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Abstract

Urban environments shape non-communicable disease (NCD) patterns, yet the
transformation of public data into granular, policy-actionable evidence remains chal-
lenging as cross-sector data silos and heterogeneous standards impede at-scale har-
monisation and holistic analysis. We built a UK-wide, small-area environmental
health evidence base by semantically integrating national datasets including hous-
ing, neighbourhood amenities, community safety, and accessibility within The World
Avatar (TWA), an interoperable knowledge architecture enabling machine-readable,
consistent profiling of adjusted associations between determinants, covariates, and
primary-care disease prevalence. Results show that fuel poverty emerged as a leading
correlate of respiratory morbidity: scenarios consistent with improved home heating
efficiency suggest that reducing fuel poverty could be associated with averting over
13% of the population burden of chronic obstructive pulmonary disease. Spatial
profiling identified critical proximity thresholds: leisure-centre access was protec-
tive within an approximately 4-minute drive, while health risks linked to fast-food
outlets declined beyond roughly 6 minutes. Mental-health burden showed strong,
monotonic associations with antisocial behaviour, domestic abuse, and drug-related
crime. Green space supported metabolic health but exhibited a U-shaped associa-
tion with severe mental illness, with the lowest prevalence at intermediate vegetation
density (NDVI ~0.5-0.6). These findings show how semantic integration can gen-
erate actionable, scalable environmental intelligence for digital health systems and
place-based prevention.
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* Semantic integration turns open data into actionable population-health evi-
dence.

* Leisure centres within 4 min and fast food beyond 6 min signal healthier places.
* Fuel poverty links to COPD; warmer homes could cut the burden by over 13%.

* Rising crime and fuel poverty track rising mental illness; mid-level greenness
offers protection.
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1 Introduction

The escalating global burden of non-communicable diseases (NCDs) represents a primary
public health challenge of the 21st century [39]. This burden is dominated by a complex
syndemic of metabolic, cardiovascular, respiratory and cancer conditions [29, 70, 90].
Evidence indicates that the burden of NCDs is shaped not only by individual biology but
also by the complex interplay of context and place, operating through patterns of every-
day living and exposure to the surrounding environment [59, 100]. Understanding how
environmental determinants are associated with the prevalence of NCDs at the population
level remains a core aim of public health research.

Large cohort studies have provided powerful information on exposure-specific risks, causal
inference, and aetiological understanding, with depth in genetic, biomarker, and individual-
level longitudinal data. Although such studies offer deep longitudinal evidence, their sub-

stantial resource requirements, long follow-up period and limited geographic coverage can

constrain the ability to capture variability in environmental features and social contexts.

This challenge is particularly salient for public health surveillance, which needs to char-

acterise risk distributions across the entire population [53]. The digital transformation of

public health services and government administration creates a transformative opportunity

to bridge this gap. Public open data, including primary care records, geospatial surveys

and demographic statistics, provide a complementary resource for both estimating disease

burden and characterising environmental exposures [74, 107].

Routinely collected data have the potential to provide a high-resolution, nationwide con-
textual layer for public health studies. In parallel, they can facilitate the development of
digital cohorts and deepen exposure assessment, providing infrastructure for population
scale exposome epidemiology [13, 103]. Yet the rich environmental, social, and admin-
istrative data needed to approximate a more complete exposome often reside in heteroge-
neous and disconnected silos [14, 107]. They are typically maintained by separate public
bodies and organisations, stored in heterogeneous formats ranging from static tabular data
to satellite imagery, referenced to misaligned spatial units [43], and often lack interaction
standards. The resulting impediment to interoperability caused by this fragmentation is
more than a technical inconvenience. It can introduce avoidable bias hinder the integra-
tion of socioeconomic and health information and obscure mechanisms that drive health
inequalities and algorithmic unfairness [47, 80].

Despite the breadth of public administrative and geospatial data now available, three prac-
tical challenges limit their use for decision-making about environmental determinants of
health. First, evidence is often produced in domain silos, making it difficult to understand
how multiple, correlated determinants (housing energy deprivation, crime, greenspace,
and the retail and activity environment) jointly relate to health outcomes and inequalities.
Second, planners require actionable spatial signals, for example, proximity thresholds
for facilities and hazards, yet these are rarely reported consistently at the national scale.
Third, while cohort studies provide deep individual-level inference, routine public health
surveillance needs tools that can use the data that are already produced nationally (and
regularly) by government and public bodies, even if those data are cross-sectional snap-
shots rather than full longitudinal histories.



Semantic technologies are increasingly used in public health to make heterogeneous data
interoperable, which enables multi-scale analytics at population scale and supports surveil-
lance that spans many data holders [89]. The FAIR Guiding Principles[105] define find-
ability, accessibility, interoperability, and reusability as shared goals for data and work-
flows, and they have become a foundation for linking and reusing public health informa-
tion in practice. Complementary standards and associated terminology services help sys-
tems not only exchange records but also interpret them consistently, while health knowl-
edge graphs represent entities and relations so that clinical, environmental, and adminis-
trative sources can be queried together with provenance and context. One of the semantic
approaches is The World Avatar (TWA) [49], an open-source, community-driven initiative
that aims to create an all-encompassing knowledge model of the real world using machine-
readable models, with autonomous agents to keep the digital representation updated, ex-
tensible and computable. It has been used to link data and models across domains applied
to the chemistry space [4], buildings [73] and urban environments to national-scale rep-
resentations [20, 91] for sustainable planning and infrastructure management. We apply
this idea of a digitally interconnected world to nationwide public health by integrating a
population-level digital infrastructure that semantically aligns publicly available environ-
mental and residential data with routinely collected health and administrative records into
TWA.

The purpose of this paper is to advance fine-scale, policy-ready environmental health
evidence by 1) building a national, interoperable evidence layer that links publicly avail-
able environmental determinants to routine primary-care health outcomes; 2) estimating
adjusted associations while accounting for key covariates including age, urban-rural clas-
sification, access to healthcare, and socioeconomic deprivation; and 3) extracting policy-
relevant benchmarks that can inform targeted intervention. We implement this by seman-
tically integrating heterogeneous government data sources and harmonising determinants
and covariates to a census-based small-area geography, enabling consistent analysis from
local to national levels. This cross-sector interoperability supports precision public health
and geographically informed planning by allowing systematic examination of spatial pat-
terns of disease and their potential environmental and socioeconomic correlates.

2 Background

Chronic disease burden reflects cumulative exposures in the residential environment. Pol-
icy frameworks increasingly treat neighbourhood conditions as modifiable determinants
of non-communicable disease and health inequalities. The WHO European Healthy Cities
framework highlights healthier urban environments, equity, and cross-sector action [106].
In the UK, national planning policy frames the planning system as a lever to support
healthy, safe, and inclusive communities [98]. These agendas create a clear evidence need:
decision-makers require small-area, policy-ready measures of modifiable neighbourhood
determinants linked to routine health outcomes.

To situate this study, we mapped recent cross-sectional population studies on urban en-
vironmental characteristics and the prevalence of metabolic, cardiovascular, respiratory,
and mental health conditions. We searched Web of Science Core Collection for studies



published in the last five years and generated a keyword co-occurrence network (Figure 1).

The network points to recurring environmental domains relevant to non-communicable
diseases. Keywords cluster around 1) the local food environment and obesity-related out-
comes; 2) greenspace and mental health and wellbeing; and 3) air pollution, traffic, and
noise in relation to cardiovascular and respiratory outcomes. Crime and area deprivation
connect across clusters. Housing and energy terms bridge socioeconomic disadvantage
and cardiometabolic risk. Direct small-area measures of dwelling quality and indoor tem-
peratures are often sparse, whereas fuel poverty is routinely available nationwide and
reflects affordability and thermal adequacy, making it a practical proxy for housing and
energy deprivation in this analysis [20]. Guided by data availability and policy relevance,
our knowledge-based analytical framework covers three dimensions: energy affordabil-
ity, community safety, and everyday exposure settings and amenities. We operationalise
these dimensions using five small-area measures: fuel poverty prevalence, police-recorded
crime incidents, satellite-derived greenness as a proxy for neighbourhood vegetation, ac-
cess to leisure centres, and fast-food outlet accessibility.
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Figure 1: Keyword co-occurrence network of literature keywords in population-based
cross-sectional studies on urban environmental characteristics and the preva-
lence of metabolic, cardiovascular, respiratory and mental health conditions
retrieved from Web of Science in the last five years. Node size reflects keyword
frequency and link thickness represents co-occurrence strength.



2.1 Fuel poverty and health

Fuel poverty is commonly described as the inability to keep the home adequately warm
due to unaffordable energy and poor building energy efficiency, with cold homes con-
tributing to a wider burden of ill health and inequalities [15, 97]. Quantitative studies link
fuel poverty and cold homes to respiratory and cardiometabolic outcomes, with evidence
spanning area-level analyses, cohorts, and intervention studies. A national LSOA eco-
logical analysis linked mean EPC rating and building retrofit indicators to adult Hospital
Episode Statistics (HES) emergency admissions. In adjusted negative binomial models, a
one-point higher mean EPC rating was counter-intuitively associated with slightly higher
admission rates (RR=~1.005 for asthma and CVD; RR~1.010 for COPD). However, as-
sociations for specific measures were mixed. For instance boiler upgrades exhibited a
protective effect for COPD (RR 0.98-1.00) [83]. As a downstream endpoint, emergency
admissions capture severe exacerbations and service use and are not equivalent to routine
prevalence burden. In a survey of social housing tenants in Cornwall (southwest England),
self-reported fuel poverty and colder bedroom conditions were associated with poorer
mental health (SF-12 MCS), while none of the fuel poverty measures showed a signifi-
cant association with SF-12 physical component score (PCS) [97]. Panel analyses using
Understanding Society reported more pronounced associations with reduced life satisfac-
tion and raised inflammatory biomarkers when fuel poverty was defined using composite
indicators that incorporate heating inadequacy, rather than expenditure-based indicators
alone [24]. A natural experiment around Winter Fuel Payment eligibility (24,651 obser-
vations) found no overall effect on care needs, quality of life, or cold-related housing
problems, but reported benefits for some subgroups and fewer cold-related housing prob-
lems in more modern homes [19]. Intervention evidence is mixed: a before—after study
installing central heating in homes of children with asthma reported improvements in
symptoms and school absence [87], whereas a controlled before—after study of domes-
tic energy efficiency investments in low-income areas found limited evidence of changes
in self-reported health despite improvements in wellbeing and related outcomes [32]. A
meta-analysis across 36 studies (33,313 participants) reported a small overall health ben-
efit from energy efficiency measures (sample-weighted d* = 0.08) [52]. In summary,
interpretation requires recognising heterogeneity in energy affordability measures and
study scales. Local studies are confined to selected populations and condition-specific
outcomes. National analyses often rely on service-based endpoints that may not align
with routine morbidity burden.

2.2 Crime statistics and health

A growing body of work has examined how neighbourhood safety, often proxied by
crime statistics, relates to health outcomes. Longitudinal linkage analyses of the Scot-
tish Longitudinal Study combine police-recorded crime at the data-zone level with census
health measures and National Health Service (NHS) prescribing records, and indicate
that increases in local crime are associated with higher odds of self-reported mental ill-
ness and new prescriptions for antidepressants and antipsychotics, with stronger effects
in younger adults and socioeconomically disadvantaged groups [6, 7]. Complementary
evidence from South London, using electronic mental healthcare records, shows that res-
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idents with mental disorders living in higher-crime neighbourhoods have higher odds of
physical victimisation after adjustment for individual and area-level factors, consistent
with close coupling between community safety and mental ill-health [12].

Cohort evidence in adolescence further suggests that the crime-related neighbourhood
context operates alongside individual victimisation. In a UK adolescent twin cohort,
neighbourhood social adversity indices incorporating crime statistics and personal violent-
crime victimisation were each associated with psychotic experiences, and joint exposure
was linked with higher odds [60]. A related analysis in the same cohort indicates that
adolescents’ perceptions of neighbourhood disorder were associated with psychotic expe-
riences even after accounting for official neighbourhood crime rates [61], highlighting that
recorded crime and lived experience can capture partially distinct dimensions of neigh-
bourhood safety. At the national scale, descriptive analyses link higher area crime rates
with lower life expectancy, underscoring the public health salience of community safety
[93]. A recent systematic review and meta-analysis similarly concludes that neighbour-
hood crime is consistently associated with depression and psychological distress beyond
the effects of socioeconomic deprivation, although evidence on physical disease outcomes
remains sparse [5].

Taken together, existing studies provide convergent signals across linked administrative
records, electronic health records, and cohort designs, yet they often operationalise crime
exposure and neighbourhood context in study-specific ways (e.g., recorded crime, com-
posite adversity, or perceived disorder) and focus on selected populations or geographies.
As a result, evidence synthesis is constrained by differences in how crime exposure is
defined and linked to health endpoints, and by limited consistency in spatial and temporal
resolution across data sources.

2.3 Leisure centre accessibility and health

Formal leisure facilities within the built environment are recognised as critical deter-
minants of physical activity [1, 76]. In the UK Biobank, the presence of six or more
formal facilities within 1 km of the home was associated with lower body mass index
(—0.57 kg/m?, 95% CI —0.74 to —0.39), waist circumference (—1.22 cm, 95% CI —1.64
to —0.80), and body fat percentage (—0.81%, 95% CI —1.03 to —0.59) compared with
having no facilities [55]. These associations were stronger among women and higher-
income groups but genetic predisposition to obesity did not modify this effect [55, 56].
Similarly, linking Scottish health survey data to a national facility registry showed that
each additional facility within a 20-minute walk was associated with a 0.015 unit de-
crease in body mass index (BMI) (P = 0.02), although self-reported physical activity did
not mediate this result [28]. Comparisons of home and workplace neighbourhoods sug-
gest that private facilities near the home may have a greater link to exercise frequency
than those near the workplace [51].

Evidence from natural experiments strengthens causal inference. In a deprived English
authority, removing financial barriers to swimming pools and gyms led to significant in-
creases in participation and highlighted the role of cost [36]. However, geographic prox-
imity alone implies limited equity. While the average distance to Parkrun events saw a



sharp decline between 2010 and 2019, participation remained stratified by socioeconomic
position [81, 86]. Data on exercise referral schemes indicate that leisure centre atten-
dance contributes an average of 55 minutes of moderate-to-vigorous activity per week,
with women and older adults demonstrating higher adherence [9]. From a health eco-
nomic perspective, a free membership programme in London yielded an incremental cost-
effectiveness ratio of £20,347 per quality-adjusted life year (QALY), though this estimate
was sensitive to assumptions regarding mental health benefits [99]. National statistics
show a correlation between facility density and activity levels, but confounding by urban
and rural status remains a limitation [67]. Collectively, the evidence suggests modest as-
sociations between facility accessibility and anthropometric outcomes. The scarcity of
direct evidence linking facility accessibility to disease prevalence underscores the need
for future research.

2.4 Greenspace accessibility and health

Research has increasingly examined the health impacts of greenspace using high-resolution
exposure metrics and large-scale population cohorts. Longitudinal analyses in Wales
linked electronic health records for over 2.3 million adults to satellite-derived vegeta-
tion indices and measures of access to public green and blue spaces, finding that greater
greenness and proximity predicted substantially lower odds of subsequent common men-
tal disorders, with stronger effects in deprived urban settings [30]. Natural experiment
designs during the COVID-19 lockdown similarly demonstrated that adults living within
800 m of accessible greenspace experienced smaller increases in psychological distress,
particularly in London [48]. Evidence from UK Biobank indicates that higher neigh-
bourhood greenness, measured via Normalised Difference Vegetation Index (NDVI)[38],
was associated both with reduced prevalence of major depressive disorder and with lower
BMI, waist circumference, and body-fat percentage, with stronger associations in socioe-
conomically disadvantaged and highly urban areas [78]. More recent analyses of UK
Biobank participants have extended these findings to additional outcomes. Liu et al.
(2024) reported that each interquartile-range increase in residential NDVI was associ-
ated with a 6% lower incidence of psychiatric disorders among middle-aged and older
adults [50]. He et al. (2024) similarly found that participants living in greener neighbour-
hoods had about a 10% reduced risk of incident delirium [35], while Tang et al. (2025)
demonstrated that higher NDVI predicted a 7% lower incidence and slower progression
of cardiometabolic multimorbidity [92]. Complementary cohort studies reinforce these
findings: children raised in greener neighbourhoods showed lower risks of overweight
or obesity by age 10-11 years, and adults in the greenest quartile of neighbourhoods
in Norfolk had a 19% lower hazard of incident type-2 diabetes compared with those in
the least green areas [23, 104]. Together, these studies highlight consistent benefits of
nearby, accessible greenspace across mental health and metabolic outcomes, while re-
vealing important heterogeneity by urbanicity, socioeconomic context, and spatial scale
of measurement.

Most of these studies have relied on individual-level cohorts or region-specific analyses,
leaving less evidence on how greenness relates to population health across the whole
country. In particular, ecological assessments at small-area levels, which can capture ge-



ographic variation in both environmental exposures and disease prevalence, remain com-
paratively scarce. This gap makes it difficult to evaluate whether the benefits observed in
selected cohorts generalise at a national scale or align with patterns of morbidity observed
in routine health data.

2.5 Fast food outlet accessibility and health

Fast food outlets are widely discussed as indicators of an obesogenic environment as they
sell energy-dense, nutrient-poor foods that are relatively cheap and convenient. In the
CARDIA 15 year cohort, evidence shows that eating fast food more than twice per week
was associated with about 4-5 kg greater weight gain and higher insulin resistance than
eating it less than once per week, after adjustment for lifestyle factors [69]. UK nutritional
profiling suggests that a typical takeaway meal can approach or exceed recommended
daily intakes for energy, saturated fat, and sodium [42]. These findings support the use of
fast food outlet availability as a contextual marker of unhealthy dietary environments.

Neighbourhood studies suggest that where fast food outlets are more common, diets tend
to be less healthy and adiposity higher. In a population-based study in Cambridgeshire,
adults with the highest combined exposure to takeaway outlets across home, work and
commuting environments consumed more takeaway food and had body mass index about
1.2 kg/m? higher than those least exposed [17]. Analyses of UK Biobank participants
in Greater London showed that both low household income and a higher neighbourhood
proportion of fast-food outlets were independently associated with higher BMI, higher
body-fat percentage and greater odds of obesity, with an odds ratio for obesity of 1.51
(95% CI 1.40-1.64) for the most exposed versus the least exposed quartile, and odds
rising to 2.43 (95% CI 2.09-2.84) when low income and high exposure co-occurred [18].
In children and adolescents, pooled estimates for outlet access and overweight/obesity are
close to null (odds ratio 1.01 [0.97-1.05] for presence and 1.00 [0.99—1.01] for number
of outlets), with heterogeneity by subgroup and by whether exposure is defined around
homes or schools [44].

Fast food outlet accessibility is also associated with metabolic morbidity. In a large cross-
sectional analysis of 347,551 UK Biobank participants across 21 cities, higher residential
density of ready-to-eat food outlets within 1 km was associated with greater odds of type
2 diabetes, with odds ratios of 1.129 (95% CI 1.05-1.21) for the highest category of
restaurant and cafeteria density and 1.112 (1.02—1.21) for a composite ready-to-eat outlet
metric when compared with no nearby outlets, and modestly elevated odds at intermediate
densities of hot and cold takeaways [79]. A systematic review and meta-analysis of food
environments and adult obesity reported that closer proximity to fast food restaurants
was associated with higher odds of obesity, pooled odds ratio 1.15 (95% CI 1.02-1.30),
although findings for outlet density were more variable [71].

Studies have also examined cardiovascular outcomes. In a nationwide Dutch cohort of
2,472,004 adults who had lived at the same address for at least 15 years, the incidence of
cardiovascular disease and coronary heart disease over one year was higher among urban
residents with one or more fast-food outlets within 500 m than among those with none, and
increased fast-food outlet density within 1000 m was associated with higher incidence of
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cardiovascular disease and coronary heart disease after adjustment for sociodemographic
characteristics, comorbidity and neighbourhood income [72]. Ecological studies from the
USA report that counties with higher densities of fast-food and similar outlet types tend
to have higher prevalence of obesity and diabetes and worse composite health indicators,
although these analyses are vulnerable to residual confounding and often rely on coarse
spatial units [77].

Existing studies associate greater density or proximity of fast-food outlets with ihigher
adiposity and cardiometabolic risk, particularly in deprived settings. However, much of
the UK evidence relies on individual-level cohorts or localised studies, which may not
capture the population-wide burden of disease attributable to the food environment across
diverse geographic contexts. Furthermore, ecological analyses often examine fast-food
exposure in isolation, leaving them vulnerable to confounding by other features of the
built environment. Consequently, it remains unclear how fast-food accessibility relates to
routine health outcomes at a national scale.

3 Method

This study integrates primary care health records with open environmental data to quan-
tify associations between neighbourhood characteristics and non-communicable disease
prevalence. The methodology proceeds in four distinct stages. We first define the assem-
bly of environmental exposures and sociodemographic covariates at the small area level.
We then describe the derivation of local disease prevalence estimates from national gen-
eral practice registers. These heterogeneous data streams are subsequently unified within
The World Avatar semantic knowledge graph to create an interoperable digital evidence
base. The section concludes by detailing the statistical framework employed to charac-
terise dose response relationships and estimate population attributable fractions.

3.1 Environmental features and covariates

All analyses were conducted at the level of Lower Layer Super Output Areas (LSOAs).
For each LSOA we assembled a set of environmental exposure indicators capturing the
food environment, opportunities for physical activity, housing and energy conditions, and
neighbourhood safety, together with demographic and socioeconomic covariates. Table 1
summarises all indicators and data sources.

Firstly, accessibility to facilities supporting physical activity and to fast-food outlets was
quantified using network-based car travel time from residential locations within each
LSOA to the nearest facility. Specifically, we used the Access to Healthy Assets and Haz-
ards (AHAH) accessibility model, produced by the Geographic Data Service (GeoDS),
which estimates driving time along the established road network between population-
weighted postcode centroids and the nearest outlet or service[31]. For each LSOA, we
summarised postcode-level travel times as the median across constituent postcodes, thereby
reducing sensitivity to boundary postcodes and localised extremes in connectivity.

To support interpretation of time-based thresholds in spatial terms, we extended the same
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AHAH routing approach [11] to additionally compute and output shortest-path road-
network distance for the corresponding nearest-facility route. Distances were derived
from the same shortest-path solution as the travel-time estimates and were summarised as
LSOA medians across constituent postcodes. These indicators remain area-level proxies
and therefore cannot eliminate ecological limitations. However, by using routable net-
works they better represent potential accessibility constraints than straight-line proximity
or single-centroid measures, providing a pragmatic compromise when individual mobility
trajectories are not available.

Secondly, green space exposure was represented using Normalised Difference Vegetation
Index (NDVI) statistics derived from cloud-free satellite imagery. We used the median
NDVI value for each LSOA as a proxy for local greenness. Fuel poverty was captured
using sub-regional fuel poverty statistics for England, which provide the estimated pro-
portion of households in fuel poverty in each LSOA under the Low Income Low Energy
Efficiency (LILEE) definition. Finally, neighbourhood safety was proxied by the annual
rate of police-recorded crime per 1000 residents in each LSOA. Crime counts were ob-
tained from open police data and aggregated to LSOA level before standardisation by
mid-year population.

To reduce confounding we included area-level covariates that capture demographic struc-
ture, settlement context, housing conditions, healthcare accessibility, and socioeconomic
status. Age structure was represented by the proportions of residents in broad age bands
(0-17, 18-64, >65 years) using official mid-year population estimates by LSOA. Urban-
rural status was taken from the 2011 rural-urban classification for LSOAs, dichotomised
to distinguish predominantly urban from predominantly rural areas.

Housing quality and thermal performance were proxied by indicators derived from the
Energy Performance of Buildings Certificates (EPC) open data for England and Wales.
For each LSOA we computed summary measures such as the proportion of dwellings with
EPC ratings A—C and the mean Standard Assessment Procedure (SAP) score. Access to
primary care was measured as median drive time by car to the nearest general practice,
again using network-based accessibility metrics at LSOA level.

Socioeconomic context was represented using the English Indices of Deprivation at LSOA
level. In the main models we included the income domain and the education, skills and
training domain as continuous rank- or decile-based measures. We additionally included
total population and population density as descriptive variables and, where appropriate,
as offsets or scaling factors in the regression models.

Table 1: Environmental exposure, covariate, and health outcome datasets assembled at
UK Lower Layer Super Output Area (LSOA) level.

Category Indicator Operational definition Source dataset and provider

Exposure Fuel poverty rate Proportion of households in fuel Sub-regional fuel poverty
poverty in each LSOA, based on statistics for England provided by
the Low Income Low Energy the Department for Energy
Efficiency (LILEE) definition. Security and Net Zero [25].

(Continued on next page)
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Table 1 — Continued

Category Indicator Operational definition (LSOA Source dataset and provider
level)

Exposure Greenness Median Normalised Difference NERC EDS Centre for
Vegetation Index (NDVI) value Environmental Data Analysis,
for each LSOA, derived from Joint Nature Conservation
cloud-free Sentinel-2 satellite Committee (2025) [45].
imagery and used as a proxy for
local green space.

Exposure Crime records Street-level crime, outcome, and Crime and policing open data and
stop and search information, related police force statistics [84].
broken down by police force

Exposure Drive time to fast food Median car travel time (minutes) Accessibility metrics from the
from the centroid of each Access to Healthy Assets and
postcode within an LSOA to the Hazards (AHAH) dataset [11, 31].
nearest fast-food outlet,
calculated along the OS
OpenRoad network using
road-specific speed estimates.

Exposure Drive time to leisure centre Median car travel time (minutes) Accessibility metrics from the
from the centroid of each Access to Healthy Assets and
postcode within an LSOA to the Hazards (AHAH) dataset [11, 31].
nearest leisure centre or
comparable leisure facility,
calculated along the OS
OpenRoad network using
road-specific speed estimates

Covariate Age structure Proportion of the LSOA Lower Layer Super Output Area
population in broad age bands mid-year population estimates;
(0-17, 18-64, >65 years). Office for National Statistics [68].

Covariate Urban-rural classification Categorical indicator of 2011 rural-urban classification
settlement type (e.g. urban vs lookup tables for LSOAs in
rural), derived from the 2011 England and Wales; Office for
rural-urban classification for National Statistics [65, 66].
LSOAs.

Covariate Housing energy efficiency Summary indicator of dwelling Energy Performance of Buildings
energy performance in each Certificates open data;

LSOA, such as the proportion of Department for Levelling Up,
EPC ratings A-C or mean SAP Housing and Communities [26].
score.

Covariate GP accessibility Median car travel time (minutes) Accessibility metrics from the
from the centroid of each AHAH dataset [11, 31].
postcode within an LSOA to the
nearest general practice (GP)
surgery, calculated along the OS
OpenRoad network using
road-specific speed estimates.

Covariate Income deprivation Area-level income deprivation English Indices of Deprivation,
measure at LSOA level (e.g. income domain; Department for
decile or rank), used as a proxy Levelling Up, Housing and
for household income. Communities [58].

Covariate Education deprivation Area-level deprivation in English Indices of Deprivation,

education, skills and training at
LSOA level.

education, skills and training
domain; Department for Levelling
Up, Housing and Communities
[58].
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Table 1 — Continued

Category Indicator Operational definition (LSOA Source dataset and provider
level)
Weight Population density Total resident population and Office for National Statistics

Health outcome  Disease prevalence (long-term

conditions)

population per square kilometre
for each LSOA.

Estimated prevalence of selected
conditions derived from General
Practice disease registers and
reallocated from practice to
LSOA level using patient
residence data [37, 62].

small-area population estimates
and LSOA boundary data [68].

The Quality and Outcomes
Framework (QOF) provides
practice-level prevalence and
exception data for GP practices.
These data are linked to patients’
residence using NHS Digital

patient registration data [63].

3.2 Estimation of small area disease prevalence from GP and QOF
data

To estimate disease prevalence at the small-area level, we utilise practice-level Quality
and Outcomes Framework (QOF) data, which report both the number of patients on spe-
cific disease registers and the total number of registered patients for each general prac-
tice. These data are integrated with separate statistics detailing the number of registered
patients by their LSOA of residence. The objective is to derive a modelled prevalence
proportion for every LSOA and condition by mapping practice-level aggregates to the
underlying local geography.

The estimation procedure is fully formalised in Appendix A (Subsection: Estimation of
LSOA disease prevalence). Conceptually, the method relies on a proportional allocation
process. First, the count of patients from each practice residing in a specific LSOA is
reconciled to match the official practice list size. These figures are used to calculate the
share of each practice’s register that contributes to a given LSOA. Second, these spatial
shares act as weights to apportion practice-level disease counts to the LSOA level. The
final modelled prevalence is computed by aggregating these allocated cases across all
practices serving the area and dividing by the corresponding modelled denominator. This
approach yields an ecological measure of local disease burden. The specific reconciliation
and attribution steps implemented in this project follow the methodology developed by the
House of Commons Library [37].

3.3 Semantic integration in The World Avatar

The integration of environmental and health indicators is established within The World
Avatar (TWA) dynamic knowledge graph to support reproducible analysis and cross-
domain interoperability. Each Lower Layer Super Output Area functions within this
framework as a distinct spatial entity identified by its official code where disease preva-
lence estimates and environmental exposures are attached using ontology terms that dis-
tinguish indicator type and provenance.

Figure 2 visualises the semantic architecture structured into three interoperable modules.
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The upper Primary Care Electronic Health Records module models clinical entities and
disease taxonomies via established public health terminologies. It incorporates Medical
Subject Headings (MeSH) [22] maintained by the National Library of Medicine for hi-
erarchical indexing and employs the Ontology of Clinical Health Variables (OCHV) [2]
to define clinical observations. These terminologies operate alongside Fast Healthcare
Interoperability Resources (FHIR) [10] which constitutes a standard for the exchange of
organisational and patient data. The central Geospatial Classifications module anchors
these health domains to administrative boundaries. This tier utilises the Ontology for Of-
fice for National Statistics (OntoONS) to define statistical geographies including Lower
Layer Super Output Areas and relies on the OGC GeoSPARQL standard [8] for geometric
representation. The lower Socio-environmental Determinants module integrates contex-
tual factors via external standards and domain-specific models. The framework employs
the W3C Sensor, Observation, Sample, and Actuator ontology (SOSA) [41] to model ob-
servations alongside Schema ontology [33] for place definitions. Further integration in-
cludes the OpenStreetMap Ontology (OSMonto) [21] for amenities and the Ontology of
units of Measure (OM) [75] for standardisation. Transportation accessibility is captured
by The iCity Transportation Planning Suite of Ontologies (TPSO) [46]. This module is
further supported by four domain-specific ontologies developed under The World Avatar
project. OntoCrime characterises neighbourhood safety and OntoIMD captures multiple
deprivation indices as measures of socioeconomic context, while OntoBuiltEnv and On-
toBuiltEnergy provide structured representations of the built environment and its energy
performance respectively [20].

A generic measurement pattern is adopted in which each numerical indicator is modelled
as an observation entity linking an LSOA to a value alongside its unit and time stamp.
Environmental indicators e.g. fuel poverty rates and NDVI greenness are instantiated as
subclasses of an environmental exposure concept while disease-specific prevalence obser-
vations appear as subclasses of a health-condition prevalence concept with explicit links
to QOF definitions. Underlying tabular data are exposed to the knowledge graph using
ontology-based data access where relational tables are mapped to RDF graphs via declar-
ative mappings. This design enables agents in TWA to retrieve and update environmental
and health indicators in a consistent manner that supports cross-study comparisons.

3.4 Exposure response and attributable risk analysis

This section summarises the statistical procedures used to characterise associations be-
tween environmental exposures and LSOA level disease prevalence and to quantify the
corresponding population level impact. All models and effect measures are defined in
detail in the Appendix sections referenced below.

Associations between individual exposures and estimated LSOA prevalence proportions
are first described using rank based and partial rank correlations. Spearman correlation is
used to capture monotone rather than strictly linear relationships between skewed ecolog-
ical variables. Partial Spearman correlations adjust for age band composition and urban
rural classification with optional population weighting through weighted ridit ranks [16]
as set out in Appendix A.2 and Appendix A.2.4.
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Figure 2: A multidimensional semantic framework integrating UK primary care elec-
tronic health records with socio-environmental determinants of health.
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To obtain adjusted effect estimates on an absolute scale the analysis uses Poisson preva-
lence models with a log link and an offset for the LSOA denominator. Exposures that
are proportions are mapped to a logit transformed scale and enter through restricted cu-
bic spline bases. Each model includes the standard set of ecological covariates namely
the age composition parameters the six category urban rural classification and additional
scalar covariates such as deprivation and energy efficiency scores. Model based preva-
lence functions and adjusted prevalence ratios are defined in Appendix A.4.1 and Ap-
pendix A.4.3. The main summaries reported in the text are adjusted prevalence ratios for
interquartile range contrasts which compare model based prevalences between the first
and third quartiles of each exposure while holding covariates at a specified reference pro-
file. For each exposure a likelihood ratio test is used to assess whether spline terms are
required beyond a linear effect in the log scale predictor.

Dose response analysis is based on the same Poisson prevalence specification. For each
condition a reference covariate profile is fixed in terms of urban rural indicators age band
shares and additional covariates. The fitted model is then evaluated on a fine grid of
exposure values within the empirical range after stabilisation and logit transformation of
the exposure proportion. This yields model based prevalence functions that describe the
exposure response pattern at the reference profile as detailed in Appendix A.3. Differences
in these curves between selected exposure values correspond to adjusted prevalence ratios
on the same scale as those reported for interquartile range contrasts.

Population attributable fractions are derived from counterfactual applications of the fitted
Poisson models. For each exposure several percentile based intervention scenarios are
considered that cap the exposure distribution at chosen empirical quantiles while leav-
ing covariates and denominators unchanged. Observed and counterfactual expected case
counts are obtained by summing the corresponding model based means across LSOAs and
the population attributable fraction is computed as the proportional reduction in expected
cases under the capped scenario relative to the observed scenario. The construction of
these counterfactuals and the definition of the attributable fraction are set out in the Ap-
pendix section on population attributable fraction under percentile capping.

Model fit is summarised using the strict McFadden pseudo R?> which compares the max-
imised log likelihood of the full Poisson model with that of a null model containing only
an intercept and the same offset. The definition and computation of this measure are given
in the Appendix section on strict McFadden pseudo R?. Together these elements provide
a coherent exposure response and attributable risk framework that links correlation anal-
ysis regression based effect estimation dose response curves and population attributable
fractions within a single modelling strategy.

4 Result

The application of the semantic framework successfully harmonised heterogeneous data
streams across approximately 34,000 Lower Layer Super Output Areas covering a regis-
tered population exceeding 50 million. This integration generated a unified high-resolution
evidence base linking primary care prevalence estimates with concurrent environmental
exposures. The findings are presented in a sequence that progresses from descriptive
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epidemiology to specific exposure response characterisation. We first report the spatial
distribution of disease burden at the national scale followed by an evaluation of associ-
ations between community health opportunities and metabolic cardiovascular and respi-
ratory profiles. The analysis subsequently quantifies the impact of fuel poverty on these
physical health conditions before concluding with an examination of the environmental
determinants of severe mental illness.

4.1 Disease prevalence aggregated from general practice records

Figure 3 shows the national distribution of LSOA-level prevalence for metabolic, cardio-
vascular and chronic respiratory conditions. Within the metabolic group, diabetes and
obesity exhibit similar spatial distributions, with overlapping clusters of high-prevalence
LSOAs. Within the cardiovascular group, coronary heart disease, stroke or transient is-
chaemic attack, and peripheral arterial disease also show related spatial patterns. Across
all mapped conditions, hypertension, obesity and diabetes are the most prevalent and
therefore represent key targets for intervention to alleviate the national non-communicable
disease burden.
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Figure 3: Aggregated prevalence maps by disease group. Metabolic conditions: Dia-
betes, Obesity and Hypertension. Cardiovascular diseases: Coronary heart
disease (CHD), Stroke/transient ischaemic attack (Stroke/TIA), Peripheral ar-
terial disease (PAD), and Heart failure (HF). Chronic respiratory disease:
Chronic obstructive pulmonary disease (COPD). Colour bars report preva-
lence (%).
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4.2 Limited healthy opportunities and cardiometabolic/respiratory
Health

Building on the spatial heterogeneity in disease prevalence shown in Figure 3, this section
focuses on three community features that can be interpreted as proxies for everyday health
opportunities at the LSOA level. These are neighbourhood greenness, represented by
NDVI, the drive time to the nearest fast food outlet, and the drive time to the nearest
leisure centre. They are selected as representative examples because they capture three
distinct aspects of the local environment that are relevant to physical activity and diet,
and because consistent, nationwide data are available from routine sources. The aim is
to describe how these features vary across space, how they co-vary with chronic disease
prevalence, and how they relate to model based risk estimates.

Figure 4 summarises the spatial distribution of these three exposures and their stratifi-
cation by rural and urban status. NDVI is systematically higher in rural LSOAs than in
urban areas, with rural medians around the upper half of the observed range and urban
medians closer to the lower half. In metropolitan cores and surrounding periurban belts,
drive time to the nearest fast food outlet is typically short, with most LSOAs within about
five minutes, whereas many remote rural LSOAs have drive times above ten minutes. A
similar pattern is seen for leisure centres. Urban and periurban LSOAs generally have
drive times under ten minutes, while in more isolated rural areas a substantial fraction of
LSOAs have drive times above twenty minutes. These gradients indicate that rural areas
tend to have greater green space but poorer access to both fast food and formal leisure
facilities, whereas dense urban areas combine lower greenness with closer proximity to
both fast food outlets and leisure centres.

Associations between these exposures and metabolic and cardiovascular conditions on
the correlation scale are shown in Figure 5, using the partial rank correlation framework
described in Appendix A.2 and Appendix A.2.4. Greater greenness is negatively asso-
ciated with the prevalence of obesity, diabetes and hypertension after adjustment for age
structure, urban rural classification and other ecological covariates, consistent with lower
disease prevalence in greener areas at a given demographic and socioeconomic profile.
Shorter drive time to fast food outlets tends to be positively correlated with metabolic
outcomes, indicating higher prevalence where fast food is more accessible. In contrast,
shorter drive time to leisure centres is generally associated with lower prevalence for the
same set of conditions. Across diseases, correlations are largest in magnitude for obesity
and diabetes and smaller for cardiovascular conditions such as coronary heart disease and
stroke. Correlations are moderate in absolute value, which is expected for ecological data
aggregated at the LSOA level and reflects that these environmental features are only one
component of the wider risk landscape.

To translate these associations into effect estimates on the risk scale, Figure 6 reports
adjusted prevalence ratios from multivariable Poisson models with a log link and LSOA
denominators as offsets, as specified in Appendix A.4.1 and Appendix A.3.

Effect sizes are expressed per interquartile range, where the interquartile range is defined
as the difference between the seventy fifth and twenty fifth percentiles of the observed
exposure distribution. For greenness, an interquartile range increase in NDVI, approxi-
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Figure 4: Spatial distribution and urban-rural contrasts in neighbourhood greenness and
accessibility across England. Top row (left to right): LSOA-level greenness
(normalised difference vegetation index, NDVI), drive time to the nearest fast-
food outlet, and drive time to the nearest leisure centre. The bottom row shows
the corresponding exposure distributions stratified by the Rural-Urban Classi-
fication (RUC) published by Office for National Statistics

mately 0.13 NDVI units in this sample, is associated with lower prevalence for several
conditions. The model based estimates indicate that such an increase in NDVI corre-
sponds to about a 7.8% lower prevalence of COPD (aPR=0.922), a 7% lower prevalence
of diabetes (aPR=0.930) and a 7.3% lower prevalence of obesity (aPR=0.927), after con-
trolling for age composition, urban rural status and additional ecological covariates. Other
metabolic and cardiovascular outcomes also show adjusted prevalence ratios below one
for higher greenness, although with smaller magnitude and wider confidence intervals.
For drive time to fast food outlets, an interquartile range increase in travel time, approx-
imately two minutes, is associated with adjusted prevalence ratios below one for several
metabolic conditions, consistent with slightly lower prevalence where fast food is less ac-
cessible. For drive time to leisure centres, an interquartile range increase in travel time,
approximately four minutes, is associated with adjusted prevalence ratios above one for
metabolic and cardiovascular outcomes, indicating higher prevalence where formal leisure
facilities are harder to reach. McFadden pseudo R? values in panel (d) remain modest in
absolute terms but are highest for obesity and diabetes for all three domains, suggesting
that these exposures explain a non trivial share of between LSOA variation for metabolic
diseases while only a smaller fraction for individual cardiovascular endpoints.

Figure 7 applies the exposure-prevalence association modelling framework described in
Appendix A.3, with relative risk interpretation in Appendix A.4.3, to characterise nonlin-
ear association shapes for selected chronic conditions. Relative risks are evaluated across
the observed exposure range with covariates held at reference values and expressed rela-
tive to health favourable baselines. For greenness, using the 75th percentile of NDVI as
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the reference, relative risk for obesity and diabetes is close to 1 around this level, increases
at lower NDVI, and flattens at higher NDVI, consistent with diminishing marginal gains
in very green settings. For fast food accessibility, with the 75th percentile of drive time
as the reference, relative risk decreases as drive time increases from very short values and
then approaches a plateau once drive time exceeds about 6 to 8 minutes. For leisure cen-
tre accessibility, with the 25th percentile of drive time as the reference, LSOAs with drive
times of about 4 minutes or less to the nearest leisure centre show clearly lower relative
risks for metabolic and cardiovascular outcomes than areas where leisure centres are more
distant.

These profiles provide planning relevant benchmarks that fall within realistic exposure
ranges. For greenness, risk begins to decline more clearly once NDVI exceeds about 0.30,
suggesting that the protective association becomes more evident beyond this level and is
consistent with sustained vegetative cover such as continuous parks, street trees, and larger
gardens. For accessibility metrics, Figure 7b links time based thresholds to road network
distance using a consistent routing workflow. Drive time estimates follow the accessibil-
ity routing approach developed by The Geographic Data Service for postcode-based car
travel time to the nearest service along the established road network [31]. Using the same
shortest path routing algorithm, with points of interest as sources and postcodes as targets,
we extended the workflow to output road network distance alongside the drive time, then
summarised postcode level outputs within each LSOA as medians across constituent post-
codes. On this basis, Panel (b) of the Figure 7 indicates that a median leisure centre drive
time of about 4 minutes corresponds to approximately 2000 m of road network distance,
whereas a fast food drive time of about 6 minutes corresponds to approximately 3000 m.
These distance equivalents translate model derived pattern features into actionable neigh-
bourhood scale guidance, supporting decisions on leisure facility provision and network
connectivity and informing place based planning and licensing approaches that manage
the proximity and clustering of fast food outlets.
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Figure 7: (a) Relative risk across the exposure range, referenced to health-favourable
baselines. Grey bars show the distribution of LSOAs across exposure bins,; red
markers indicate potential policy-relevant intervention points (b) LSOA-level
median postcode-to-nearest-point-of-interest drive time versus median road-
network distance, with both metrics summarised as medians across constituent
postcodes, points of interest include fast-food outlets and leisure centres.
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4.3 Cold homes and cardiometabolic/respiratory diseases

As shown in Figure 8, fuel poverty displays marked spatial and contextual heterogene-
ity. Higher proportions of fuel poor households cluster in northern and south western
regions, with additional concentrations in parts of the Midlands. London and other ma-
jor conurbations show pronounced within city variation, where neighbouring LSOAs can
differ by more than 10 percentage points in fuel poverty ratios. The rural urban panel con-
firms a clear gradient by settlement type, with the highest fuel poverty generally observed
in smaller and more remote rural areas and lower values in urban areas nearer to major
cities. This pattern indicates that any assessment of health impacts needs to account for
settlement context rather than treating fuel poverty as spatially homogeneous.
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Figure 8: Spatial distribution and rural-urban stratification of fuel poverty, obtained
from the integration of data published by the Department for Energy Security
and Net Zero (DESNZ) and the Office for National Statistics (ONS) under the
Rural-Urban Classification (RUC). The upper panels show the regional varia-
tions in the proportion of households in fuel poverty. The lower panel compares
urban and rural areas based on the Rural-Urban Classification (RUC), illus-
trating distinct distributions of fuel poverty rates across settlement types.

Figure 9 summarises the rank based associations between fuel poverty and cardiometabolic
outcomes using the partial correlation framework described in Appendix A.2 with popu-
lation weighting as in Appendix A.2.4. Across metabolic and cardiovascular conditions
the strongest positive correlations with fuel poverty are observed for chronic obstructive
pulmonary disease, peripheral arterial disease, diabetes and obesity, with more modest
associations for coronary heart disease, stroke or transient ischaemic attack, hyperten-
sion and heart failure. Within each disease group the ordering of correlations is broadly
consistent, suggesting that areas with higher fuel poverty tend to carry a higher burden
of chronic disease even after accounting for age structure, rural urban classification and
other ecological covariates.
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The multivariable Poisson prevalence models underpinning the main effect estimates are
reported in Figure 10 and follow the adjusted prevalence ratio formulation in Appendix A.4.1.
Panel (a) shows that an interquartile range (IQR) increase in fuel poverty (approximately 6
percentage points) is associated with the largest relative increase in COPD prevalence (ad-
justed prevalence ratio 1.197). Peripheral arterial disease follows with an adjusted preva-
lence ratio of 1.153. Diabetes and obesity show adjusted prevalence ratios of 1.149 and
1.147. Smaller but statistically precise associations are observed for coronary heart dis-
ease (aPR=1.071), hypertension (aPR=1.040), stroke or transient ischaemic attack (aPR=1.037),
and heart failure (aPR=1.026). Panel (b) reports McFadden pseudo R? values for the same
models, which range from 0.151 to 0.406, indicating that the ecological models capture a
substantial share of the between area variation in prevalence.

Panel (c) of Figure 10 translates these associations into population attributable fractions
using the percentile capping counterfactual framework set out in the Appendix section
on population attributable fraction under percentile capping, combined with the baseline
relative risk formulation in Appendix A.4.3. Scenario P50 resets every LSOA to the fuel
poverty level typical of the healthier half of areas, while scenarios P40, P30, P20 and
P10 progressively tighten the reference toward the levels observed in the healthiest decile.
Under these counterfactuals the largest preventable burdens arise for chronic obstructive
pulmonary disease and peripheral arterial disease, with double digit attributable fractions
for chronic obstructive pulmonary disease under the most ambitious P10 scenario and ap-
preciable fractions already evident under P50. For metabolic conditions such as diabetes
and obesity the estimated population attributable fractions are smaller in absolute terms
but remain non negligible when interpreted at national scale.

Taken together Figures 8, 9 and 10 show that higher fuel poverty aligns with a broad
gradient in population health, with more fuel poor areas experiencing higher prevalence of
cardiometabolic and chronic respiratory disease. While these ecological analyses cannot
establish individual level causation, the consistent patterns across correlation, adjusted
prevalence ratios and population attributable fractions suggest that reducing fuel poverty
and improving the energy performance of housing are likely to be relevant components of
strategies to lessen the burden of chronic disease.

4.4 Neighbourhood exposures and severe mental illness

Population-weighted associations adjusted for age and urban rural status show a consistent
positive relation between crime exposure and the prevalence of mental health conditions.
The steepest gradients are observed for drug-related offences with a partial correlation
of approximately 0.23 and violence and sexual offences at 0.22 which exceed those for
burglary public order robbery theft from the person and possession of weapons ranging
from 0.13 to 0.21. The stability of these modest effect sizes across panels after trimming
extreme values and controlling for demographic structure indicates that the signal is not
driven by age composition or settlement type. The heterogeneity by offence class sug-
gests that mechanisms linked to local drug markets and interpersonal violence domains
including domestic abuse align more closely with area level mental health burden than
acquisitive crime.
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Figure 11 further characterises broader environmental determinants associated with men-
tal well-being beyond criminal activity. A significant positive association is observed
between fuel poverty and severe mental illness, with a partial correlation of 0.11, rein-
forcing the link between material deprivation and psychological morbidity. The associ-
ation profiling for green space indicates a distinct non-linear relationship that contrasts
with the monotonic protection observed for physical health. Prevalence of severe mental
illness exhibits a U-shaped association with vegetation density, with the lowest prevalence
within an intermediate NDVI range of approximately 0.5 to 0.6. This non-linear pattern
suggests that while moderate greenness may be associated with protective benefits, both
very low vegetation and very high vegetation density are associated with higher severe
mental illness prevalence in this ecological context.

These ecological results do not establish causation and may reflect unmeasured confound-
ing e.g. deprivation service access and policing intensity or bidirectional influences. Pri-
oritising violence prevention and drug harm reduction alongside mental health service
provision may nonetheless yield the greatest mental health gains at neighbourhood scale
compared with strategies focused on property crime.
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(a) Association between green space and metabolic—cardiovascular conditions
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Figure 5: Associations of neighbourhood greenness and accessibility to health-relevant
amenities with cardiometabolic and respiratory conditions.
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Figure 6: Risk of cardiometabolic and respiratory conditions in relation to neighbour-
hood greenness and accessibility to health-relevant amenities. Panels (a),(b)
and (c) present adjusted effect estimates with 95% Cls from multivariable mod-
els: (a) adjusted prevalence ratio per IQR in NDVI (green-space availability),
(b) adjusted prevalence ratio per IQR in drive time to the nearest fast-food
outlet; and (c) adjusted prevalence ratio per IQR in drive time to the nearest
leisure centre. Values < 1 indicate lower risk and > 1 higher risk. Panel (d)
shows McFadden’s pseudo-R* by outcome and domain.
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Figure 9: Associations of fuel poverty ratio with cardiometabolic and respiratory condi-

tions.
(a) copp ee0 1.197 [1.186, 1.208] | (b) copp 00257
HF 10 1.026 [1.019, 1.034] HF ©0.193
PAD ege 1.153 [1.144, 1.162] PAD ©0.151
Stroke/TIA «¢ 1,037 [1.032, 1.043] Stroke/TIA ©0.290
CHD @ 1.071 [1.066, 1.077] CHD ©0.316
Hypertension @ 1.040 [1.036, 1.044] Hypertension @0.406
Obesity o 1.147 [1.140, 1.153] Obesity ©0.203
Diabetes oo 1.149 [1.144, 1.155] Diabetes ©0.177
0.9 1.0 1.1 1.2 1.3 1.4 0.0 0.1 0.2 0.3 0.4
Adjusted prevalence ratio per IQR (= 6%) increase in the McFadden’s Pseudo R?

proportion of households in fuel poverty (95% ClI)

(c)

g 12 Scenario-P50 Scenario-P40
C
%10 Scenario-P30 Scenario-P20 W Scenario-P10
@©
fre
(]
= 8
8
>
2 6
E | |
c 4
il
©
. | l i
Q.
]
o

0

Diabetes  Obesity Hypertension CHD Stroke/TIA PAD HF COPD

Figure 10: (a) Adjusted prevalence ratios with 95% confidence intervals. (b) Model per-
formance for each condition measured by McFadden pseudo R*. (c) Popu-
lation attributable fractions for counterfactual scenarios that reset area fuel
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Figure 11: Multi-domain determinants associated with severe mental illness (SMI) preva-
lence across LSOAs in England. Top row: Correlation and adjusted associ-
ation summaries between SMI prevalence and neighbourhood determinants
spanning recorded offences (total offences per 1,000 population and selected
crime domains), fuel poverty, and green space (NDVI), with adjustment for
demographic and socioeconomic covariates as specified in the main model.
Bottom row: Exposure-range association profiles between SMI prevalence and
total recorded offences per 1,000 population, fuel poverty, and green space
estimated using restricted cubic spline models. Curves are expressed as ad-
Jjusted prevalence ratios relative to the 25th percentile of each exposure, with
covariates held at reference values. The crime and fuel-poverty curves show
strong, monotonic increases in SMI prevalence, while green space exhibits a
U-shaped association with the lowest prevalence at intermediate vegetation
density (NDVI ~0.5-0.6).
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5 Discussion

This nationwide small-area study used a semantic knowledge graph to link neighbourhood
determinants with non-communicable disease prevalence in the United Kingdom. We
combined primary-care disease registers, practice registration patterns, and multiple envi-
ronmental indicators within one interoperable infrastructure and then estimated adjusted
associations while accounting for key covariates. Interpretation requires caution because
the analysis is ecological and cross-sectional; nevertheless, the integrated evidence base
reveals consistent, policy-relevant patterns that connect modifiable determinants to health
outcomes.

First, housing energy deprivation showed consistent adjusted associations with cardiometabolic
and respiratory morbidity. Fuel poverty, as a policy-relevant proxy for the ability to
heat homes adequately, was associated with the highest estimated attributable burden
for chronic obstructive pulmonary disease (COPD) among the health outcomes assessed
in adjusted small-area (LSOA) models accounting for age structure, urban-rural status,
healthcare accessibility, and socioeconomic conditions. Scenario-based modelling con-
sistent with improvements in home heating efficiency suggests that reducing fuel poverty
could potentially avert more than 13% of the population COPD burden. Overall, these
patterns are consistent with housing warmth and energy affordability as upstream policy
levers for respiratory health, and they support integrating energy and housing policy into
chronic disease prevention strategies.

Second, spatial profiling of the built environment identified actionable proximity thresh-
olds that translate directly to place-based intervention. Better access to leisure centres
was associated with lower metabolic and cardiovascular burden when available within an
approximately 4-minute drive at the reference covariate profile. In contrast, the excess
cardiometabolic burden linked to fast-food outlet proximity diminished beyond roughly
6 minutes of drive time. Beyond this point, additional distance was associated with little
further change. Framed as determinants-to-outcomes evidence, these benchmarks sug-
gest that the largest differences in model-based burden occur within realistic and tractable
ranges of accessibility, rather than only at extremes of the exposure distribution.

Third, mental-health burden showed strong, monotonic associations with neighbourhood
harm and insecurity. Areas with higher recorded crime and higher fuel poverty had higher
prevalence of severe mental illness even after control for demographic and socioeconomic
covariates, with particularly steep gradients for antisocial behaviour, domestic abuse, and
drug-related crime. Green space supported metabolic health but exhibited a U-shaped
association with severe mental illness, with the lowest prevalence at intermediate vege-
tation density (NDVI ~0.5-0.6). This pattern is consistent with the possibility that both
very low greenness and very high greenness, which may coincide with isolation, limited
services, or restricted access, can be linked to higher mental-health burden. Intermediate
greenness may reflect environments that better balance access, activity opportunities, and
social amenity.

This work contributes methodologically by demonstrating how semantic integration can
support holistic, multi-determinant environmental health surveillance using the govern-
ment data that are currently available. Rather than analysing exposures in isolation, the
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framework allows multiple, correlated domains, namely housing energy deprivation, the
food environment, physical-activity opportunities, greenness, and neighbourhood safety,
to be queried and analysed together on a common geography, while controlling for key
covariates. The result is a reproducible, extensible evidence layer that supports consistent
comparisons from local to national scale.

The study has several strengths. It uses routinely collected health data and public environ-
mental indicators to construct a nationwide small-area evidence base. Disease prevalence
was derived from general practice registers and apportioned to residential areas through
established methods, then analysed with adjustment for age composition, urban—rural cat-
egory, healthcare accessibility, and socioeconomic status. Environmental indicators fol-
lowed transparent, reproducible definitions based on road-network travel time, satellite-
derived greenness indices, fuel poverty statistics, and recorded crime measures.

Association profiles enabled exploration of non-linear shapes and identification of simple
quantitative benchmarks, including the approximate 4-minute access threshold for leisure
centres, the ~6-minute threshold beyond which fast-food proximity associations attenu-
ate, a minimum greenness level relevant for metabolic health, and an intermediate NDVI
band (0.5-0.6) associated with the lowest severe mental illness prevalence.

Important limitations remain. The analysis is ecological and cannot attribute risk at the
individual level or rule out residual confounding. Time ordering between exposure and
outcome cannot be established from prevalence snapshots, and the scenario-based impact
metrics should be interpreted as model-based contrasts conditional on the adjustment set
rather than causal effects. People do not live their lives only within LSOA boundaries.
Daily mobility may dilute or modify residence-based indicators, and drive-time metrics
capture potential access rather than realised behaviour. Apportionment of practice-level
registers to small areas may introduce error where registration and residence are mis-
aligned, although such error would usually bias associations towards the null. Environ-
mental indicators represent specific years while disease registers and demographic co-
variates come from overlapping but not identical periods. Greenness measures describe
vegetation density but not quality, safety, accessibility, or patterns of use. Crime data
reflect recorded events and can be influenced by reporting and enforcement as well as
underlying disorder.

Despite these limitations, the analysis reflects what can currently be achieved with nation-
ally available government data: an integrated, reproducible evidence layer that supports
place-based planning and prioritisation and highlights hypotheses for follow-on evalu-
ation. By linking determinants to outcomes in a consistent small-area framework, the
results support the view that housing warmth, community safety, and everyday opportu-
nities for activity and diet correspond to measurable differences in chronic disease burden
across communities. In practice, fuel poverty reduction, violence and disorder prevention,
and improvements to activity-supportive infrastructure and healthier food environments
can be viewed as complementary levers for population health.

Future work can extend this framework in several directions as richer public releases and
linkage pathways emerge. First, routine ingestion of updated government datasets can
support repeated measurements of exposures and disease prevalence over time, strength-
ening longitudinal inference and enabling evaluation of housing, safety, and planning
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interventions. Second, the existing exposure layer can be expanded to incorporate addi-
tional behavioural signals (e.g., activity context and multimodal movement traces), im-
proving the stability and comparability of personalised exposure estimates across set-
tings and periods. Third, secure linkage to individual-level cohorts and longitudinal
primary-care records can operationalise a digital cohort, in which participants are fol-
lowed through routine data flows while maintaining a harmonised environmental evidence
layer—supporting stronger causal designs (e.g., natural experiments) and more timely as-
sessment of local interventions.
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A Appendix

A.1 Estimation of LSOA disease prevalence

This section outlines the procedure used to estimate disease prevalence at the Lower Layer
Super Output Area (LSOA) level. The objective is to redistribute aggregated case counts
from GP practices to local geographical areas by linking clinical records with patient
residence data. The calculations were performed using code provided by the House of
Commons Library [37].

We use two datasets from NHS Digital to achieve this mapping. The first is the Quality
and Outcomes Framework (QOF) database [37], which provides total counts of diagnosed
cases for specific medical conditions at each GP practice. The second is the Patients Reg-
istered at a GP Practice by LSOA dataset [63], which reports the number of patients from
each practice residing in specific LSOAs. While these datasets are generally aligned,
discrepancies occasionally arise where the sum of patients mapped to LSOAs in the res-
idence dataset does not perfectly match the official practice register in the QOF dataset
due to administrative inconsistencies. Consequently, a proportional scaling procedure is
applied to reconcile these counts before prevalence is calculated.

Let j =1,...,P index GP practices, [ = 1,...,L index LSOAs, and ¢ = 1,...,C index
medical conditions. The input data consist of O; ., the observed case count at practice
J for condition c; n;, the total number of patients registered at practice j (both from the

QOF database); and n;;, the raw count of patients registered at practice j who reside in
LSOA [ (from the Patients Registered at a GP Practice by LSOA dataset).

First, to address potential inconsistencies in the raw records, patient counts are reconciled
to match practice totals

n .

J
[y
Zﬁ:l an/

where m;; is the reconciled number of patients from practice j residing in LSOA [. By
construction, Y, m;; = n;.

mj; = nj, (A.1)

)

Next, we compute the proportion of each practice’s registered population residing in each
LSOA m
Q= —, (A.2)
nj
where @;; denotes the share of practice j’s register associated with LSOA [.

Using these proportions, practice-level cases are allocated to LSOAs

P

N = Z(Pj,l Oj, (A.3)

J=1

where N, is the allocated number of cases of condition ¢ in LSOA [. This allocation
assumes that, within each practice, the probability of diagnosis for condition c is propor-
tional to the number of registered patients residing in each LSOA (i.e. no within-practice
geographic heterogeneity in risk). Because the allocation uses fractional shares @;;, the
resulting N.; need not be an integer and is interpreted as an estimated case count.
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The total population for each LSOA is then obtained as
P
d =Y mj, (A4)
j=1

where d; is the modelled registered population residing in LSOA [.
Finally, the LSOA-level prevalence is calculated as

N, c,l
P, = —/, AS

1=y (A.5)
where P.; denotes the allocated prevalence proportion for condition ¢ in LSOA [ implied
by the GP-to-LSOA allocation. These LSOA-level population d; and prevalence estimates

P, are used in the ecological association analyses that follow.

A.2 Exposure—prevalence association analysis

We quantify associations between area-level exposures and disease prevalence. Rank-
based correlations are used for robust association summaries, while the population-weighted
linear regressions are used only to produce interpretable adjusted trend lines in figures.
We first define the ecological covariates (Section A.2.1), then introduce Spearman’s rank
correlation (Section A.2.2), extend to partial correlations adjusted for covariates (Sec-
tion A.2.3), and finally to population-weighted correlations (Section A.2.4).

A.2.1 Ecological covariates

The design matrix K comprises LSOA-level covariates included to adjust for potential
confounding in the association between ecological exposure and disease prevalence. The
construction and encoding of these covariates are described below.

Age-group composition. Each LSOA is characterised by the proportion of the population
falling into six age groups (0—14, 15-44, 45-64, 65-74, 75-84, and > 85).

Let a,,; denote the proportion of the population in age group g in LSOA [, such that
22:1 a,; = 1 for each LSOA [. To avoid perfect collinearity, we omit the 15—44 year age
group (the modal group in most LSOASs) as the reference category and represent the age
structure for LSOA [ using the vector

ap-14,
a4s5-64,
ap= | des-74] | - (A.6)
ais—g4,
a>gs |

Urban and rural classification. Urban and rural status is described using a six-level
categorical variable based on the 2021 Rural-Urban Classification (see Table A.1).
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Let S, € {RSF1,RSN1,RLF1,RLN1,UF1,UN1} denote the category code for LSOA |.
Taking RSF1 as the reference category, we represent urban—rural status for LSOA [ using
a vector of five binary indicator variables

I{S, = RSN1}
I{S, = RLF1}
§ = | I{S,=RLNI1} |, (A7)
I{S, = UF1}
I{S, = UN1}

where I{-} denotes the indicator function. This encoding treats the categories as nominal
rather than ordered.

Table A.1: Six-category urban and rural classification used in the analysis.

Code  Description

RSF1  Smaller rural and further from a major town or city
RSN1  Smaller rural and nearer to a major town or city
RLF1  Larger rural and further from a major town or city
RLN1 Larger rural and nearer to a major town or city
UF1 Urban and further from a major town or city

UNI1 Urban and nearer to a major town or city

Scalar covariates. Additional socioeconomic covariates are drawn from the Indices of
Multiple Deprivation (IMD) dataset [58]. For each LSOA [, we include key domain-level
deprivation scores as continuous variables, collected in the vector

Income Score;
Education, Skills and Training Deprivation Score,
G = Employment Deprivation Score; . (A.8)
Wider Barriers Sub-domain Score;
Outdoors Living Environment Score,

We use the raw scores rather than ranks to preserve the magnitude of differences in depri-
vation between areas.

Design matrix of control variables. For implementation in the partial correlation regres-
sions, the LSOA-level covariates defined above are assembled into the design matrix K.
The [-th row of K corresponds to the covariate profile of LSOA [, defined as the vector k;

1
k = fsﬁ : (A.9)

G

where the leading 1 is needed to include an intercept in the regression, ensuring that
the resulting residuals have mean zero (or weighted mean zero in the weighted case),
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which is required for the subsequent correlation calculations. The full design matrix K is
constructed by stacking the transposed vectors k; for all LSOAs

k=1|:]. (A.10)

A.2.2 Spearman rank correlation

Let E,; and P.; denote the ecological exposure to feature x and the allocated prevalence
of condition ¢ in LSOA [, respectively. Let E, and P, be vectors of length L representing
ecological exposure to feature x and allocated prevalence of condition ¢ for LSOAs [ =
1,...,L.

The ecological exposure and allocated prevalence are ranked
{R)(CE) = rank(E,),

r
A1l
R® = rank(P,), ( )

c

where rank(-) returns the rank of each entry in its argument, with average ranks assigned

to equal values. The vectors RY and R™ denote the ranks of ecological exposure to
feature x and allocated prevalence of condition c, respectively, across LSOAs [ =1,... L.

Spearman’s rank correlation coefficient ps . . is defined as the Pearson correlation between
the ranked variables. All correlations are computed across LSOAs.

L _ _
¥ (RY &Y (R -RD)
S—— , (A.12)

S.x,c
5 (68 -R0) £ (w0 )
=1\ =\

where R)((E) and REP) denote the sample means of the rank vectors. This definition naturally
accommodates tied ranks.

A.2.3 Partial Spearman rank correlation

Partial Spearman rank correlation extends the rank-based analysis to adjust for confound-
ing ecological factors. Let K denote a design matrix of covariates, as detailed in Sec-
tion A.2.1. We isolate the association between exposure and prevalence by removing the
linear effects of the covariates in K.

Specifically, we project the rank vectors onto the column space of K and compute the
corresponding residuals

(A.13)



where R B and R are the column vectors of ranks defined in Equation (A.11). The

residual vectors 8,5 and &l represent the components of the exposure and prevalence

ranks not explained by the ecological covariates.

The partial Spearman rank correlation is then defined as the Pearson correlation between
these residuals

(A.14)

=1 ' =1

prc|K ;
Low® ey & e ey
\/E (8;5.1) — & )) )} (85,1) — & ))
where £ and ") denote the sample means of the residual vectors.

A.2.4 Population weighting for partial correlation and visualisation

To account for variation in population size across LSOAs, we extend the partial Spearman
rank correlation to incorporate population weights. The weight w; for LSOA [ is defined

as the normalised population
d
Wy = — (A.15)
Y YL dy

where d, is defined in Equation (A.4). By construction, Zlel w; = 1.
The diagonal weight matrix W collects the weights for all L LSOAs

W = diag(wy,wy,...,wr). (A.16)

Standard ranks are replaced by weighted Ridit scores [16]. The weighted ranks for ecolog-
ical exposure and prevalence are defined as cumulative weighted population proportions

E.w
REY= L wel T ow
E,/<EX, lE,/E]
(A.17)
- ¥ wed ¥ow
Py <P 1" P.p=F.

where the index [’ iterates over all LSOAs.
Weighted least squares residuals are then obtained by regressing the weighted rank vectors
on the covariate matrix K

W _K(K"WK)'KTWRE™),

X

—K(K"WK) 'K"TWRP™),

c

(A.18)

—_——
o M
GG
oz
(I
R
) ™
K

where R\" ™) and R( ") denote the column vectors of weighted ranks.
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The population-weighted partial Spearman rank correlation is then defined as the weighted
Pearson correlation between these residuals

L

lzl W, (é?,w) _ é)EE7W)) (8(P,w) - éC(P,w))

c,l

)

PSmei = - - 7 (A.19)
w —(E,w)\ 2 W —(P,w)\2
\/E1 wi(el7™ — ™) r w (el — &™)
where the weighted means are given by
L
=(Ew) _ Zwl e(E,W)
X x,l )
7 (A.20)

L
C(P,w) _ ZWI gfi,w).
I=1

Equation (A.19) was used to calculate the values of the Spearman rank correlation coeffi-
cients (labelled ps) that appear in the insets on Figures 5, 9, and 11.

A.2.5 Visualisation of adjusted trends

Partial Spearman rank correlation coefficients summarise the strength and direction of
monotonic associations between ecological exposures and disease prevalence and are ro-
bust to skewness and outliers. Because these coefficients are computed on ranks, they
do not yield changes in prevalence per unit change in exposure. For visualisation, we
therefore also report covariate-adjusted association trend lines in Figures 5, 9, and 11.

Trend lines are estimated using population-weighted linear regressions of allocated preva-
lence on the ecological exposure and covariates. Predicted prevalence is evaluated as a
function of exposure, with all covariates fixed at their unweighted sample means across
LSOAs

px,c<ex) = Yrclx + Z%,x,cl_cm (A21)
h

where the index / runs over the intercept and all ecological covariates, and
- 1 &
ky = sz’“’ (A.22)
=1

is the unweighted sample mean of the h-th covariate in the vector k; defined in Equa-
tion (A.9). For clarity, the regression fit is population-weighted, but the reference covari-
ate profile used for visualisation is the average across LSOAs (each LSOA contributing
equally).

In Equation (A.21), Px’c(ex) denotes the predicted prevalence of condition ¢ at exposure
level e, for feature x (e.g. drive time in minutes or NDVI). The coefficient ¥, . represents
the linear association between exposure and prevalence. The summation term is invariant
in e, and fixes the remaining covariates at k;,, using exposure—condition—specific coeffi-
cients %, ... Consequently, the trend lines describe the adjusted exposure—prevalence rela-
tionship across the observed range of e, and provide an interpretable visual complement
to the rank-based partial Spearman correlation coefficients used for inference.
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A.3 Exposure-—prevalence association modelling framework

This section describes the exposure—prevalence modelling framework used to estimate
how the magnitude of ecological exposures is associated with the variation in LSOA-level
disease prevalence. The framework allows for flexible non-linear relationships, enabling
the association to vary non-linearly, plateau or change across the exposure range [27].

A.3.1 Exposure transformation

The ecological exposure metrics differ in scale and units. NDVI and the fuel-poverty
rate are proportions and hence take values in [0, 1]. By contrast, drive-time accessibility
(to food retail and leisure facilities) and the crime rate are non-negative and unbounded
above, i.e. they take values in [0, o).

Each exposure E, is transformed via

B {logit(ExJ), NDVI, fuel poverty, (A23)

log(1+E.,), accessibility, crime,

where logit(u) = log(u/(1 —u)). These transformations improve numerical robustness
and enable the restricted cubic spline to represent flexible non-linear associations across
the observed exposure range.

More generally, let z,(e,) denote the transformed exposure obtained by applying the sta-
bilisation and transformation described above to a generic exposure level e,.

A.3.2 Poisson regression model

For each condition ¢ and LSOA [, we model the allocated case count N,; from Equa-
tion (A.3) using a log-linear mean model with an offset for the LSOA population d;.
Because N, is an allocated (and generally non-integer) case count, we use a working
Poisson likelihood as a convenient estimation device for the conditional mean; inference
is based on robust (sandwich/Huber—White) standard errors. Formally, we write the work-
ing model as

N.; ~ Poisson(fL ), (A.24)
with linear predictor
log(ux,c,l) = log(dl) =+ nx,c,l(ex,l)u (A25)
where log(d)) is an offset term and
nx,c,l(ex,l) - fx,c (Zx(ex,l)) + Zﬁh,x,c kh,l- (A26)
h

Here, f, .(z:(ex,)) is a non-linear exposure contribution, z,(e, ) is the corresponding trans-
formed exposure, kj; denotes the h-th adjustment covariate in LSOA [ (including the
intercept), and f3, .. are the corresponding regression coefficients for exposure x and con-
dition c.
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The non-linear exposure term f, .(-) is represented using a restricted cubic spline (RCS)
with V = 4 basis functions

fxc Zx Zﬁviplme VX Zx (A27)

where B, ,(+) is the v-th spline basis function for exposure type x and ﬁéxplm 1s its associ-

ated coefficient. The spline basis is linear below the first knot and above the last knot.

For each exposure variable x and condition ¢, a design matrix is formed by combining
the ecological covariates k;,; with the RCS basis functions B, ,(z,) evaluated at the trans-
formed exposure values. LSOAs with missing exposure, missing covariates, non-positive

population denominators, or missing outcome data are excluded prior to fitting. The co-

variate coefficients f3,, . and the spline coefficients ﬁv}pime forv=1,...,V are estimated

jointly by maximum likelihood under the working Poisson likelihood with offset log(d;),
and robust standard errors are used for uncertainty quantification.

All analyses were implemented in Python. The generalised linear models were fit using
statsmodels [82, 88], spline design matrices were constructed using patsy [85], and
data handling and numerical computations used pandas [57, 95] and NumPy [34, 64].
Statistical functions were obtained from scipy [96, 101]. Figures were produced using
Matplotlib [40, 94].

A.3.3 Model-based prevalence and number of cases

We use the Poisson regression model in Equation (A.25) to evaluate the model-based
prevalence rate as a function of the level of ecological exposure e, ; to feature x in LSOA [

A

Ax.,c.,l(ex,l) — exp(ﬁx,c,l(ex,l))‘ (A28)

The expected case count in LSOA [ is

A~

foci(ewr) = diAcei(en), (A.29)

and the corresponding total number of cases

A

];c,c = x,c,l (ex,l)~ (A30)

M=

~

1

A.4 Effect measures from the exposure—prevalence association model

This section defines the scalar summaries reported in the main text and figures, all com-
puted from the fitted Poisson exposure—prevalence association models.
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A.4.1 Adjusted prevalence ratios

For any two exposure scenarios A and B (defined as two LSOA-level exposure vectors
{e)(fl) } and {eii)}), we define the adjusted prevalence ratio as

aPRM(A, B) = - .
ZIL:1 ux,c,l(e)(f[))

(A.31)

Confidence intervals for aPR, . were calculated using robust (Huber—White) standard er-
rors [102, 108] and a Wald approximation. The 95% confidence interval is calculated
as

[GXP (AﬁaPR,x.c —1.96- SErobust,x,c); eXp (AﬁaPR,x,c + 1.96- SErobust,x,c>i| ) (A32)

where Af),pr . is the difference in log total predicted cases between scenarios A and B

L L
Afuprce = log (Z ﬂx,ameii?)) —log (Z ﬂx,c,z(ei‘,’?)> , (A.33)
=1 =1

and SE;obust xc 18 the robust standard error of Afj,pr .., computed using the delta method
by treating Afj,pr .. as a differentiable function of the fitted Poisson regression coeffi-
cients (including spline and adjustment terms). We combined the resulting gradient with
the Huber—White (sandwich) robust covariance matrix of the fitted coefficients to obtain

\//z;r(AﬁapRM), and set
SErobust,x,C =YV Vgr(AﬁaPR,x,L“)- (A34)

As a fallback when the Huber—White calculation was numerically unstable, we used the
default model-based (non-robust) covariance matrix returned by maximum likelihood.

Model fitting and inference were performed in Python using statsmodels [82].

A.4.2 Interquartile range
For empirical analyses, we use the interquartile range (IQR) contrast
aPRIQR’x’C = aPRx’c (A,B), (A35)

where scenarios A and B are defined by the constant (LSOA-invariant) exposure vectors

) = 0.(75),

A.36
e = 0,(25). (A36)
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A.4.3 Relative risk with specified baseline

Adjusted prevalence ratios can be interpreted as model-based relative risks (RR) when
computed relative to a specified baseline exposure scenario. For any exposure scenario A
and baseline scenario B, define

RR, (A) = aPR, (A,B), (A.37)

where the baseline exposure scenario B is the constant (LSOA-invariant) exposure vector

= I=1,...,L, (A.38)

x,l

) {Qx(75 ), for protective exposures,

0,(25), for harmful exposures.

with Q,(p) denoting the pth percentile of the distribution of exposure x across LSOAs.

A.4.4 Population attributable fraction under percentile capping

The Population Attributable Fraction (PAF) [54] provides a model-based summary of how
the fitted exposure—prevalence association translates into differences in the expected num-
ber of cases under a specified alternative exposure distribution, with all other covariates
held fixed. We report PAF values as model-implied quantities: they describe changes in
expected cases under the fitted Poisson model and do not, by themselves, establish that
changing exposure would causally change prevalence.

The total expected number of cases under the observed exposure distribution is

L
Tobs,x,c = Z.ax,c,l(Ex,l)a (A39)
=1

where E, ; is the observed raw exposure for LSOA /.

We define an alternative scenario in which raw exposures are capped at a percentile thresh-
old 6

£ _

x, T

{min{Exvl, 0.(0)}, for harmful exposures, (A.40)

max{E,;, 0,(100—6)}, for protective exposures,

where Q,(-) denotes the empirical percentile function of the raw exposure distribution.

Expected cases under this alternative scenario are obtained by transforming E)E? through

the same mapping z,(-) used in the model fitting, rebuilding the spline basis terms B, for
the alternative exposure values, and evaluating the fitted model while keeping the non-
exposure covariates fixed at their LSOA-specific values kj,;

log(f1!%)) = log(d)) + s (ES)), (A.41)
where f),.,(+) is defined as per (A.26).

The total expected number of cases under the alternative is
- 0 (6)
Toxe = ) Rici (A.42)
=1
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The PAF is then T
PAF,,, = 1 — 2%

(A.43)

obs,x,c

Under the fitted model, this quantity corresponds to the proportionate reduction in ex-
pected cases when exposures are set to (or improved to) the chosen percentile threshold,
holding non-exposure covariates fixed.

A.5 Strict McFadden pseudo R-squared

To assess goodness-of-fit, we use the strict McFadden pseudo-R? [3] for each fitted model.

Let /gy, denote the maximised log-likelihood of the full Poisson model for exposure x
and condition ¢ in Equation (A.25)

L

gfullmc - Z <Nc,l log(;ax,c,l) - ilx,c,l - 10g l—‘(]\/Vc,l + 1)) 3 (A44)

=1

where logI'(N,; + 1) is constant with respect to the model parameters.

Next, let £y x denote the maximised log-likelihood of the corresponding null model,
fitted on the same LSOA sample and using the same offset log(d;). The null model

log (1)) = log(d)) + By (A45)
is fitted to the number of observed cases N, ; of condition ¢ each LSOA [, where Bo(f;‘il)
is the intercept parameter of the null model, representing a single common log-rate for

exposure x and condition ¢ across all LSOASs, so that log ( ﬂf‘:}l) /d)) = é:l‘fl]) for all 1.
The strict McFadden pseudo-R? is then defined as

R2 1 gfullg@c
McFx,c — +

(A.46)

fnull,x,c

A.6 Traceability of figure quantities
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Table A.2: Summary of equations used to generate quantities shown in figures.

Figure Equation Quantity computed

3 (A.5) LSOA-level prevalence proportion P.; = N, /d; used to map disease prevalence.

5 (A.19) Population-weighted partial Spearman rank correlation pév;)d x (values shown in figure in-
sets).

5 (A.21) Adjusted trend line / predicted prevalence vs. exposure Py .(e,), obtained by evaluating
covariates at reference values (visualised adjusted association).

6 (A.35) Adjusted prevalence ratio per IQR contrast aPRjqr v from the fitted Poisson exposure—
prevalence association model (effect size panels).

6 (A.46) Strict McFadden pseudo—R2 RIZ\ACF’ e (model performance panel).

7 (A.37) Model-based relative risk RRy - (A) used for the vertical axis of exposure—prevalence asso-
ciation curves (here A denotes the scenario in which exposure is set to a given level).

9 (A.19) Population-weighted partial Spearman rank correlation péﬁ)‘c‘ g (fuel poverty vs. car-
diometabolic outcomes association summaries).

9 (A.21) Adjusted trend line / predicted prevalence vs. exposure P, . (e,) (visualised adjusted associ-
ation).

10 (A.35) Adjusted prevalence ratio per IQR contrast aPRiqr x . (panel a).

10 (A.46) Strict McFadden pseudo-R* R}y , . (panel b).

10 (A.43) Model-implied population attributable fraction PAFg,. = 1 — Ty ./Topsxe under
percentile-capping scenarios (panel c).

11 (A.19) Population-weighted partial Spearman rank correlation pé\jc)c‘ x (SMI vs. exposures associ-
ation summaries).

11 (A.37) Model-based relative risk RR, . (A) for SMI exposure—prevalence association curves (lower
panels; here A denotes the scenario setting exposure to a given level e, expressed relative
to the baseline defined in Equation (A.38) per caption).

A.7 Nomenclature
Table A.3: Summary of parameters and symbols.
Symbol Description

Indices and sets

X T N >R 0 <N NAO

Total number of medical conditions.

Total number of LSOAs.

Total number of GP practices.

Number of restricted cubic spline basis functions.

Medical condition index (¢ = 1,...,C).

Age-group index (g € {0-14, 15-44, 45-64, 65-74, 75-84, > 85}).
Covariate index (including the intercept) in k; and coefficient vectors.
GP practice index (j = 1,...,P).

LSOA index (I = 1,...,L); I’ denotes a dummy LSOA index in summations.
Spline-basis index (v = 1,...,V) (restricted cubic spline basis functions).
Exposure-feature index.

Observed and constructed population / prevalence quantities

Nc,l
Oje
Pc,l
4
ij
nj
I’ljﬁ]

Pj1

Estimated number of cases of condition ¢ in LSOA [, Eq. (A.3).

Observed QOF case count for condition ¢ at GP practice j.

Allocated prevalence proportion for condition ¢ in LSOA [, P.; = N;/d;, Eq. (A.5).
Modelled registered population in LSOA [, d; = ):le mj i, Eq. (A.4).

Reconciled count of patients from practice j residing in LSOA [, Eq. (A.1).

Total number of patients registered at GP practice j (QOF denominator).

Raw count of patients registered at practice j who reside in LSOA [ (residence dataset).
Share of practice j’s register residing in LSOA I, @;; = m;;/n;, Eq. (A.2).

Continued on next page
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Table A.3 — continued from previous page

Symbol Description

Ecological exposures and transformations

E, Column vector collecting E,; over [ = 1,...,L.

Ey; Raw ecological exposure value for feature x in LSOA 1.

ey Generic (scalar) exposure level at which exposure—prevalence functions are evaluated.
Zx(ex) Transformation mapping applied to a raw exposure level ey.

Zyl Transformed exposure for feature x in LSOA [, Eq. (A.23).

Covariates and design matrices

K L x p design matrix of ecological covariates; row / equals le, Eq. (A.10).

S Six-level rural-urban classification code for LSOA .

ag Proportion of the population in age group g within LSOA [; ¥, a,; = 1.

a Age-composition vector for LSOA [ (reference group 15-44 omitted), Eq. (A.6).
kn1 Value of covariate & in LSOA [.

k; Column covariate vector for LSOA [ (including intercept), Eq. (A.9).

kr, Sample mean of covariate / across LSOAs, k, = 1 ¥¥ | &y, Eq. (A.22).

8 Urban/rural indicator vector for LSOA [ (non-reference categories), Eq. (A.7).

4] Vector of scalar IMD-domain covariates for LSOA [, Eq. (A.8).

Spearman rank correlation coefficients (unadjusted, partial, and weighted)

RiE) Vector of ranks of E, ; across LSOAs, Eq. (A.11).

R‘ilvz,'w) Weighted Ridit score for exposure Ey ;, Eq. (A.17).

RE»P) Vector of ranks of P.; across LSOAs, Eq. (A.11).

Rg’w) Weighted Ridit score for prevalence P, Eq. (A.17).

w Diagonal weight matrix, W = diag(w,...,wr), Eq. (A.16).

wy Population weight for LSOA [, w; = dl/Zﬁzl dy, Eq. (A.15).

s,iE) Residual vector of exposure ranks after projecting R)(CE) onto K, Eq. (A.13).
S)EE‘W) Weighted residuals of exposure Ridit scores after WLS on K, Eq. (A.18).
sc(.P) Residual vector of prevalence ranks after projecting RE.P> onto K, Eq. (A.13).
sﬁp‘w) Weighted residuals of prevalence Ridit scores after WLS on K, Eq. (A.18).
DS x.c Spearman rank correlation between Ey; and P.; across LSOAs, Eq. (A.12).
Ps.x.clk Partial Spearman rank correlation adjusted for covariates K, Eq. (A.14).
pégc‘ X Population-weighted partial Spearman rank correlation, Eq. (A.19).

Adjusted trend visualisation (linear model)

Pc(ey) Predicted prevalence vs. exposure used for adjusted trend lines, Eq. (A.21).
Yre Exposure slope coefficient in the (population-weighted) linear regression used for visualisation,
Eq. (A.21).

Poisson exposure—prevalence association model

By« (2x) v-th restricted cubic spline basis function for exposure x evaluated at z, Eq. (A.27).
Sre(2) Non-linear exposure contribution on the log scale (restricted cubic spline in z), Eq. (A.27).
Bhx.c Poisson regression coefficient for covariate & (including intercept) for exposure x and condition
¢, Eq. (A.20).
fyjfime) Coefficient of spline basis function B, (-), Eq. (A.27).
Nyct(exs) Poisson linear predictor (log-rate, excluding offset) at exposure e, ;, Eq. (A.26).
ix‘c,l(ex,l) Model-based prevalence rate in LSOA [ at exposure e ;, Eq. (A.28).
Mol Poisson mean (expected case count) for exposure feature x and condition ¢ in LSOA [, Eq. (A.24).
Decc Fitted Poisson mean under exposure feature x and condition ¢, Eq. (A.25).

Effect measures derived from the fitted exposure—prevalence association model

E )E?) Percentile-capped (counterfactual) exposure for feature x in LSOA [, Eq. (A.40).
PAFg . Model-implied population attributable fraction under percentile capping, Eq. (A.43).
0x(p) Empirical p-th percentile of the raw exposure distribution for feature x.

Continued on next page
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Table A.3 — continued from previous page

Symbol Description

RR.(A) Model-based relative risk for scenario A relative to the baseline scenario, Eq. (A.37).
SErobust x,c Robust (Huber—White) standard error used for Wald confidence intervals, Eq. (A.32).
Tobs.x.c Total expected cases under observed exposures, Eq. (A.39).

Ty xc Total expected cases under the percentile-capped scenario.

aPRIQR x¢ Adjusted prevalence ratio for an IQR contrast, Eq. (A.35).

aPR, .(A,B) Adjusted prevalence ratio comparing exposure scenarios A vs. B, Eq. (A.31).

AT)apR x.c Difference in log total predicted cases used to calculate adjusted prevalence ratio, Eq. (A.33).
,ﬂi?l Fitted counterfactual Poisson mean under percentile capping, Eq. (A.41).

0 Percentile threshold used in exposure-capping scenarios.

Model fit summary

Ri,lcp,x,c Strict McFadden pseudo-R?, Eq. (A.46).

Lrull e Maximised log-likelihood of the full Poisson model, Eq. (A.44).

Loullx.c Maximised log-likelihood of the intercept-only null model, Eq. (A.45).

ﬁé:ﬂl) Intercept parameter in the null model, Eq. (A.45).

Operators and typographic conventions

E[] Expectation operator.

I{-} Indicator function (1 if condition holds; 0 otherwise).

rank(-) Sample rank operator; ties receive average ranks.

(E),(P) Superscripts indicating quantities constructed from exposure vs. prevalence ranks.
(null) Superscript indicating the intercept-only null model.

(w) Superscript indicating population weighting (via w; or W).

(8) Superscript indicating a percentile-capped counterfactual scenario.
T Transpose.

h Bar accent indicates a mean quantity.

° Hat accent indicates an estimated or fitted quantity.

Acronyms

GP General Practice.

IMD Indices of Multiple Deprivation.

LSOA Lower Layer Super Output Area.

NDVI Normalised Difference Vegetation Index.

QOF Quality and Outcomes Framework.

RCS Restricted cubic spline.
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