (waist circumference models), 401435 (BMI), and 395 640 (body fat
percentage). Greater density of physical activity facilities within 1000 m of home was independently associated with
smaller waist circumference and lower BMI and body fat percentage. Compared with people with no nearby facilities,
those with at least six facilities close to home had 1-22 ¢m smaller waist circumference (95% CI -1-64 to —0-80),
0-57 kg/m2 lower BMI (=0-74 to —0-39), and 0-81 percentage points lower body fat (-1-03 to —0-59). Living further
from a fast-food outlet was weakly associated with waist circumference and BMI, mostly among women. Compared
with people living fewer than 500 m from a fast-food outlet, those living at least 2000 m away had 0-26 cm smaller

waist circumference (~0-52 to 0-01).

Interpretation This study shows strong associations between high densities of physical activity facilities and lower
adiposity for adults in mid-life. We observed weaker associations for access to fast food, but these are likely to be
underestimated owing to limitations of the food environment measure. Policy makers should consider interventions

aimed at tackling the obesogenic built environment.

Funding Commonwealth Scholarship Commission, Wellcome Trust Institutional Strategic Support Fund.

Copyright © The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 license.

Introduction

Obesity is strongly linked to a range of chronic diseases,
including type 2 diabetes and cardiovascular disease, and
contributes substantially to excess morbidity, mortality,
and rising health-care costs globally."? Across the world,
increasing urbanisation is now recognised as a key driver
of obesity and related non-communicable diseases,
prompting calls to improve understanding of how urban
environmental factors influence health.

Particularly in urban areas, features of neighbourhood
environments, such as access to unhealthy food and few
opportunities for physical activity, might be associated
with the development of obesity and related disorders.
Collectively, such features are often referred to as the
obesogenic environment,’ and their presence and
unequal distribution might partly explain rises in obesity
prevalence and persistent social and geographical
inequalities in obesity.” Although much research has
been done on the influence of various neighbourhood
features on obesity, consistent evidence remains elusive,

waww.thelancet.com/public-health Vol 3 January 2018

To further assess the potential of neighbourhoods to
influence obesity outcomes via both energy intake and
energy expenditure, and in particular the role of
neighbourhood commercial resources, this Article
focuses on two key features of the local residential
environment: proximity to fast-food outlets and density
of formal physical activity facilities. Recent studies
indicate that about 219 of UK adults eat takeaway meals
at home weekly* and about 18% regularly use gyms, with
smaller proportions participating in other forms of
physical activity likely to involve formal facilities
(eg, swimming and team or racquet sports).”

Previous research suggests that access to fast-food
outlets near the home might be a determinant of weight
status and obesity,* although most supporting evidence
comes from the USA, where the structure of the built
environment differs from countries such as the UK.
Although a recent study’ in Cambridgeshire, UK, found
that exposure to fast-food outlets near home was
associated with both body-mass index (BMI) and odds of
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Research in context

Evidence before this study

We searched databases including PubMed, Web of Science, and
Google Scholar, up to Aug 31, 2017, using various combinations
of search terms including “neighbourhood”, “built environment”,
“obesity”, “obesogenic”, “adiposity”, “food environment”, and
“physical activity”, as well as hand-searching reference lists of
relevant papers and tables of contents of recent or special
editions of relevant journals. Our review of the literature was
restricted to English language publications.

Much research has been done in recent decades into the effects
of neighbourhood resources on obesity risk and related health
behaviours. Features of the neighbourhood environment are
hypothesised to affect diet quality through opportunities to
consume healthy or unhealthy food (eg, access to fast food or
grocery stores) and either encourage or discourage physical
activity (eg, greenspace and street connectivity). However, the
evidence base regarding so-called obesogenic environmental
effects remains equivocal.

Many studies suggest that access to fast-food outlets in the
local residential environment is a determinant of adiposity, but
most evidence comes from the USA. Relatively little research
has assessed the importance of local access to formal facilities
for recreational physical activity (eg, gyms, leisure centres,
swimming pools, and playing fields), instead focusing on
broader urban design features such as walkability. In the UK,
as elsewhere, many studies have been limited to a narrow
geographical focus, relied on samples not sufficiently powered
for subgroup analyses, or been prone to bias from residual
confounding and exposure misclassification.

Added value of this study

This study is one of the first published to use UK Biobank to
examine associations between features of the neighbourhood
built environment and adiposity. The sample is made up of
adults in mid-life—a crucial period of the lifecourse for the
development of chronic disease. By using a very large dataset

obesity in adults, other international research has not
congistently replicated findings from the USA."™*

A range of neighbourhood attributes have also been
found to potentially influence physical activity;” however,
evidence of associations between obesity and neighbour-
hood attributes such as walkability and greenspace is
mixed.*" Relatively little research has assessed the
importance of local access to formal facilities for
recreational physical activity, such as gyms, swimming
pools, and playing fields, although recent research in the
UK indicates a possible relationship.”

Most studies in the UK have focused on particular
geographical areas, such as individual cities or regions, ™"
with only one UK-wide study,® which linked several
neighbourhood-level contextual factors with obesity.
Much like the international evidence, findings from the
UK are mixed. This might be partly due to many studies

that covers much of the UK, we were able to provide evidence
that relates to a wider geographical area than do most
UK-based studies, and to examine sex and income differences.
Making use of extensive covariate data available in UK Biobank,
we were able to more comprehensively adjust for sources of
confounding than have many other studies, and with
additional sensitivity analyses, we were able to examine the
robustness of our findings to residual confounding and
different model specifications, further strengthening our
findings.

We examined two features of the neighbourhood residential
environment: proximity to fast-food outlets and density of
formal physical activity facilities. We found evidence of a strong
and graded inverse association between number of physical
activity facilities close to home and three different adiposity
measures. We observed a weaker association between the
fast-food environment and adiposity, but limitations of the
available food environment measure, such as misclassification
of some fast-food outlets as restaurants and the inability to
simultaneously account for both healthy and unhealthy food
outlets, are likely to have attenuated the results. We also
observed income and sex differences.

Implications of all the available evidence

The results of this study provide evidence to support the
hypothesis that increasing access to local physical activity
facilities and, possibly, reducing access to fast food close to
residential areas has the potential to reduce overweight and
obesity at the population level. Policy makers should consider
interventions aimed at modifying residential environments to
better facilitate healthy lifestyles, but recognising that such an
approach might be more effective in some groups thanin
others. Future research should involve further interrogation of
this rich data resource to examine geographical and other
forms of heterogeneity in the effects of obesogenic
environments on health to best target interventions.

being insufficiently powered, based on self-reported
outcome measures, and focused on a narrow geographical
area.

To improve understanding of how neighbourhood
features influence adiposity and obesity-related outcomes
in the UK, analyses of high-quality, individual, objective
health data linked to environmental exposures measured
at the individual address level are needed, for the whole
of the UK. Using observational data from UK Biobank—a
large sample of adults in a crucial period of the lifecourse
for the development of chronic disease—we assessed
whether the number of formal physical activity facilities
near an individual’s place of residence and proximity to
fast-food outlets are independently associated with
objectively measured adiposity. We also explore whether
these associations differ by sex or income, and whether
findings might be affected by residual confounding.

www.thelancet.com/public-health Vol 3 Janvary 2018
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Methods

Study population

We used cross-sectional baseline data from UK Biobank
(project 17380), a large, population-based cohort; the
scientific rationale, study design, and survey methods for
this project have been described elsewhere.” Data were
potentially available from 502656 individuals who had
visited the 22 UK Biobank assessment centres across the
UK between 2006 and 2010. Individuals aged 40-69 years
living within a 25-mile radius of an assessment centre
and listed on National Health Service patient registers
were invited to participate in the UK Biobank study. The
age range was chosen by UK Biobank as an important
period for the development of many chronic diseases.
The final recruited sample was aged 37-73 years, with
more than 99% of participants aged 40-69 years.

Linked to UK Biobank is a high-resolution spatial data-
base of objectively measured characteristics of the
physical environment surrounding each participant’s
exact residential address, derived from multiple national
spatial datasets.” The measures of the local environment
include densities of various land uses, proximity to
various health-relevant destinations (eg, general practi-
tioners practices, industrial sites, fast-food outlets),
greenspace, street-network accessibility, and pollution.
The metrics were constructed using data collected in
2010, as close as possible to the baseline assessment of
individuals.”

UK Biobank has ethics approval from the North West
Multi-centre Research Ethics Committee (reference
16/NW/0274).

Exposures

We defined the physical activity environment as the
density (count) of formal physical activity facilities within
a 1000 m street-network buffer around each individual’s
place of residence. Formal physical activity facilities were
defined at address level as any land use classified in the
Commercial-Leisure subcategory of the UK Ordnance
Survey AddressBase Premium database.® This
subcategory comprises a range of indoor and outdoor
facilities designed for sporting and leisure activities,
such as gyms, swimming pools, and playing fields (see
appendix for details). We did not include informal
physical activity facilities, such as public parks and
cycling paths (except where covered by the above
classification—eg, playing fields), because formal
physical activity facilities are understudied as a
neighbourhood health resource and might have different
drivers of use. Because many of these facilities are
commercial, they are also potentially modifiable via
regulatory and commercial levers that are less relevant to
the informal physical activity environment.

For each individual, the street-network distance
(in metres) from residential address to the nearest fast-
food outlet, classified as “hot/cold fast-food outlet/
takeaway” in the UK Ordnance Survey AddressBase

www.thelancet.com/public-health Vol3 January 2018

Premium database,” was available. We used these
distances and the distribution of data to categorise
individuals as living closer than 500 m, 500-999 m,
1000-1999 m, or at least 2000 m from their nearest fast-
food outlet. A proximity measure was used by contrast
with the physical activity environment density measure
because no equivalent density measure was available for
the food environment. Density and proximity measures
in the UK have been shown to be correlated despite being
theoretically distinct.”

Adiposity measures

We used three adiposity measures: waist circumference,
BMI (calculated from height and weight), and body fat
percentage (measured by bioimpedance). Measurements
were made by trained staff using standard procedures.”
We centred all three metrics around their mean and
treated them as continuous variables.

Potential confounders and model adjustments

We identified potential confounders for each of the
two environmental exposures on the basis of the existing
literature, and summarised this information in directed
acyclic graphs to assess which should be adjusted for in
the main analyses (appendix). Potential confounders
included individual demographic and socioeconomic
variables and several local area characteristics. Because
the fast-food and physical activity environments are also
associated with one another, features of the food environ-
ment might confound associations between the physical
activity environment and adiposity, and the physical
activity environment might confound associations
between the food environment and adiposity. Although
individual diet and physical activity behaviours are
associated with adiposity, physical activity is unlikely to
be a common ancestor of the food environment and
adiposity, and similarly diet will not predict the physical
activity environment. Furthermore, conditioning on
these behaviours risks inducing collider bias® by opening
backdoor pathways through genetic risk, prior
behaviours, and prior adiposity.

On the basis of these causal diagrams, we adjusted the
final models for age (years), sex (male or female),
ethnicity (white, south Asian, black, other Asian, mixed
white and black, mixed white and Asian, mixed other, or
other), highest education level attained (college or
university degree; A levels, AS levels, or equivalent
[academic advanced levels, post compulsory education];
O levels, GCSEs, or equivalent [higher secondary
education]; CSE or equivalent [secondary education];
National Vocational Qualification, Higher National
Diploma, Higher National Certificate, or equivalent
[vocational qualifications]; other professional
qualification; or none of the above), annual household
income (</£18000, £18000-30999, £31000-51999,
£52000-100000, or >£100000), employment status (paid
work, retired, unable to work, unemployed, or other),
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area deprivation (Townsend score), urbanicity (urban or
non-urban), and neighbourhood residential density
(count of residential dwellings within a 1000 m street-
network buffer of home address, log transformed). We
adjusted models of the physical activity environment and
adiposity for fast-food proximity, and adjusted models of
the fast-food environment and adiposity for density of
physical activity facilities.

We used negative control analyses to analyse possible
residual confounding. Negative control analysis is a
technique that can help to detect residual confounding in
observational studies.” Because studies of neighbourhoods
and health are potentially susceptible to residual
confounding by factors such as other neighbourhood
characteristics and residential segregation, we employed
this technique by doing analyses similar to our primary
analyses, but in which the outcome was a variable not
expected to be associated with our exposures; specifically,
we used height (cm) as a negative control outcome
because height is unlikely to be related to neighbourhood
environment in adulthood, but, as with adiposity, it is
correlated with various sociodemographic characteristics
of individuals. If the main assocdiations for adiposity were
residually confounded, we would expect to observe a
spurious association between the environmental
exposures and height.

Statistical analysis
We used multilevel, multiple linear regression models
with random intercepts and random coefficients for the
main exposure to estimate independent associations
between each environmental exposure and each adiposity
outcome, accounting for the nesting of individuals
within assessment centres. We initially adjusted only for
age and sex (model 0), then for likely demographic
confounders (age, sex, ethnicity, area deprivation, and
urbanicity; model 1), then further adjusted for individual-
level socioeconomic characteristics (income, education,
and employment status; model 2) and, finally, for the
non-exposure environmental feature (proximity to fast
food or density of physical activity facilities) and
neighbourhood residential density (model 3). As well as
adjusting for potential confounding by sex and income,
we also tested fully adjusted models for effect
modification by these variables. We report stratified
results where models with interaction terms for sex or
income were statistically different from those without
(likelihood ratio test p<0-05). Finally, we estimated the
same models using height as a negative control outcome.

We designed sensitivity analyses to test the robustness
of our findings to different model specifications. These
analyses examined the effect of further adjustment for
the behavioural variables diet and physical activity; the
extent to which any such effect was driven by selection
bias due to missing data; and the sensitivity of our
models to the choice of BMI measure.

We did all analyses in Stata SE version 14.2.

Role of the funding source

The funder had no role in the design, conduct, or writing
up of this study. The corresponding author had full
access to all of the data and final responsibility to submit

for publication.

Fast-food environment

Distance to nearest outlet, m

Data (n=498 822)
Adiposity
Waist circumference, cm 903 (13-5)
Range 20t0197
Data missing 2110 (0-4%)
Body-mass index, kg/m* 274 (4-8)
Range 13to 68
Data missing 10014 (2-0%)
Body fat 31.5% (8:5)
Range 5%to 70%
Data missing 10286 (2.1%)
Environment
Physical activity environment
Number of facilities in 1000 m buffer 1(0to3)

0 150211 (31-2%)
1 96031 (20-0%)
2103 114693 (23-8%)
4105 58217 (12:1%)
=6 61978 (12-9%)
Range 0to39

Data missing 17692 (3-5%)

1136 (615 t0 2197)

<500m 88804 (18:5%)
500mto 999 m 124698 (25-9%)
1000 mto 1999 m 133401 (27-7%)
=2000m 134180 (27-9%)
Range 0t0 96538

Data missing 17719 (3-6%)

Covariates

Age, years” 56.5(81)

Range 40to70
Data missing 15 (0-0%)
Sex
Female 271384 (54-4%)
Male 227438 (45-6%)
Data missing 1(0-0%)
Ethnicity
White 469209 (94-6%)
South Asian or south Asian British 8015 (1-6%)
Black or black British 8038 (1-6%)
Chinese or other (non-South) Asian 3367 (0:7%)
Mixed: white and black 1029 (0:2%)
Mixed: white and Asian 827 (0:2%)
Mixed: detail unknown 1073 (0-2%)
Other 4521 (0-9%)
Data missing 2743 (0:5%)
(Table 1 continues on next page)
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Data(n=498822) Data(n=498822)
(Continued from previous page) (Continued from previous column)
Income Central London 12583 (2.5%)
Less than £18 000 97221 (22.9%) Nottingham 33877 (6:8%)
£18000-30999 108197 (25-4%) Sheffield 30397 (61%)
£31000-51999 110790 (26-0%) Liverpool 32818 (6-6%)
£52000-100 000 86280 (203%) Middlesbrough 21289 (43%)
Greater than £100 000 22933 (5-4%) Hounslow 28879 (5-8%)
Data missing 73401 (14.7%) Croydon 27385 (5:5%)
Educationt Birmingham 25503 (51%)
College or university degree 161200 (32.7%) Swansea 2281 (0:5%)
Alevels, AS levels, or equivalent 55331 (11-2%) Wrexham 649 (0-1%)
0 levels, GCSEs, or equivalent 105218 (21:4%)
‘ Summary statistics were exarnined for the full sample of participants from the
CSEor equivalent 26893 (5:5%) 21 areas linked to the environmental dataset. Data are n (%), mean (SD), or median
NVQ, HND, HNC, or equivalent 32734 (6-6%) (IQR), and are given for the complete case sample for each category, with number
Other professional qualifications 25810 (5:2%) anld pefcentage of records w\t!'\ missing data displayed for all varlables with
missing entries. Due to rounding error, some percentages sum to more than 100%.
None of the above 85291 (17:3%) MET =metabolic equivalent of task. *Our analytical sample included people aged
Data missing 6345 (1-3%) 70 years at the time of assessment, but excluded nine individuals with complete
Employment status data who were younger than 40 years or older than 70 years. UK qualifications
! break down into academic advanced levels (A levels, AS levels, or equivalent, post
Paid employment or self-employed 284873 (57-4%) compulsory education), higher secondary education (O levels, GCSEs, or
Retired 165977 (33-5%) equivalent), secondary education (CSE or equivalent), and vocational qualifications
Unabletowork 16 654 (3-4%) (NVQ, HND, HNC, or equivalent). fResidential address points per 1000 m buffer.
Unemployed 8225 (17%) Table 1: Characteristics of study participants
Home duties, carer, student, volunteer, 20171 (4-1%)
orother
Data missing 2922 (06%) Results
Areadeprivation (Townsend index) -21(-3-6 to 0:5) Environmental data were available for individuals from
Data missing 626 (0-1%) 21 of the 22 assessment areas; no environmental data
Urbanicity were collected for participants assessed in Stockport,
Urban 425082 (86:1%) where the pilot study was conducted. Of the primary
e vt 68665 (13-9%) covariates (excluding diet and physical activity), income
Data missing 5075 (1-0%) had the most missing data, followed by residential
Residential density: 1899 (1095 to 3102) density, BMI, and body fat percentage (table 1). All other
Range 11022306 covariates were missing at a frequency of approximately
Data pissirig 17705 (35%) 1% or less (table 1). After the exclusion of cases missing
Ttk e 8752.6 (27846) d‘ata on key covariates, the ‘ﬁna]_ complete case sample
e 01019995 sizes were 401917 for waist circumference analyses,
— 288690 (57:9%) 401435 for BMI danalyses, .and 395640 for .boic}y fat
Physical activity (MET min per week) 1666 (743t 3413) analyses. F.xclulde observat}ons were very similar to
. complete cases in terms of neighbourhood exposures and
ange 01032130 e :
Data missing 43656 (88%) adiposity, but were more often people from more deprived
postcodes, less highly educated, more likely to be retired,
Assessment area = 5 oo
and more likely to be of south Asian or black ethnicity.
Manchester 13940 (2-8%) g 2 i
The mean waist circumference of the full sample with
Oxford 14062 (2-8%) A ;
z environmental data available was 90-3 ¢cm, mean BMI
Cardiff 17882 (3:6%)
& G % was 27-4 kg/m?, and mean body fat percentage was
£l § 4 -
Ed‘sgbzwh P :4 31.5% (table 1). The median number of formal physical
4% s B FH 5
. ': 9 17 . iy activity facilities within a 1000 m street-network distance
m; o of participants’ homes was one, with a third of participants
fiading 23417,5:9%) having no facilities close to home (table 1). Participants
Bury 28335(57%) lived a median of 1136 m from a fast-food outlet, with
R 37008 (74%) nearly a fifth living within 500 m of such an outlet
Leeds 44209 (8-9%) (table 1).
Bristol 43015 (8:6%)

(Table 1 continues in next column)
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In fully adjusted models, adiposity was lower among
people with greater access to local physical activity
facilities compared with those with fewer facilities near
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Model 0 Model 1 Model 2 Model 3
Waist circumference, cm (n=401917)
Number of facilities
4] 0 (ref) 0 (ref) 0 (ref) 0 (ref)
1 015 -0415 -013 -019
(-0:02t0 0:32) (-030t0 -0-01) (-0-26 0 0-00) (03210 -0-06)
23 0-08 -0:43 -0-29 -0-40
(-0-20t0 0:35) (-070t0 -017) (-0-51t0 ~0-08) (-0-62t0 -0-17)
45 -014 -0-80 -0-51 -0-65
(-0-55t00-27) (-119t0-0-42) (-0-82t0-0:19) (-0-96to -033)
=6 -0-67 -151 -1.03 -122
(-125t0-0-09) (-2:04 to -0-98) (-1-45t0 -0-62) {-1-641t0-0-80)
Body-mass index, kg/m® (n=401435)
Number of facilities
0 0 (ref) 0 (ref) 0 (ref) 0 (ref)
1 0:04 -0:08 -0-06 -0-07
(-0:04t0 0-12) (-015t00:00) (-0-13t0 0-01) (-0:14t0 0:00)
23 -0:03 -022 -016 -018
{-0-15t0 0-10) (-034 t0 -0-09) (-0-26 to ~0:05) (-0-28 to -0-08)
45 -018 043 -0:30 -0-33
(-0-36 t0 0-00) (-0-59 t0 -0-26) (-0-43t0 -0-17) (-0-46 0 -0-20)
=6 -0-42 -073 -0.52 -0.57
(-0:67t0-0-17) (-0:96 to -0-50) (-0-69t0 -034) (-0-74t0 -0-39)
Body fat, % (n=395640)
Number of facilities
0 0 (ref) 0 (ref) 0 (ref) 0 (ref)
1 0-03 -011 -0:08 -0-11
(-0-07t0 0-14) (-0-20t0 -0:01) (-0-16 t0 0-00) (-0-20t0 -0-03)
23 -0:07 -030 -on -0:27
(-0:24 0 0-11) (-0-46t0 -013) (-034t0 -0:07) (-0-40t0 -0-13)
45 -0-28 -0:58 -0-40 -0-48
(-0-53t0 -002) (-0-81t0 -0:35) (-058t0-0-22) (-0:67t0 -029)
=6 -0-63 -1:00 -0-71 -0-81
(~0-96 to -0-30) (-1:29t0 -0.70} (-0-02t0 -0-49) {-1:03 to -0-59)
Density is defined as number of physical activity facilities in a 1000 m street-network buffer, Data are mean difference
(95% C1). Madel 0: adjusted for age and sex. Model 1: model 0 plus adjustment for ethnicity, urban or non-urban
status, and area deprivation. Model 2: model 1 plus adjustment for individual socioeconomic characteristics (income,
education, and employment status). Model 3: model 2 plus adjustment for residential density and distance to nearest
fast-food outlet.
Table 2: Associations between density of physical activity facilities and adiposity outcomes: multilevel
regression results
home (table 2). Compared with the reference category
(no nearby physical activity facilities), the waist
circumference of those with at least six facilities nearby
was, on average, 1-22 cm smaller (95% CI —1-64 to —0-80;
p<0-0001); their BMI was 0.57 kg/m?2 lower
(-0-74 to —0-39; p<0-0001); and their body fat was 0-81
percentage points lower (-1-03 to —0-59; p<0-0001).
Regression coefficients decreased monotonically across
categories of increasing density.

Main effect estimates were smallest in models adjusted
only for age and sex (model 0; table 2). In fully adjusted
models (model 3), physical activity environment
coefficients were attenuated compared with models
that also controlled for ethnicity, urbanicity, and area
deprivation (model 1), but were larger in magnitude than
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intermediate models further adjusted for individual
socioeconomic characteristics (model 2; table 2).

For the associations between physical activity facilities
and adiposity, we found evidence of effect modification
by sex (waist circumference p<0-0001; BMI p=0-0009;
body fat p=0-0029) and income (waist circumference and
BMI both p<0-0001; body fat p=0-0026), with an inverse
association for all subgroups but stronger among women
(figure 1) and people from higher-income households
(figure 2).

We also estimated lower mean waist circumference
with each categorical increase in distance to the nearest
fast-food outlet, independent of the influence of the
physical activity environment and all other covariates (ie,
model 3; table 3). However, the only significant
coefficients estimated were for intermediate proximity
categories, and these were small: compared with
participants living within 500 m of a fast-food outlet, the
mean waist circumference among those living within
500-999 m was 0-15 cm smaller (95% CI —0-30to —0-01,
p=0-040) and 0-22 cm smaller (-0-44 to 0-00, p=0-049)
for those living within 500-1499 m (table 3). For those
living at least 2000 m from an outlet, the average decrease
was 0-26 cm (95% CI -0-52 to 0-01; p=0-057). We
observed a similar pattern of association for BMI. For
body fat percentage, evidence of an association was
weaker—eg, for people living at least 2000 m from a fast-
food outlet, body fat was 0-10 percentage points lower
(p=0-18). Sex modified these relationships for all three
outcome measures (p<0-0001 for all measures; figure 1),
whereas income did not (waist circumference p=0-094;
BMI p=0-423; body fat p=0-083; appendix). With regard
to sex, only among women did we observe an inverse
dose-response association, with lower average adiposity
across all measures the further a woman lived from a
fast-food outlet, although only the waist circumference
coefficient for the greatest distance category (=2000 m)
reached significance at the 5% level (036 cm decrease,
95% C1—0-72 to —0-01). We observed no such association
for men.

Fast-food-environment coefficients in fully adjusted
models were substantially attenuated compared with
models adjusted only for age and sex, but were larger in
magnitude than in both intermediate models, suggesting
that failure to adjust for neighbourhood-level con-
founders attenuates results.

The negative control analysis, using height as an
outcome, yielded the expected null results for the fast-
food environment, but showed evidence of increasing
height with an increasing number of formal physical
activity facilities; regression coefficients were small
in magnitude (all <0-52 cm difference) but significant
for the subgroups of 2-3 facilities, 4-5 facilities, and
six facilities or more (table 4), suggesting some possible
residual confounding.

Additional adjustment for behavioural confounders
had negligible impact on the regression coefficients
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Figure 1: Association k ighbourhood | features and adiposity, by sex

Figure shows sex-stratified, fully adjusted mean differences in adiposity and associated 95% Cls. The dashed line at zero represents the reference category (no physical activity facilities with 1000 m of

home or <500 m to nearest fast-food outlet).
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Figure 2: Association between number of formal physical activity facilities and adiposity, by annual household income
Figure shows annual-household-income-stratified, fully adjusted mean differences in adiposity and associated 95% Cls. The dashed line at zero represents the reference category (no physical activity
facilities with 1000 m of home). Income-stratified results for the association between distance to nearest fast-food outlet and adiposity can be found in the appendix.

(appendix). Adjustment for diet in a sensitivity analysis
of physical activity models did not lead to substantively
different conclusions but did inflate some point
estimates; however, sensitivity analyses that estimated
model 3 on a sample restricted to people with dietary
data produced almost identical results, indicating that
the observed inflation is driven by sample restriction due
to missing data rather than solely additional adjustment
for diet (appendix). Models that excluded the small
proportion of BMI values measured manually rather
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than with the

bioimpedance

machine

yielded

substantively identical results to those from the primary

analysis (appendix).

Discussion

In this uniquely large and geographically diverse sample
of adults in mid-life, we found consistent evidence that
local access to formal physical activity facilities such as
leisure centres, gyms, and sports fields is independently
associated with adiposity. As the density of formal
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Model 0 Model 1 Model 2 Model 3
Waist circumference, cm (n=401917)
Distance
<500 m 0 (ref) 0 (ref) 0 (ref) 0 (ref)
500-999 m -0-48 -0-08 -0-07 -015
(-0:67to -0-29) (-0-24t0 0:07) (-0-22t00.07) (-0.30t0-0.01)
1000-1999 m -069 -0-04 -0.08 -022
(-1:01t0-0:38) (-0-29t0 0:22) (-027t0012) (-0-44t0 0-00)
22000 m =120 -0-05 -011 -0-26
(-159 to -0.81) (-0-40to 0:30) (-0-36 to 0-14) (-0:52 to 0-01)
Body-mass index, kg/m* (n=401 435)
Distance
<500 m 0 (ref) 0 (ref) 0 (ref) 0 (ref)
500-999 m -0-20 -0-04 -003 -0-08
(-029 to -0-11) (-010t00:03) (-0:09 to 003} (-0-14 to -0.02)
1000-1999 m -024 001 -001 -0-10
(-03910-009)  (-011t0012) (-010t0 0-08) (-0-20t0 -0-01)
22000 m -0-40 0-03 0-01 -0-10
(-060t0-0-21)  (-015t00:22) (-013t0 0.14) (~0-24 10 0.04)
Body fat, % (n=395 640)
Distance
<500 m 0 (ref) 0 (ref) 0 (ref) 0 (ref)
500-999 m -018 -0-02 -0-02 -0-08
(-027t0-008)  (-010t00.07) (-010t0 0-06) (~0:16 to 0.00)
1000-1999 m -0-19 007 0-04 -0-07
(-035ta-0-03) (-0-07to 0-21) (-0-07t0 0-15) (-0-19 to 0-05)
22000 m -0-46 005 0-00 -0-10
(-067t0-024)  (-015t00:26) (014 to 0-15) (~0:26 to 0-05)

Distances given are distance to nearest fast-food outlet. Data are mean difference (95% C1). Model 0: adjusted for age
and sex. Model 1: model 0 plus adjustment for ethnicity, urban or non-urban status, and area deprivation. Model 2:
model 1 plus adjustment for individual sociceconomic characteristics (income, education, and employment status).
Model 3: model 2 plus adjustment for residential density and density of local physical activity facilities.

Table 3: Associations k P
regression results

ity to fast-food outlets and adiposity outcomes: multilevel

activity

facilities.

Height, cm (n=401676)

Number of physical activity facilities in 1000 m street-network buffer*

0 1 (ref)

1 0.09 (0-01 to 0:16)

2-3 0-21(010t0 0.32)

4-5 0-38(0-27t0 0:49)

=6 0-51(0-36to 0:66)
Distance to nearest fast-food outlett

<500 m 1 (ref)

500-999m 0-01(-0-06t0 0-09)

1000-1999 m -0.02 (-011t0 0.08)

22000 m 001(-010t0 0-13)

Adjusted for age, sex, ethnicity, urban or non-urban status, area deprivation,
income, education, employment status, and residential density. *Also adjusted
fordistance to nearest fast-food outlet. tAlso adjusted for density of local physical
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Table 4: Results from negative control analyses

physical activity facilities increased, waist circumference,
BMI, and body fat percentage all decreased. We observed
a similar but much weaker association between proximity

to fast-food outlets and adiposity. This dataset provided a
unique opportunity to examine these associations in a
sample spanning diverse areas of the UK rather than
being limited to a single study site.

Physical activity facilities in the local environment
provide convenient opportunities for recreational
physical activity. If improved access increases physical
activity behaviour, we would expect to see a causal effect
on adiposity. In income-stratified models, the inverse
association we observed for all income groups was most
marked among higher-income households. This finding
is unsurprising given many facilities have costs attached
to use, and has implications for municipal and private
providers of physical activity facilities, who should be
encouraged to invest in facilities in or near residential
areas, but also to ensure that costs of access are managed
to avoid inadvertently widening health inequalities.

Although our findings regarding physical activity
facilities are consistent with a recent Scottish study" that
found some measures of accessibility of physical activity
facilities to be associated with BMI, our food environment
findings are somewhat inconsistent with a recent study”
in England that found a strong, graded association
between fast-food access and BMI, whereas we observed
only a weak association. Food outlet classification in the
source database for the current study is supplied by local
authorities and might include misclassification of some
outlets as restaurants rather than fast-food outlets,
potentially biasing our regression coefficients towards
the null. Given the limits of the available data, we were
also unable to account for other dimensions of the food
environment, which might have biased our estimates
(see appendix p 2). Indeed, empirical evidence from
other studies suggests that simultaneously accounting
for healthy and unhealthy food outlets yields larger and
more precise estimates of health effects than when
considering only a single dimension of the food
environment.”*#* This possibility of bias is further
supported indirectly by the observation from our
intermediate models that main effects were attenuated
when no adjustment was made for other area-level
confounders. There might also be local variability in the
accuracy and completeness of these data, which we have
not been able to assess. Stronger measures of the food
environment linked to this dataset would provide more
robust evidence on which to make more reliable
inferences about the role of the fast-food environment in
the UK. For many people, environmental determinants
of diet and weight are also likely to include commuting
routes and workplaces,* but we were unable to assess
these. Associations between adiposity and neighbourhood
food environments might also not be consistent across
geographical regions, even within the same country.

We found strong evidence of effect modification by sex,
and stratified models showed modestly larger estimates
of effects of both neighbourhood exposures on women'’s
adiposity than on men’s. Other studies have also observed
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sex differences in neighbourhood effects, in which
wonen in some age groups appeared more sensitive to
health impacts of local environments.”” These
differences might relate to traditional gender roles that
result in women spending more time than men in their
local neighbourhood, although this has not been clearly
established.™

The negative control analysis for the physical activity
environment indicates possible residual confounding,
because we observed an unexpected association with
height. Comparison of standardised coefficients across
the relevant models (not shown) suggests this residual
confounding would only partially account for the observed
effect. For the physical activity environment, we observed
in intermediate models that failure to adjust for individual
socioeconomic characteristics biased coefficients away
from the null. Therefore, if individual socioeconomic
position has not been adequately controlled for (eg,
insufficient specificity in the categorical, non-equivalised
income variable), main effects might be overestimated.

This study has several strengths. The unique scale and
size of UK Biobank reflect a geographical coverage that
no other similar studies have, particularly in the UK, and
enables examination of subgroup heterogeneity often not
possible in smaller studies. We investigated two
neighbourhood exposures, based on exact home address,
thought to influence the same outcome via separate
pathways, and assessed their independent associations
with adiposity by controlling one for the other. Both
exposures are primarily commercial in nature, and
therefore amenable to regulatory and market-based
interventions. One of these exposures—formal physical
activity facilities—has received relatively little research
attention to date. We examined associations with multiple
objective biomarkers of adiposity because available
measures vary in how well they predict different health
outcomes in different populations.” The consistency we
observed across multiple outcome measures, especially
for the physical activity environment, can be seen as
providing stronger evidence of a potentially causal
relationship. Sensitivity analyses suggest our main
findings are robust to model misspecification, and that
adjustment for health behaviours is not necessary, and in
some cases might induce bias. Our findings were also
consistent in preliminary analyses using alternative
cutpoints for categories of the exposure variables (not
shown). Although modest, the adiposity differences
observed are averages across the sample, including
people unlikely to eat fast food or use physical activity
facilities regardless of local accessibility. If these observed
differences do represent a causal relationship, the actual
magnitude of effect would be larger among those likely to
be affected.

In addition to weaknesses of the food environment
measure highlighted above, the study has some further
limitations. Although the UK Biobank sample is very
large, the response rate was low (5-5%) and the sample

www.thelancet.com/public-health Vol 3 January 2018

shows evidence of so-called healthy volunteer bias.” The
non-null associations we observed between access to
physical activity facilities and height in a negative control
analysis suggest that some unmeasured confounding of
the physical activity environment associations with
adiposity remained. Studies of neighbourhood effects are
particularly susceptible to bias arising from residential
mobility, where movement between neighbourhoods
over time increases the risk of exposure misclassification,
and leaves open the potential for reverse causation in
cross-sectional analyses if, for example, individuals with
lower adiposity choose to live in areas with more physical
activity facilities. Current adiposity might also reflect
exposure to neighbourhood environments earlier in life,
posing a further challenge for causal inference.
Therefore, an important strength of this sample is its
stability: more than 65% of respondents had been
resident at their current address for at least 10 years
(mean 17-3 years [SD 11-8]). Despite this, some risk of
exposure misclassification might remain owing to
retailer turnover, especially for fast-food outlets.
Furthermore, the relationship between the fast-food
environment and adiposity is likely to be bidirectional,
but within this study we were unable to disentangle the
possible effects of retailers positioning fast-food outlets
in areas of higher demand. Another limitation of our
analyses is the unavailability of equivalent metrics for the
physical activity and food environments that might allow
a more direct comparison of their influence.

Research on neighbourhood environments and obesity
has produced inconsistent findings to date. Our findings
from a large and geographically diverse sample of adults
in mid-life add support to the hypothesis that increasing
access to physical activity facilities and, possibly, reducing
access to fast food close to residential areas has the
potential to reduce the prevalence of obesity and
overweight at the population level, but highlight that this
approach might be more effective for some groups than
for others.
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4.3. Additional material

Neighbourhood greenspace and adiposity

Links between green space and health and wellbeing have long been recognised, but until
recently rigorous scientific evidence on specific outcomes and the mechanisms involved
has been limited. In the past decade there has emerged a substantial body of research
investigating the relationship between routine exposure to green space, particularly in

urban residential areas, and various health-related outcomes.

Various conceptual models linking green space to health have been proposed'3 and these
typically recognise multiple pathways by which exposure to green space or nature more
generally might influence health, including improved air quality, opportunities for
physical activity, stress reduction and relaxation, resilience to heat-related illness by
mitigation of the urban heat island effect, greater social cohesion, buffering from noise

pollution, exposure to natural light, and improved functioning of the immune system*.

Mostly because of the potential pathway through physical activity, green space is a
potential determinant of overweight and obesity. Some of the other pathways identified
above may also link green space to adiposity, for example through stress reduction or the
positive effects of exposure to sunlight (e.g. improved sleep quality, which has been linked
to metabolic outcomes including obesity>. The total influence of these pathways on obesity
or adiposity can and has therefore been explored in a number studies®, including one using
UK Biobank’ as well as many studies that have focussed on the relationship between
greenspace and physical activity as either an outcome or a mediator of greenspace-health

associations (e.g.®™).

I have not focussed on the relationship between greenspace and adiposity in this thesis
because other researchers using UK Biobank have already published results of a similar
analysis using the greenspace measure available in UKBUMP (NDVI, which is only
available for a subset of the cohort). The greenspace measure I use in Chapter 8 to examine
associations with NCD outcomes did not become available until after the research paper
in the current chapter was published. For completeness, I have repeated with the
greenspace exposure the main, population-average analyses from the published paper, and

I present those results here.

No association was observed between the amount of greenspace in the immediate
neighbourhood and any of the adiposity outcomes, nor with the negative control, height
(Table 4.5). T also checked whether the primary results of the published paper were

sensitive to the addition of neighbourhood greenspace to the models (i.e. whether it may
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have confounded the published analyses). Adding neighbourhood greenspace to the
maximally adjusted models in the paper (for residents of England only due to greenspace
data availability) made only negligible difference to the estimates for the formal physical
activity environment. Estimates for proximity to a fast-food outlet were slightly
attenuated, but upon further examination it was apparent that this was due to the
restriction of the sample to residents of England, rather than adjustment for greenspace

(not shown).

Table 4.5 Associations between neighbourhood greenspace and adiposity

Height (%)
WC (cm) BMI (kg/m?2) % body fat .
(negative control)
Greenspace + Gardens
(n=355,471) (n=355,049) (n=349,890) (n=355,249)
(300m buffer)
Least greenspace ref ref ref ref
Q2 0.35(0.01,0.69) = 0.23(0.10,0.35) = 0.25(0.09, 0.42) -0.11(-0.21,-0.01)
Q3 0.22 (-0.20,0.65) | 0.21(0.04,0.39) = 0.23 (0.04,0.43) | -0.11(-0.25,0.02)
Q4 0.05 (-0.39, 0.49) | 0.13 (-0.04, 0.29) | 0.15 (-0.03, 0.33) -0.04 (-0.19, 0.11)
Most greenspace -0.27 (-0.76,0.22) | 0.01(-0.17,0.19) | -0.05 (-0.24, 0.14) | -0.01 (-0.16, 0.14)
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Chapter 5. GENETIC RISK OF OBESITY AS A MODIFIER OF
ASSOCIATIONS BETWEEN NEIGHBOURHOOD
ENVIRONMENT AND BODY MASS INDEX

5.1. Introduction

In the previous chapter I presented evidence for characteristics of the physical activity and
fast-food environments around people’s homes being associated with adiposity, averaged
across a study population of adults in mid-life, and also showed there were some gender-
and income-related differences in the magnitude of those associations. These findings are
consistent with some, but not all, other studies that have asked the same or similar
research questions in other samples and other settings. In this next chapter I build upon
those findings, extending - beyond gender and income differences - the idea that
neighbourhood effects may not apply universally. Here in Chapter 5 I examine whether
some individuals may be more sensitive to potentially obesogenic features of their local
environment, depending on their underlying genetic risk of obesity. I present a research
paper based on a novel study of gene-environment interactions, in which I have used the
detailed genetic data in the UK Biobank resource to construct polygenic risk scores for
obesity and tested whether these interact with measures of the neighbourhood food and
PA environments to influence BMI. I also test interactions with a series of individual
genetic variants linked to BMI through either diet or PA pathways, to check for consistency

with the results of the polygenic risk score analyses.

Having improved the manuscript following a round of peer review with JAMA, I am now

preparing the version included here for submission to PLoS Medicine.
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5.2. Research Paper 2

Genetic risk of obesity as a modifier of associations between
neighbourhood environment and Body Mass Index

Note: Supplementary material for this research paper is included in Appendix Two.
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Genetic risk of obesity as a modifier of associations between
neighbourhood environment and Body Mass Index

ABSTRACT

Background: There is growing recognition that recent global increases in obesity are the
product of a complex interplay between genetic and environmental factors. However, in
gene-environment studies of obesity, ‘environment’ usually refers to individual
behavioural factors that influence energy balance, while more upstream environmental
factors are overlooked. We examined gene-environment interactions between genetic risk
of obesity and two neighbourhood characteristics likely to be associated with obesity
(proximity to takeaway/fast-food outlets and availability of physical activity facilities) and

genetic risk of obesity.

Methods: We used data from 335,046 adults aged 40-70 in the UK Biobank cohort to
conduct a population-based cross-sectional study of interactions between neighbourhood
characteristics and genetic risk of obesity, in relation to BMI. Proximity to a fast-food
outlet was defined as distance from home address to nearest takeaway/fast-food outlet,
and availability of physical activity facilities as the number of formal physical activity
facilities within one kilometre of home address. Genetic risk of obesity was operationalised
by 91-SNP and 69-SNP weighted genetic risk scores, and by six individual SNPs considered
separately. Multivariable, mixed effects models with product terms for the gene-

environment interactions were estimated.

Results: After accounting for likely confounding, the association between proximity to
takeaway/fast-food outlets and BMI was stronger among those at increased genetic risk of
obesity, with evidence of an interaction with polygenic risk scores (P=0.018 and P=0.028
for 69-SNP and 91-SNP scores, respectively) and in particular with a SNP linked to MC4R
(P=0.009), a gene known to regulate food intake. We found no evidence of a gene-

environment interaction for availability of physical activity facilities.

Conclusions: Individuals at an increased genetic risk of obesity may be more sensitive to
exposure to the local fast-food environment. Ensuring that neighbourhood residential
environments are designed to promote a healthy weight may be particularly important for

those with greater genetic susceptibility to obesity.
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BACKGROUND

Obesity has a heritable component’, but the rapid rise in global obesity prevalence
suggests an important role for environmental influences®. However, individuals may have
differing physiological or behavioural responses to the increasingly ‘obesogenic’
environment, suggesting that a complex interplay between genetic and non-genetic

factors affects weight3+.

Advances in genotyping technologies have enabled the investigation of gene-environment
(GxE) interactions*s. For obesity outcomes, the ‘environment’ in GxE studies is often
operationalised as the lifestyle or behavioural factors that influence energy balance®,
rather than more upstream features of the built and social environments; the settings
where behavioural ‘choices’ are made and constrained. Despite long being recognised in
social epidemiology as potentially important determinants of weight status, these ‘socio-
ecological’ environmental factors have been examined in only a small number of GxE

studies’ .

The residential neighbourhood environment comprises many features that potentially
influence energy balance. These include the proximity, density and relative proportions of
healthy and unhealthy food retailers>™, and resources for physical activity (PA), such as
leisure centres, swimming pools, gyms and sports fields'®™. Other neighbourhood features
linked to energy balance include walkability, access to public transport and local resources
such as public parks and greenspace®>*. If the genetic risk of obesity modifies the influence
of these neighbourhood exposures, we would expect to observe differential effects of the
residential environment on body mass index (BMI) according to level of genetic risk. The
influence of the environment may be strongest in people with high genetic risk due to
increased sensitivity to external factors*>*3, or it may be strongest in people with low
genetic risk, who maximise their genetic ‘advantage’ within a healthier environment while

those at greater risk express a higher BMI phenotype regardless of environmental factors®.

In this study we use the UK Biobank cohort to examine whether genetic risk of obesity
modifies the effect of two residential environment exposures likely to influence BMI:
proximity to fast-food and availability of formal PA facilities. We operationalise genetic
risk in two ways. First, using polygenic risk scores derived from single nucleotide
polymorphisms (SNPs) linked to BMI, and second, using the individual SNPs most

strongly linked to BMI and thought to be involved in diet or PA pathways.



METHODS
Data

We used baseline data from UK Biobank*¢. Data were potentially available from 502,656
individuals who visited 22 UK Biobank assessment centres across the UK between 2006
and 2010. Individuals aged 40-69 years living within 25 miles of an assessment centre and

listed on National Health Service (NHS) patient registers were invited to participate.

Linked to UK Biobank is the UK Biobank Urban Morphometric Platform (UKBUMP), a
high-resolution spatial database of objectively measured characteristics of the physical
environment surrounding each participant’s residential address, derived from multiple
national spatial datasets®. Environmental measures include densities of various land uses
and proximity to various health-relevant resources. Measures for the current study are

available for 96% of the UK Biobank sample.

Genome-wide genetic data are available for 488,363 participants. Genetic data are missing
from 3% of the sample as insufficient DNA was extracted from blood samples for
genotyping assays. SNP genotypes not directly assayed were imputed. Procedures used to
derive the genetic data and undertake quality assurance are reported in Bycroft et al*®.
Genetic data for the relevant SNPs were downloaded, decrypted and linked to participant

IDs to facilitate analysis.

Outcome

Body Mass Index (BMI, kg/m?) was calculated from weight and height measurements
collected by trained staff using standard procedures**. The variable was normally

distributed and analysed as a continuous outcome variable.

Neighbourhood exposures

We examined interactions between genetic risk and two neighbourhood characteristics
likely to influence BMI: availability of formal PA facilities (number of indoor and outdoor
sporting and leisure facilities within a one-kilometre street-network distance of an
individual’s home) and fast-food proximity (distance in metres to nearest takeaway/fast-
food outlet). Greater neighbourhood availability of PA facilities may influence BMI
through increased opportunities for physical activity, and greater distances from home to
fast-food outlets may influence BMI by reducing access to fast food*”?%, In prior analyses

we found both were associated with BMI in the expected direction - that is, living further
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from a fast-food outlet, or having more PA facilities near home, was associated with having
a lower BMI'. Both exposures were analysed as continuous variables, with higher values
of each (more facilities; greater distance to nearest fast-food outlet) representing lower
exposure. Due to the positively skewed distribution of these variables, number of PA
facilities was capped at 15 (<1% recoded from >15) and distance to nearest fast-food outlet
was log transformed (base 10) such that regression coefficients were interpreted as the
mean difference in BMI associated with a 10-fold increase in distance to nearest fast-food

outlet e.g. 100 metres to one kilometre.

Genetic risk scores and individual SNPs

A recent genome-wide association study (GWAS) identified 97 SNPs associated with
BMI*. We constructed a genetic risk score (GRS) based on g1 of these SNPS, excluding six
SNPs identified elsewhere as being in linkage disequilibrium with other included SNPs
(rs17001654, 152075650 and r$9925964) or having pleiotropic effects (rs11030104, rs3888190,
rs13107325), both of which may produce bias in associations between the genetic risk score
and the outcome, and in interaction analyses®. We also constructed an alternative GRS,
the same as one by used Tyrrell and colleagues* in a study of UK Biobank participants of
White British ancestry, in which they tested interactions between genetic risk and
behavioural exposures using a GRS derived from 69 of the SNPs identified in the recent
GWAS. Their GRS excluded SNPs from secondary meta-analyses of studies of regional,
sex-stratified or non-European-descent populations®®, and one SNP (rs2033529) that was
unavailable at the time of their study. Full lists of the SNPs included in each of the 91-SNP
and 69-SNP risk scores are provided in Supplementary Table 4 (Appendix Two). The GRSs
were constructed by summing the number of BMI-increasing alleles across the set of 69
or o1 loci, and weighting the allele count at each SNP by its published effect size*. For

imputed SNP genotypes we used the imputed allelic dosages.

From the literature we identified individual SNPs with a well-established link to obesity
and the largest published effect sizes (rs1558902 rs6567160 rs13021737, markers of the FTO,
MC4R and TMEM:i8 genes respectively)**, and three SNPs recently linked to physical
activity (rs13078960, rs10938397 and rs7141420, markers of CADM2, GNPDA2 NRXN3)3>3.
We tested for interactions between the number of BMI-increasing alleles at each of these
loci, and each neighbourhood variable. We hypothesise that if GxE interactions are
observed for these SNPs, those SNPs implicated in dietary behaviour will only interact
with the fast-food environment, and those implicated in PA behaviour will only interact

with the PA environment.



Covariates

Models were adjusted for potential confounding by age, sex, educational attainment,
household income, employment status, area deprivation (Townsend score), urban/non-
urban status, and neighbourhood residential density and mutually adjusted for the other
neighbourhood exposure. We also corrected for population stratification by adjusting for
the first ten of 40 UK Biobank-provided genetic ancestry principal components from a

genome-wide PCA of UK Biobank’s genetic data®®.

Statistical analysis & analytic sample

Accounting for the nested structure of the data (individuals within assessment areas), we
used mixed effects models with a random coefficient for the neighbourhood exposure and
assuming an unstructured variance/covariance matrix. Models included an interaction
term between the neighbourhood exposure and the genetic risk score, with both analysed
as continuous variables. BMI difference per unit change in the exposure was estimated for
each quintile of genetic risk. The p-value for the additive interaction term was interpreted
as strength of evidence of effect modification. The marginal predicted values of BMI
associated with different levels of each neighbourhood exposure from these models were
plotted for the top and bottom quintile of genetic risk, to visualise observed effect
heterogeneity according to genetic risk. A complete case analysis was used, restricted to
UK Biobank participants of White British ancestry (defined by concordant self-report and
PCA results for White British/Caucasian ancestry) for the primary analyses (N=335,046)
because the smaller GRS was limited to SNPs associated with BMI in analyses of
individuals with European ancestry. Analysis was performed using Stata SE vi4.2 (Stata

Corp, Texas USA).

Sensitivity analyses

As the 91-SNP GRS included SNPs associated with BMI in populations of non-European
descent, we undertook a sensitivity analysis that tested for an interaction with the 9g1-SNP
GRS in a sample unrestricted by ethnicity to test generalisability to the wider source
population. To explore the possibility that results might be biased by latent genetic
structure in the sample - a concern regarding genetic analyses involving UK Biobank3* -
we also performed sensitivity analyses in which models were adjusted for all 40 genetic
ancestry principal components, and for birth location. Finally, although weighting of the
polygenic risk scores is appropriate due to the varying degree to which each SNP is

associated with BMI, we performed sensitivity analyses using an unweighted version of
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each GRS. Evidence of a GxE interaction using unweighted scores is expected to be

weaker, due to dilution of the effects of the more influential SNPs.

Ethics

UK Biobank has ethical approval from the North West Multi-centre Research Ethics
Committee (reference 16/NW/0274), the Patient Information Advisory Group (PIAG), and
the Community Health Index Advisory Group (CHIAG). Additional ethical approval for
the specific study was obtained from the London School of Hygiene and Tropical

Medicine’s Research Ethics Committee in September 2016 (reference 11897).

RESULTS

The sample was 52.2% female, with a mean age of 56.5 years (range 40-70 years at baseline).
Mean BMI was 27.4 kg/m? (SD=4.7), median distance to nearest fast-food outlet was 171
metres and median number of PA facilities within one kilometre of home was one. Sample

characteristics are summarised in Table 5.1.

Using the two alternative weighted genetic risk scores, we observed evidence of an
interaction between fast-food proximity and genetic risk (P=0.028 for the 91-SNP GRS,
P=0.018 for the 69-SNP GRS). The magnitude of the estimated effect between fast-food
proximity and BMI was small at all levels of genetic risk, but increased as genetic risk
increased. In the highest quintile of genetic risk of obesity (based on the 91-SNP GRS),
each 10-fold increase in distance to the nearest fast-food store was associated with a
0.194kg/m* lower mean BMI (95%ClI: -0.326,-0.062), which was twice the magnitude of

association in the lowest risk quintile (f=-0.081; 95%ClI: -0.213,0.052) (Table 5.2; Figure 5.1).
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Table 5.1 Characteristics of total sample and top and bottom quintile of 91-SNP

genetic risk score

91-SNP genetic risk score

Quintile 1 Quintile 5
. . . Total sample
(lowest risk of (highest risk of
obesity) obesity)
Total number of participants 64269 69577 335046
BMI (kg/m?) (mean, SD) 26.5 (4.3) 28.3(5.1) 27.4 (4.7)

Distance to nearest fast-food outlet (m)

(median, IQR)

Number of PA facilities within 1km of

home address (median, IQR)
Age (mean, SD)

Sex (female)

Income

Less than 18,000
18,000 to 30,999
31,000 to 51,999
52,000 to 100,000
Greater than 100,000

Education

College or University degree

A levels/AS levels or equivalent

O levels/GCSEs or equivalent
CSEs or equivalent

NVQ or HND or HNC or equivalent
Other professional qualifications
None of the above

Employment status

Paid employment or self-employed
Retired

Unable to work

Unemployed

Home duties/carer/student/other

Urbanicity (% urban dwelling)
Area deprivation® (mean, SD)

Residential density® (median, IQR)

1172 (634 - 2302)

1(0-3)

56.5 (8.0)

33876 (52.7%)

14154 (22.0%)
