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Chapter 1

Abstract

Ambient air pollution, especially fine particulate matter (PM2.5), has been

widely documented as a major global health concern linked to premature

mortality and various chronic conditions. However, key limitations persist

in the literature, including sparse individual-level data, imprecise histori-

cal exposure assessments, and uncertain confounding mechanisms. The UK

Biobank, with its large sample size (>500,000 participants), comprehensive

set of covariates, and detailed residential histories, provides an ideal platform

to overcome these limitations. This thesis aims to quantify the chronic health

effects of PM2.5 using novel linkage frameworks, state-of-the-art epidemiolog-

ical designs, and extensive confounder adjustment.

First, a linkage framework was developed to assign daily PM2.5 exposures

at a 1 × 1 km spatial resolution to each participant’s residential address,

accounting for changes in address over time. Second, time-to-event analyses

were conducted using Cox Proportional Hazards models with time-varying

exposures to estimate associations between chronic PM2.5 exposure and all-

3



cause and cause-specific mortality, and cardiovascular hospital admissions.

These models were further enhanced with distributed lag approaches to cap-

ture long-term lag structures. Finally, potential confounding pathways were

examined using both individual-level (e.g., smoking, body mass index, phys-

ical activity) and area-level (e.g., neighborhood deprivation) data, facilitated

by directed acyclic graph (DAG) analyses and stratified regression. The

exposure-linkage process yielded high-resolution daily PM2.5 estimates for

the entire UK Biobank cohort, revealing substantial spatiotemporal hetero-

geneity. The output of the survival models demonstrated that participants

exposed to higher levels of PM2.5 experienced elevated risks for both all-

cause and cardiovascular mortality, with effects persisting at relatively low

pollutant concentrations. Analyses of hospital admissions underscored asso-

ciations between PM2.5 and an array of cardiovascular outcomes, including

stroke subtypes and myocardial infarction. Distributed lag analyses indicated

that 1-year and 3-year exposures exerted significant impacts, while 5-year av-

erages sometimes revealed larger cumulative risks. Additional exploration of

confounding established that area-level covariates, in particular recruitment

centre and deprivation as well as individual behaviors each contributed to

partially attenuating but not eliminating PM2.5-related associations, high-

lighting a complex relationship between pollution levels and socio-behavioral

factors.

These findings extend prior evidence by pinpointing key methodological ad-

vances in long-term PM2.5 exposure assessment, demonstrating that tempo-

rally refined and spatially granular pollution models can uncover associations

obscured in coarser exposures. The results also show that confounders at both

the individual and neighborhood levels are relevant to unbiased risk estima-
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tion, reaffirming the necessity of multi-scale data integration. Notably, the

analyses highlight that meaningful health impacts may occur below current

UK national regulatory thresholds, raising important public health questions

regarding existing air quality standards.

This thesis demonstrates that integrating rich cohort data with high-resolution

spatiotemporal air pollution estimates enables more accurate quantification

of long-term PM2.5-related health risks. Results emphasize that carefully

addressing exposure assignment and multifactorial confounding can substan-

tially refine effect estimates. The observed associations persist at relatively

low exposure levels, suggesting a need for continued regulatory efforts. Be-

yond producing robust estimates for the UK context, the frameworks de-

scribed here can be applied to other cohorts and environmental exposures,

ultimately informing global strategies to reduce pollution-related disease bur-

dens.
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Chapter 2

Introduction

Ambient air pollution, and in particular fine particulate matter (PM2.5), is

a leading environmental risk factor, contributing substantially to early mor-

tality and increased morbidity worldwide. While decades of epidemiological

research have established consistent associations between PM2.5 and adverse

health outcomes — including cardiovascular disease, respiratory dysfunction,

and, more recently, metabolic and neurological conditions — major uncer-

tainties remain regarding the precise magnitude of these risks, the adequacy

of existing regulatory thresholds in specific countries, and the mechanisms

through which pollution drives chronic disease development.

A core challenge lies in the accurate reconstruction of long-term exposures

at the individual level: many early cohort studies relied on sparse or central-

ized monitoring networks that provided only broad estimates of population

exposure. Consequently, potential heterogeneity in pollutant concentrations

(e.g., urban vs. rural areas) was sometimes masked, leading to measurement

errors that could dilute or bias observed relationships. Equally critical is
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the failure of many studies to address the temporal complexity of exposure,

frequently collapsing multi-year PM2.5 data into a single baseline measure

that ignores meaningful fluctuations over time or potential lag structures in

health effects.

Another persistent limitation is the inability to capture important sources of

confounding. Although individual lifestyle factors—such as smoking, body

mass index, and physical activity—are well-recognized in public health re-

search, many large-scale administrative datasets do not collect or update

such information at the granularity required for rigorous confounder con-

trol. Compounding this problem, residential mobility over the life course can

significantly alter an individual’s exposure profile. Failure to track address

histories or to update exposure estimates accordingly may lead to underesti-

mation or misclassification of risks, particularly for studies spanning multiple

years or even decades. These issues become particularly salient when exam-

ining chronic, progressive health outcomes like cardiovascular disease, where

the timing and duration of pollutant exposure may be especially crucial.

In the United Kingdom, a significant proportion of prior research on PM2.5

has employed annual or single-time-point estimates from land-use regres-

sion models, with relatively coarse spatial coverage. While these methods

have yielded valuable insights, they tend to overlook within-region variabil-

ity and temporal changes in PM2.5 concentrations, especially beyond major

metropolitan areas. Moreover, UK-based studies often lack individual-level

data on critical covariates or rely on area-level socio-economic proxies, poten-

tially leaving important confounding pathways unexplored. In some cases,

missing exposure data for regions like Scotland has forced investigators to

exclude those participants, constraining the generalizability of their findings.
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Against this backdrop, the need for comprehensive, high-resolution data that

can account for residential mobility and capture nuanced pollution gradients

has become increasingly evident—especially as pollution levels in the UK

have undergone substantial secular declines over the past two decades.

The UK Biobank offers a powerful platform to address these limitations

and deepen our understanding of air pollution’s long-term health impacts.

With more than half a million participants, detailed questionnaires, medical

examinations, and linkage to national health registries, it provides a rare

combination of size and depth. Crucially, the dataset includes full residential

histories at fine spatial resolution, permitting the assignment of individu-

alized PM2.5 exposures that can be updated over time and aligned with

specific follow-up windows. This level of detail enables sophisticated analy-

ses that can disentangle short-, medium-, and long-term associations, while

also assessing the role of potentially sensitive exposure periods. Moreover,

the UK Biobank’s robust measurements of individual- and area-level con-

founders—encompassing socio-economic status, lifestyle behaviors, comor-

bidities, and more—allow researchers to more accurately isolate the pollutant-

related risks, shedding light on differential vulnerabilities across subgroups

of the population.

Within this context, the goal of the current work is to leverage the UK

Biobank’s extensive repository of individual-level data and link it with high-

resolution spatiotemporal PM2.5 models. By reconstructing detailed expo-

sure trajectories and applying advanced statistical methods such as time-

varying survival analyses and distributed-lag approaches, this thesis aims

to capture the complexity of the pollution–health relationship in the UK

setting. Specifically, it explores whether the duration and timing of PM2.5
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exposure—rather than simple average concentrations—drive risks of prema-

ture mortality and cardiovascular events, and whether these risks remain

detectable at levels below national and international regulatory thresholds.

In doing so, the research addresses critical evidence gaps regarding the tem-

poral dimensions of PM2.5 exposure, residual confounding patterns, and the

extent to which low-level pollution still contributes to the public health bur-

den. By integrating detailed exposure assessment, thorough confounder con-

trol, and large-scale longitudinal data, the thesis attempts to improve current

estimates of air pollution’s health impacts that can inform subsequent epi-

demiological investigations throughout the UK and beyond.
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Chapter 3

Aim and objectives

3.1 Aim

In this PhD project, I aimed to enhance our knowledge of the long-term effects

of PM2.5 on health outcomes through the investigation of the large prospec-

tive UK Biobank cohort, making use of high-resolution spatio-temporal ex-

posure maps and state-of-the-art epidemiological methodologies. The con-

ceptual framework that encapsulates this research is shown in figure 3.1.

3.2 Specific objectives

1. To link residential history records and high-resolution PM2.5 maps to

reconstruct individual-level daily exposure profiles for all the UKB par-

ticipants.

2. To evaluate existing epidemiological designs and statistical methods

aimed at studying health risks associated with chronic exposure to PM2.5

with specific focus on approaches that facilitate the integration of de-
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tailed individual-level data and the investigation of lagged temporal

associations.

3. To apply methods from the previous objective to analyse the impact of

long-term exposure to PM2.5 on premature mortality and hospitaliza-

tions for cardio-respiratory outcomes using the large and rich database

of the UK Biobank cohort.

4. To evaluate confounding mechanisms affecting cohort analyses on long-

term exposure to air pollution from theoretical and practical perspec-

tives.

Figure 3.1: Conceptual framework of outdoor exposure to PM2.5 and health
outcomes.
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Chapter 4

Definition of PM2.5 and

harmful effects

4.1 Definition of PM2.5

Particulate matter (PM) is a significant pollutant comprising a mix of solid

particles and liquids in the air[1]. It originates from various natural and

anthropogenic sources, contributing to its ubiquitous presence in the atmo-

sphere[2]. The majority of PM is produced by human activity, including

combustion processes such as vehicle and industrial emissions, as well as

house heating using fossil fuels [3, 4]. Additional important anthropogenic

sources span from agriculture, such as livestock farming, and construction

and demolition sites to biomass combustion for household activities[5, 6].

These various sources release particles that can be highly heterogeneous in

their composition, mainly consisting of heavy metals, organic matter, soot

and sulphates[2]. PM is typically defined based on the size of these particles:
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PM10, the larger inhalable particles, must have a diameter not larger than 10

micrometres, while PM2.5, the fine particles, are limited to 2.5 micrometres

and are considered the most dangerous for human health. Further down, ul-

trafine particles (UFP or PM0.1) are also present and originate not only from

combustion but also from gas-to-particle conversion processes. Although his-

torically less studied due to limited data availability, recent advancements in

measurement technology and modeling have made their investigation possi-

ble. The presence of PM in different sizes exacerbates air pollution along with

other pollutants, such as NO2 and O3, which as standalone and synergically

create a health burden to populations all over the planet[1, 7].

4.2 Physiological effects and cardiovascu-

lar diseases

PM, particularly PM2.5, has long been part of the list of risk factors con-

tributing to the global burden of disease and recognised as one the major

causes of early death[8]. The scientific literature has produced evidence of its

adverse effects on many health outcomes experimentally and epidemiologi-

cally. Investigation of biological mechanisms through which PM exerts its

action is still ongoing[9], but specific physiological pathways have been identi-

fied[10]. One central mechanism involves increases in oxidative stress, where

the fine particles induce the production of reactive oxygen species (ROS)[11].

This oxidative stress can lead to cellular and tissue damage, contributing to

the onset and progression of various diseases. Metabolism dysregulation is

another critical pathway[12]. PM has been linked to alterations in metabolic

processes, which can result in disorders such as obesity, insulin resistance,
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and Type 2 diabetes. Tissue inflammation is also an investigated response to

PM exposure[13, 14]. The inhalation of fine particles can cause inflammation

in the respiratory tract, which can then spread systemically, affecting organs

and tissues throughout the body. Chronic inflammation is a known risk factor

for many chronic diseases, including atherosclerosis[15]. Epigenomic changes

represent another significant area of impact[16]. Exposure to PM can mod-

ify gene expression without altering the underlying DNA sequence. These

epigenetic changes can impact cellular function and contribute to long-term

health effects, including an increased risk of chronic diseases.

Although it is now well-established that PM2.5 impacts health through mul-

tiple complex biological pathways, it is also clear that most of them are

critical contributors to the development of cardiovascular diseases. Partly

for this reason, cardiovascular conditions have become a central focus in

both experimental and epidemiological research on the health effects of air

pollution.

4.3 Impact of exposure windows on health

Assessment of when air pollution and environmental exposures, in general,

exert their most detrimental impact can be formulated in two general cate-

gories: acute and chronic effects[17, 18]. They can be related to similar bi-

ological mechanisms described above but are characterised by different time

frames in which pollutants increase the risk of a clinical event[19]. Regarding

acute effects, the onset is mainly linked with ambient air pollution expo-

sures experienced during the days preceding the event[17]. In this context,

sudden changes in risk factors appear to cause the event directly. The sub-
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jects with the event typically carry underlying vulnerabilities (such as old

age or comorbidities) that make them prone to developing an acute clini-

cal condition within hours or days of exposure to relatively high pollution

levels. In this case, air pollution exposure acts as the trigger for the oc-

currence of the case[17]. On the other hand, the development of chronic

conditions is associated with exposures cumulated over a long time frame,

from years to decades. Therefore, long-term exposure to air pollutants does

not trigger the occurrence of the acute event[19]. Still, instead, it favours

its corresponding adverse physiological mechanisms, such as the develop-

ment of atherosclerotic plaques, cardiovascular remodelling and changes in

the epigenetic and immunologic makeup [16, 20–22]. Health risks related to

long-term exposure are more of interest as they are linked with a substan-

tially higher health burden[7]. However, due to more complex and expensive

exposure modelling and epidemiological studies needed for the analysis of

chronic effects, short-term investigations were prominent in the historical lit-

erature, while investigations on long-term risks were mainly concerning anal-

yses and re-analyses of a few cohorts[23–25]. More recently, there has been

a wealth of published investigations, mainly focusing on the relationship be-

tween chronic exposure to PM and mortality outcomes and cardio-respiratory

hospital admissions [26–28]. This increase in the number of long-term studies

was mainly due to advancements in exposure assessment methods and the

availability of data from new cohorts[29]. In recent years, epidemiological in-

vestigations found long-term exposure to air pollutants to be associated with

increased risk for several health outcomes, including respiratory diseases[30].

Mainly chronic obstructive pulmonary disease (COPD) and exacerbation of

asthma[31], and cardiovascular events, such as myocardial infarction (MI)
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and stroke[26]. Moreover, it has been suggested that air pollution medi-

ates the occurrence of diabetes[32] and lung cancer[33] And there is growing

evidence of effects on neurological disorders and cognitive function[34, 35].

In this thesis, I focused on the long-term effects of fine particulate matter

(PM2.5) on health outcomes, specifically premature mortality and hospital

admissions for cardiovascular events.

The choice of the outcomes was based on several factors: first, as outlined

in the previous chapter these outcomes have strong biological plausibility.

Second, both mortality and cardiovascular diseases burden hold a prominent

significance in the public health context. Finally, despite the existence of

several studies on these topics, in the UK the literature is scarce.
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Chapter 5

Epidemiological

literature

5.1 Cohort studies

In the last three decades, a large body of epidemiological investigations fo-

cused on the chronic effects of PM2.5 on health outcomes, particularly pre-

mature mortality. Until 2010, the great majority of the investigations took

place in the US, with analyses and re-analyses of the American Six City co-

horts[24, 36] and the American Cancer Society Cancer Prevention Study-II

(CPS-II)[23, 37]. These studies detected a strong and consistent increased

mortality risk due to fine particulate matter and effectively influenced policy-

makers to target reduced particulate matter emissions by lowering annual air

quality guideline values (the 2005 WHO limit was 10 µg/m3, and later, the

US EPA limit was 12 µg/m3) and implementing practical interventions. In

the following years, motivated by American studies, the European ESCAPE
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project investigated long-term effects on mortality and hospitalisations across

several countries[38, 39]. The ambitious project included cohorts from many

countries, extensively controlled for confounding and investigated several out-

comes. However, the lack of power from the relatively short follow-ups and

the use of small cohorts implied non-significant results and criticisms[40].

Other attempts to investigate the long-term effects of PM2.5 in Europe were

rare[41–43]. Notably, only one English study[44] investigated all-cause and

specific-cause mortality, finding weak associations, particularly for cardiovas-

cular mortality, after controlling for confounders. Consequently, since 2016,

the Health Effects Institute (HEI) funded three major studies in Europe[45],

the US[46], and Canada[47] to investigate the effects of even lower levels of

PM2.5. Briefly, across five years, US, Canadian and European cohort data,

including almost 100 million subjects, were used to explore the effects of

pollutants, especially PM2.5, below the previously set threshold. In North

America, the Medicare[48], the Canadian Census Health and Environment

Cohort (CanCHEC)[49], and its sub-sample, the Community Health Sur-

vey Cohort (CCHS)[50], were utilised in large-scale investigations. These

investigations involved large samples and, therefore, were well-powered to

investigate the effects of air pollutants on health outcomes. On the other

hand, in Europe, several investigations within the ELAPSE[51–53] project

included smaller national cohorts that were analyzed separately and their es-

timates meta-analysed using harmonised modelling approaches, similarly to

ESCAPE[38, 41, 54]. In addition, ELAPSE investigated nationwide cohorts

from Belgium, Denmark, England, Netherlands, Norway, and Switzerland,

as well as one citywide cohort in Rome, Italy[55, 56]. Finally, the high

heterogeneity in characteristics among the cohorts from different countries
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prompted a sub-project to conduct investigations on a harmonised database

to increase their comparability, finding relatively similar health effects. A de-

tailed overview of the entire analysis is reported in a recent publication[57].

Moreover, the results of more than 20 years of literature were summarised

in two reviews[27, 28]. These produced meta-analytical hazard ratios (HRs)

ranging between 1.08 and 1.09 (by 10 µg/m3 increase in exposure) for non-

accidental mortality with confidence intervals from 1.06 (lower band) up to

1.11 (upper band). Eventually, these motivated the WHO to further reduce

the annual limit to 5 µg/m3.

In general, the feasibility of accurate long-term air pollution studies on health

outcomes highly depends on the cohort data available to the investigators.

The literature includes many different cohort data, mainly described above,

which can be broadly split into two categories linked to their characteristics:

administrative[55] and traditional[51]. These two types mainly differ in terms

of the original purpose of the data. While administrative databases contain

health data collected by governmental organisations for non-statistical pur-

poses in origin, traditional cohorts are created explicitly for research pur-

poses[27, 28]. In practical terms, this difference means that administrative

data typically contain minimal personal information on the participants, as

this is not the primary interest for data collection. Moreover, regarding

research purposes, administrative databases typically require strict privacy-

secure procedures for access and use, as initially, the individuals did not

provide consent to analyse their data for research purposes. These two main

differences reflect on the research that can conducted using them. Typically,

data analysis of traditional cohorts is more flexible due to the wider set of

data available, particularly on personal characteristics and lifestyles. Finally,
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their size is an essential difference between these two types. Administra-

tive cohorts, extracted from government databases, can be extremely large,

including sometimes dozens of millions of subjects[48, 49]. In contrast, tradi-

tional cohorts are generally very small compared to their counterparts[51, 52],

and therefore, they may lack statistical power to find significant associations

with the long-term effects of environmental exposures.

5.2 Exposure assessment and linkages

In epidemiological air pollution studies, it is crucial to know how the expo-

sure is assessed and assigned to the cohort investigated to identify potential

design issues and interpret correctly the results of a study[58]. Exposure as-

sessment is a process where researchers estimate an environmental exposure,

such as PM2.5, at varying degrees of temporal and spatial resolution. There

exists a multitude of statistical model strategies to predict exposure mea-

surements. The simplest method, often applied in the early studies[24, 37],

was to assign the values obtained from the closest ground-monitoring sta-

tion. However, in the last decades, novel methodologies have been developed

to obtain exposure measurements with improved accuracy[29, 59]. Land

use regression (LUR) methods combine land-use information with demo-

graphic and ancillary data, offering good performance at reduced geographic

scales[60, 61]. However, they are less effective for modelling pollutant lev-

els across large areas and in time[62]. These models have been mainly used

to predict exposure for European epidemiological studies[45]. In contrast,

emission-dispersion models (EDMs) simulate the physical transport of pol-

lutants emitted from known sources[63]. They are suitable for modelling
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air pollution on large geographical scales but require high-powered comput-

ing to simulate meteorological and chemical phenomena[64]. Satellite data

have also been used to estimate ground pollution levels. Still, despite their

ubiquity, satellite data alone cannot accurately capture ground-level concen-

trations and are affected by large measurement gaps due to cloud cover and

sun-earth surface reflectance[58]. More recently, methods based on machine

learning (ML) algorithms have provided powerful tools to predict ambient

exposure at high accuracy[29, 65]. These methods merge multiple data types

from various sources described above (monitors, land-use variables, satel-

lites and EDMs) into complex multi-stage statistical modelling frameworks

that, in most cases, outperform traditional techniques by providing more

accurate estimates of pollutants, especially at fine spatial and temporal res-

olutions[59]. These model frameworks have been used in the last decade to

predict daily air pollution levels at 1x1 km, mainly across North America[59,

66]. However, analogous models have also been applied elsewhere[67–69].

Subsequently, exposure assignment is a process designed to link the exposure

estimate with the population in which we are interested in assessing health

effects. Accurate exposure assignment is essential for epidemiological studies

to quantify the impact of environmental factors on health outcomes correctly.

The choice between the type of exposure to assign, measured or predicted,

depends on the study context. Differently from the modelled predictions de-

scribed before, exposure measurements involves the direct collection of the

pollutant’s data, either by fixed home monitors or mobile devices. This type

of real-time monitoring campaigns are extremely financially and logistically

costly, even for studies with a few hundred participants and relatively short

follow-up periods (one months to a year). Therefore, monitoring individual
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exposure is preferred when high accuracy and specificity are necessary. An

example is represented by studies on vulnerable populations in specific occu-

pational settings, where personal monitoring devices offer the most accurate

measure of actual exposure. However, these methods are not a viable option

for retrospective long-term effect studies that require several years of histor-

ical exposure data to align with the cohorts’ follow-up periods. Nonetheless,

direct measurements on a subset of individuals can be beneficial for evalu-

ating and improving the accuracy of air pollution models and interpolation

techniques. Finally, real-time exposure monitoring is crucial when the aim of

a study is to assess the effect of air pollution on subclinical health outcomes,

such as temporary increases in blood pressure, that cannot be captured with

predictions performed in subsequent times. Because the aim of my doc-

toral project is the assess long-term effects of PM2.5 I focused my attention

on modelled exposure predictions and on how those are assigned to study

participants. Commonly, the investigators assign predicted exposure at the

personal residential address, assuming that a subject will spend most of the

time in the surroundings of their residence or not too far from it[70]. This

is the primary method applied in epidemiology when residential addresses

are available. However, this is not always possible. For example, personal

residential addresses are typically unavailable when using administrative co-

hort data due to privacy constraints[48]. Therefore, the investigators must

assign the data to the first territorial unit for which the data are available.

This may span dozens, if not hundreds of kilometres to the detriment of the

accuracy of the assignment. In this thesis, I described and implemented a

framework that expands the toolkit for epidemiologists for linking modelled

environmental exposure to cohort data with fine spatial and temporal resolu-
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tion. I applied this framework to assign daily PM2.5 estimates predicted over

a 1x1km grid (see Appendix) to the residential addresses of the UK Biobank

participants.

5.3 Study design

Analysing event outcomes over time necessitates using a time-to-event de-

sign involving statistical survival models. The Cox Proportional Hazard

(Cox PH) model is a technique commonly applied for censored data that

can be used to analyse the survival time of study subjects by defining risk

sets that include both the cases and all the non-cases present in the study

at each event time[71]. It is prominently utilised in the literature to evaluate

the long-term impacts of air pollutants, and there are several reasons for its

widespread adoption. First, historically, the Cox model was implemented in

seminal studies, such as the Harvard Six Cities. These pioneering applications

yielded significant and consistent results, establishing the model’s credibility

and leading to its continued use in subsequent research[72, 73]. Second, the

Cox model offers the advantage of controlling for multiple covariates by sim-

ply adjusting for them in the model, eliminating the need for complete data

stratification. This feature enables researchers to simultaneously account

for several potential confounders that might otherwise bias the exposure-

response relationship. Finally, the Cox PH model allows extensions for the

inclusion of time-varying covariates in a structured and controlled manner,

as opposed to time-fixed exposure. This occurs thanks to a redefinition of

this model for counting processes[74], which involves the specification of a

dataset with multiple observations per subject, each representing an interval
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time with the follow-up. Associated with this data, an additional indicator

variable specifies if the subject-interval observation includes the event. This

extension allows us to easily incorporate time-dependent exposure by assign-

ing different exposure levels to each split period. Interestingly, this extension

of the Cox model potentially will enable researchers to use complex method-

ologies to investigate the temporality of the effects, such as the distributed

lag models (DLM), using recently developed methods [75]. These models,

initially developed for short-term design settings, have rarely been applied

in modelling long-term effects[76]. However, time-varying exposure coupled

with DLM tools could enable investigators to identify the most relevant ex-

posure windows over mid- to long-term time frames, namely from months

to several years. This could shed light on the timing of the pathogenesis of

different chronic and acute clinical conditions. The Cox model requires the

definition of a specific time axis, which represents the timescale chosen to

stratify the data into the risk sets for each event. Typically, the choice is

between the age of participants and calendar year, although other axes, such

as time since entry, have been used in other contexts. The selection may

depend on the type of exposure used in the study. If the study uses a time-

fixed exposure, then there is no need to control for calendar year because the

exposure will not vary in time, and therefore, using age as a time axis along

stratification for the year of enrolment will be enough to account for tempo-

ral confounding[51, 55]. Conversely, the calendar year can be more suitable

as the main time axis when the exposure used is also time-dependent. Each

risk set, as described above, corresponds to a specific time interval over which

exposure summaries need to be matched. Using the correct time axis is es-

sential when choosing a long-term study design. Additionally, the continuous
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increase in the size of the data used in the analyses has encouraged the use of

always more sophisticated analysis tools. From the use of complex hardware

architectures (e.g., computer clusters) to the use of different modelling tech-

niques, such as the equivalence with the Poisson model[46, 77] or the linear

probability model[78] to reduce the magnitude of the data. In this thesis, I

used the time-varying exposure metrics with high spatiotemporal resolution

and DLM models to study exposure-response associations between PM2.5 and

mortality and cardiovascular inpatient hospitalisations[75, 76]. Specifically,

I conducted studies analysing differences in the association when exposure

windows of varying lengths were applied (for instance, 1-year and 5-year

time-dependent windows). Moreover, for mortality outcomes, I used DLM

to investigate the decomposition of the effect into single-lagged years. Fi-

nally, during my project, I also considered an effective alternative to the Cox

PH model by exploring the risk-set sampling techniques (see 14).

5.4 Confounding in long-term studies

In epidemiology, a covariate is a variable associated with a study’s out-

come. Confounders are a specific type of covariate that affects both the

exposure and the outcome but are not influenced by them[79]. These vari-

ables are crucial when studying the exposure-outcome relationship, as their

omission can lead to biased estimates when evaluating associations[80]. Tra-

ditional confounders mainly include information on study subjects regarding

anthropometric measures, socio-economic status, lifestyles and behaviours

(i.e. individual-level covariates)[80, 81]. However, other types of confound-

ing also exist in the form of contextual (i.e. area-level) variables and temporal
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factors[82, 83]. The former can include environmental, social, economic and

cultural factors characterising the surroundings of the subject’s residence in

the study. Differently from individual-level, contextual confounders operate

at neighbourhood or community levels; therefore, instead of being related

to a single subject, they are related to groups of subjects residing in the

same area. On the other hand, temporal confounders are timescales (not

classical variables) across which exposure and outcomes exhibited specific

patterns that, if interdependent, may lead to biases. An important example

of temporal confounding is represented by secular trends in PM2.5 expo-

sure in terms of magnitude (i.e. exposure levels) and composition[84] and

unrelated changes in underlying baseline risks, which can confound the pol-

lutant’s relationship with health outcomes over time[83]. Owing to their

intuitive application, timescales are usually accurately considered and effec-

tively incorporated in the literature[48, 55]. In air pollution epidemiology,

a main distinction occurs between individual- and area-level definitions of

socio-economic status (SES)[82]. With the first, researchers consider all the

personal information, including income, individual education, and employ-

ment, measured at a specific point in time (typically at the beginning of the

follow-up), while the second includes the same information at the area level

(e.g. % of subjects with a university degree) as well other measures that

can be considered proxies of “area-level wealth”, such as indexes of depriva-

tion. This is an important difference because while individual-level factors

have been more rarely investigated, the role of area-level covariates is now

well-recognized[80, 85]. This is likely due to the analogous causes that might

influence both neighbourhood/community resources and environmental fac-

tors, leading to a spatial correlation among them[85]. These patterns have
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been thoroughly investigated for socio-economic status (SES) covariates[82].

Essential tools to identify relevant confounders are directed acyclic graphs

(DAGs)[86]. These help visualise and analyse the web of causal relationships

among variables by graphically representing them. In the past, they were

rarely applied[87–89], but the use of DAGs in air pollution epidemiology has

grown in the last decade. For instance, a comprehensive study conducted in

Canada[49] exemplifies the use of DAGs in conjunction with traditional con-

founders selection to pinpoint the minimal set of critical covariates to include

as relevant confounders in their analyses. In their findings, the authors de-

tected a variation in the results between the traditional and the DAG model.

In general, this implies that when investigating the same outcome within the

same cohort, the selection of confounders can vary based on the investigators’

choices, potentially leading to different results[81]. This variability motivates

the importance of the initial assumptions and decisions made during the de-

sign of the study, as they can significantly influence the findings[90]. In this

PhD research, I have extensively used covariates at both area and individual

levels, analysing their potential confounding effects and the related impact

on the estimates. In particular, I will use DAGs and regression models to

analyse their potential role in the analyses.
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Chapter 6

UK Biobank

6.1 Overview

The UKB Study is a comprehensive prospective cohort study designed to

explore the genetic and lifestyle factors influencing various diseases com-

mon in middle and later life. To recruit participants, UKB researchers sent

postal invitations to 9,238,453 individuals aged 40-69, who were registered

with the UK’s National Health Service and resided within approximately 25

miles (40 km) of one of the 22 assessment centres spread across England,

Wales, and Scotland. Between 2006 and 2010, a total of 503,317 partici-

pants agreed to join the study and attended an assessment centre, with a

participation rate of 5.45%[91, 92]. The assessment visit comprised elec-

tronic signed consent; a self-completed touch-screen questionnaire regarding

lifestyles, behaviours and personal characteristics; a brief computer-assisted

interview; physical and functional measures; and blood, urine, and saliva col-

lection. UK Biobank also routinely conducts additional phenotyping assess-

ments in participants’ subsets, and genotypes and genomic data are avail-
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able. The cohort has been tracked directly through follow-up assessments

involving subsets of subjects and indirectly through routine linkage with var-

ious administrative health databases, including mortality, hospital episode

statistics, cancer screening, and primary care visits. Notably, at recruitment,

participants provided consent to use their residential address and follow-

up information on the residential histories was provided either through the

participants’ notice or through linkage with the NHS system. Specific de-

tails regarding the UKB database can be found on the showcase website

(https://biobank.ndph.ox.ac.uk/showcase/).

6.2 Historical particulate assessment and

health impact studies

Air pollution data originally available in the UKB database were produced by

European LUR models. Specifically, PM2.5 estimates for the year 2010 were

modelled for each participant’s address using a LUR model developed as part

of the ESCAPE project. The LUR model is based on field monitoring cam-

paigns done in London between 26 January 2010 -18 January 2011, and air

pollution estimates are representative of the year 2010 only. Traffic variables

were calculated within a geographic information system (GIS) during LUR.

ESCAPE estimates for particulates are extrapolated and deemed valid up to

400km from the London monitoring area, although it is unclear how reliable

the estimates are outside this area. All addresses which are more than 400km

away from Greater London are not assigned PM10, PM2.5, PM2.5 absorbance

and PM coarse concentrations and have missing data instead (number of

missing records: 33,935). R2 validation for UK in Manchester is equal to
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21% and in the London-Oxford area equal to 77%(60).

Further details about NO2 and NOx estimates can be found in [61], while

details on estimates of PM10, PM2.5, PM2.5 absorbance and PM coarse are

reported in [60]. Several studies were conducted on the associations between

fine particulate health outcomes using the exposure estimates summarised in

the above paragraph, and various outcomes were analysed. Cross-sectional

studies[31, 93] examined the effects of pollution on the prevalence of respi-

ratory diseases and lung function. A longitudinal study[94]investigated the

impact on the incidence of cardiovascular hospital admissions, finding positive

associations with PM2.5. Also, adverse cardiac phenotypes were correlated

with air pollution exposure[95]. Investigations on cognitive performance[96]

and brain volume[97] suggest that exposure might harm mental cognition

and reduce certain brain lobes’ size, respectively. Eye health was also shown

to be affected by air pollution in two studies on glaucoma prevalence[98] and

adverse retinal structural features[99]. This is only a brief list of the publica-

tions generated using the current UKB exposure data, but it illustrates the

research potential of this database.
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Chapter 7

Limitations of the

current literature

As described in the previous sections, there is a wealth of literature on health

risks associated with exposure to air pollution and PM2.5. However, lim-

itations and gaps are still present, and new studies benefitting from novel

methods and data resources can provide insights to improve our knowledge

on this topic.

7.1 Exposure assessment and time-varying

exposures

From the perspective of exposure assessment, the literature differs signif-

icantly across countries. In North America, the last decade has seen the

development of exposure models with high spatial and temporal resolution

across large areas. For example, US researchers have developed and ap-
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plied hybrid ML models to predict daily pollutant measurements across a

1x1 km grid for all the contiguous states[59]. At the same time, Canadian

studies have used complex predictions from models incorporating ground

monitors and satellite data to predict annual air pollution measurements

back to 1981[66]. These efforts were crucial for long-term studies, allowing

investigators to conduct survival analyses for massive sample sizes (see Co-

hort studies section) using detailed time-dependent exposure summaries. In

contrast, European studies (mainly ESCAPE and ELAPSE projects) have

relied on time-fixed LUR models to investigate long-term health effects[60,

100]. These models produced exposure estimates at a very high resolution

(100x100 m) for multiple pollutants across Europe in 2010. Very recently,

LUR Europe-wide predictions have been replaced by back-extrapolated ex-

posure series with the aim of obtaining updated associations[55, 57] more

comparable with North American studies. The LUR predictions used in the

European studies have also been linked to the UK Biobank database (see 6.2)

and have been used extensively in the last years to assess health associations.

Although the characteristics of time-fixed exposure metrics make them easily

applicable in standard survival studies, it is inappropriate for investigations

with more complex designs, such as time-varying survival models[74]. Also,

time-fixed metrics do not reflect the actual individual exposure profiles as

time passes[18]. It has been shown that using time-fixed exposure instead of

time-dependent leads to downward biased associations, mainly if underlying

trends occur[101]. This is especially the case in studies on the long-term

effects of air pollution, as in the last decade, concentration levels have de-

creased substantially, especially in Western countries[84]. Even assuming a

constant spatial exposure distribution across time, secular changes in partic-
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ulate matter can impact the health associations’ estimates due to changes

in the PM composition[28] and unpredictable and unknown processes. Fi-

nally, time-fixed exposure data cannot be used to investigate medium- and

short-term effects when the time granularity required is in the order of daily,

weekly or monthly averages. In addition, the LUR Europe-wide predictions

include completely missing data for Scotland, leading to the exclusion of 10%

of the UK Biobank cohort when performing statistical analyses.

7.2 Exposure assignment

Air pollution predictions are typically assigned at the residential level, but

the spatial resolution of the linkage changes widely across studies. In the

Medicare database, residential data are only available at the ZIP code level,

with areas that can span from a few hundred meters to thousands of square

miles[59, 83, 102]. Canadian CanCHEC-based studies are characterised by

a similar postcode linkage despite the corresponding areas being smaller (1-

5 km) compared to the US definitions[49, 50, 103]. In these conditions,

exposure assignment can only be made by averaging the exposure across the

entire postcode area and linking the corresponding value to the Medicare

subject. However, exposure summaries across several dozens of miles are

unlikely to represent the exposure corresponding to a specific address, and

previous studies have shown a decrease in the estimated health risks when the

spatial buffer increased[104–106]. On the other hand, studies using European

cohorts (ESCAPE AND ELAPSE projects) performed the linkage directly

with the residential addresses, granting a more accurate spatial description

of the subjects’ exposure levels, although the temporal resolution was limited
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to a one-year annual average[38, 51, 55].

7.3 Windows of exposure

Another significant issue pertains to the timing of exposure in relation to

its effects. The literature on identifying the most relevant time windows for

exposure is limited, with most research focusing on acute effects and leaving

a significant gap in our understanding of the temporal dependencies asso-

ciated with long-term exposures. Nevertheless, a few studies have explored

this area. For instance, an historical work [89] examined the impact of PM2.5

on mortality risk across different annual exposure lags, finding no significant

association beyond the year immediately preceding the event. Two other

studies that investigated how the length of the exposure window influenced

associations found mixed results regarding mortality and cardiovascular hos-

pitalisations. In Lefler et al., 2019 [105], the authors analysed a sizeable

U.S.-based cohort and found consistent mortality associations for 2-year and

5-year exposure averages. In contrast, Crouse and colleagues [104] observed

more substantial effects with longer exposure windows in a Canadian census-

based study. Given the scarcity of research in this area, further studies

are needed to understand these temporal dynamics better. Distributed Lag

Models (DLMs) offer a promising approach for investigating the impact of

different exposure windows and they are already applicable in cohort analyses

[56] , making them well-suited for long-term air pollution studies.
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7.4 Control for confounding

Up until 2020, the findings from 30 years of research in Western countries

were summarised in two meta-analyses, which examined the effects of chronic

pollution exposure on all-cause and cause-specific mortality[27, 28]. These

analyses identified a few controversies relevant to this thesis, particularly re-

garding diverse confounders’ adjustment strategies applied in the literature.

One key issue is that, due to the administrative nature of multiple cohorts

(including Medicare and CanCHEC), only a limited number of studies[23,

44, 51, 107] controlled for individual confounders, such as personal char-

acteristics and lifestyle factors. European studies with traditional cohorts

predominantly involved small, traditional cohorts, which lacked the statisti-

cal power to produce consistent results and were challenging to harmonise

regarding the confounder definitions[40]. In contrast, large cohorts in North

America, such as the ACS[23], NIH-AARP[108] and CCHS[47, 50] allowed for

more control over individual confounders. However, many of these studies fo-

cused primarily on smoking status and BMI, often neglecting other potential

behavioural covariates like physical activity and drinking patterns[23, 108].

It’s important to consider these differences, as the role of individual covari-

ates as confounders has been debated in the literature [41, 86]. For example,

some historical studies have found that behavioural confounders, aside from

smoking, did not significantly affect confounding [80, 109], while others have

shown that including these behaviours altered the observed associations [110].

Although individual characteristics beyond smoking status and BMI are un-

likely to have a strong confounding effect, it is essential to define consistent

sets of confounders when investigating the long-term effects of air pollution
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for multiple reasons. First, ensuring consistency across studies is crucial,

given that heterogeneity in study characteristics and exposure definitions

complicates direct interpretation and the drawing of consistent conclusions.

While the literature has traditionally been heterogeneous, recent efforts have

been made to conduct more harmonised studies[57]. Furthermore, improving

study validity within the same cohort is particularly important, especially in

the context of the UK Biobank. The accessibility and wealth of covariates

in the UK Biobank can lead researchers to apply varied confounding adjust-

ments without identifying the most relevant and important covariates. This

flexibility may result in cherry-picking confounders or outcomes based on the

significance and relevance of the results.

7.5 Addressing gaps and limitations

In this section, I concisely anticipate the novel aspects of my PhD project in

light of the objectives and limitations of the literature.

In this work I implemented a high-resolution exposure linkage framework that

integrates daily PM2.5 concentration estimates with individuals’ full residen-

tial histories, documenting every step of the process. This dynamic approach

addresses a key limitation of past European studies, which mostly used expo-

sure metrics (e.g. one-time or averaged values) that failed to capture changes

in location or temporal pollution variation. By reconstructing continuous,

day-by-day exposure profiles for each participant, the framework overcomes

exposure misclassification inherent in previous methods. Moreover, due to

the relatively fine resolution of the exposure, this linkage enables a researchers

to define flexible exposure summaries tailored to the study design needs.
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For the epidemiological investigations, in this project I analyzed and tested

state-of-the-art survival models for time-dependent exposure. This corrects

potential biases that arise from treating long-term exposure as time-fixed; in-

stead, each person’s PM2.5 exposure was updated throughout the follow-up,

aligning risk estimates with actual exposure history. Using the above method-

ologies, I produced new evidence on long-term PM2.5 effects on mortality to

extend the existing knowledge, particularly in the UK context. This research

will also provide one of the most comprehensive long-term assessment of fine

particulate matter’s impact on cardiovascular hospitalizations in the UK and

Europe, yielding insights that address gaps in prior literature which lacked

such detail. Additionally, I implemented DLMs for chronic exposure effects

to identify critical windows of exposure. This approach is a methodological

improvement that may uncover relevant temporal patterns (e.g. whether

recent vs. earlier exposures drive risk) that previous assignment could not

detect.

Finally, during the whole project I employed rigorous confounder control

through the use of DAGs and thoughtful covariate selection. By doing so, this

thesis will offer practical guidance for future research with the UK Biobank:

for example, always include regional controls for spatial confounding to ad-

dress residual confounding. This level of guidance is an advancement over

conventional practice, where often a “standard” set of confounders is used

without exploration of its adequacy.

The work collectively enhances knowledge of the long-term health effects of

PM2.5 by providing more precise estimates and clearer causal interpretations.

These advancements – in exposure assessment, analytical approach, and bias

reduction – strengthen confidence in the evidence linking chronic PM2.5 ex-
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posure to adverse health outcomes, and equip future research with better

tools to continue expanding this knowledge base.
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Chapter 8

Overview of the research

contributions

The five publications presented in the following chapters consist of the core

work of my thesis. I led on and am the first author for all of them. The

first two full-length articles and a research letter have already been pub-

lished in peer-reviewed epidemiological and cardiovascular research journals.

Another manuscript is currently under revision, while the last research work

still needs to be submitted, respectively. The order set in the thesis for the

publications reflects both their chronological sequence and the development

of my research work. These articles can be read separately as independent

original research contributions. However, they also form a coherent body of

work.

In this chapter, I provide a summary of the publications. First, I describe the

preliminary exposure linkage process necessary to establish epidemiological

analyses on the UK Biobank. Second, I present two epidemiological analyses
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investigating the association between PM2.5 on mortality and hospital admis-

sions. Third, I present an investigation of potential confounding mechanisms

affecting UK Biobank epidemiological analyses of long-term environmental

exposures. The research letter, discussing a methodological issue related to

the research area, is included as last.

8.1 Research Article 1: exposure linkage

of pollution to cohort data

The first work, presented in 9, has been published in the Journal of Exposure

Science & Environmental Epidemiology[111] and consists of an in-depth and

critical illustration of the linkage of outdoor environmental exposure with

cohort data, using the UK Biobank dataset as a case-study example. As

the first author, I structured the methodological and conceptual phase of

the linkage process with all the co-authors, particularly with my supervisor,

Prof. Antonio Gasparrini.

This paper introduces an approach to enhancing epidemiological studies of

environmental health risks by reconstructing individual-level exposure histo-

ries with high precision.

Traditional air pollution models have faced limitations, notably the use

of coarse, temporally aggregated exposure metrics or simplified assignment

strategies based on sparse monitoring data, which have led to potential ex-

posure misclassification and limited ability to accurately evaluate individual

health risks. To address these limitations, the paper introduces and describes

a state-of-the-art linkage framework that combines detailed residential histo-
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ries of individuals with high-resolution, temporally refined environmental ex-

posure maps (see appendix). The key advancement here is the reconstruction

of continuous, individual-level exposure profiles that precisely reflect changes

in residential location over time, overcoming the simplistic approaches of

earlier studies which typically relied on static, spatially aggregated expo-

sure averages or limited temporal resolutions. By using spatial interpolation

methods (such as bilinear interpolation), the framework ensures enhanced

accuracy and privacy protection, avoiding the pitfalls of simpler exposure as-

signment techniques. Moreover, the approach facilitates flexible and precise

definitions of exposure windows, tailored to specific epidemiological research

designs and questions, enabling more robust analyses of both short-term and

long-term health risks. Finally, the resulting linkage framework is not only

tailored to UK Biobank – it’s generalizable. The procedure can be applied

to any cohort with residential histories, providing a template for future re-

searchers to integrate environmental data into health datasets. Importantly,

the exposure dataset produced (covering the UK) will be shared with the

broader research community.

This paper fulfills Objective 1 of this PhD: 1) to perform a linkage between

residential history records and high-resolution PM2.5 maps to reconstruct

individual-level daily exposure profiles for all the UKB participants.

In the publication, the written description is enriched with an example, in-

cluding pseudo-data and informative visualisations, which I developed per-

sonally with the assistance of Malcolm Mistry and Antonio Gasparrini. Even

though the exposure linkage is focused on highly resolved spatiotemporal ex-

posure data, it can be used for any geolocated exposure dataset. I took the

lead in writing the manuscript and acted as the corresponding author during
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the peer-review process, addressing the reviewer’s comments and making the

necessary changes.

8.2 Research Article 2: analysis on long-

term association of PM2.5 with mortal-

ity

The second research paper, originally submitted and recently accepted in

Epidemiology is included in 10. It is the first of two publications using the

linked exposure data to conduct substantive epidemiological analyses.

This paper provides a innovative analysis of the long-term health effects of

PM2.5 exposure, particularly focusing on premature mortality for different

causes, using data from the UK Biobank. A significant scientific advance-

ment of this research lies in the availability of detailed individual-level daily

exposure profiles of PM2.5 obtained as an output of objective 1. This re-

fined approach may significantly reduce exposure misclassification compared

to earlier studies that relied on coarse exposure assessments or static residen-

tial locations. As a preliminary part of the work, I conducted a comparison

between the full-cohort Cox analysis and a more computationally efficient

nested case-control design (presented in the thesis appendix) which demon-

strated that similar results could be obtained with the alternative design.

This exercise of evaluating design efficiency vs. validity is a novel contribu-

tion, as it provides evidence on whether large biobank analyses can be reliably

approximated by sub-sampling methods. Moreover, the paper evaluates and

applies state-of-the-art statistical methodologies, including distributed lag
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models, to precisely investigate lagged associations, and various windows of

exposure. This represents an improvement over prior research methodolo-

gies, offering enhanced insight into the temporal dynamics of environmental

health impacts. Finally, these analyses are characterized by extensive adjust-

ment for confounding factors at both the individual and contextual levels,

thus providing a more realistic understanding of the causal relationships in-

volved.

By being one of the first European studies to incorporate highly resolved,

time-varying exposures in a half-million cohort, this analysis directly ad-

vances the evidence base beyond the predominantly North American studies

of the past. It also provides an updated benchmark of PM2.5 mortality risk

for the UK, obtained through more sophisticated exposure assignment and

modeling than past cohort studies.

This paper partially fulfils Objectives 2 and 3 of this PhD: 2) To imple-

ment state-of-the-art designs and statistical methods to investigate health

risks associated with PM2.5 , accounting for confounding mechanisms

and assessing complex temporal relationships. 3) To analyse the impact

of long-term exposure on premature mortality and hospitalisations for

cardio-respiratory outcomes using the large and rich database of the UK

Biobank cohort. As the paper’s first author, I conceptualised and coordi-

nated the work with all the co-authors, discussing the study design, research

question, and relevant epidemiological and public health issues. I carried out

the analysis and developed the corresponding code under the supervision of

Prof Antonio Gasparrini. I took the lead in writing the manuscript, assisted

by Prof Gasparrini, who acted as the corresponding author during the sub-

mission process, addressing and replying to the reviewers’ comments.
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8.3 Research Article 3: analysis of long-

term risks of PM2.5 with cardiovascu-

lar hospital admissions

The third research paper, published in Environment International, is the

second of two publications using the linked exposure data to conduct sub-

stantive epidemiological analyses. Using a similar study design and analytical

framework developed for Research Article 2, I explored the association be-

tween long-term PM2.5 exposure and clinical event outcomes. Specifically,

I focused on hospital admissions due to various cardiovascular events. This

is the first comprehensive long-term investigation on cardiovascular diseases

events in the UK. The study it is a unique case in the UK as it leverages

highly resolved spatio-temporal PM2.5 maps and thoroughly applies state-

of-the-art epidemiological methodologies, as described in the previous para-

graph. Utilizing the extensive and detailed UK Biobank cohort database,

the study offers one of the most comprehensive assessments of multiple car-

diovascular outcomes in the UK, including Major Adverse Cardiovascular

Events (MACE), myocardial infarction, heart failure, atrial fibrillation, car-

diac arrest, and stroke. Importantly, in the analysis I went a step further

differentiating subtypes of events – it is the first long-term study to sepa-

rately examine myocardial infarction and stroke subtypes. By incorporat-

ing detailed individual-level confounders (e.g., smoking, waist-to-hip ratio,

socioeconomic status, lifestyle factors), alongside area-level covariates (e.g.,

urban-rural classification, deprivation indices, greenness), the paper sets a

new benchmark in addressing potential confounding mechanisms in the air
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pollution-cardiovascular diseases relationship.

As the paper’s first author, I conceptualised and coordinated the work with

all the co-authors, discussing the study design, research question, and rel-

evant epidemiological and public health issues. I carried out the analysis

and developed the corresponding code under the supervision of Prof Anto-

nio Gasparrini. I took the lead in writing the manuscript and acted as the

corresponding author during the review process, addressing and replying to

the reviewer’s comments.

8.4 Research Article 4: assessment of con-

founding mechanisms and adjustment

strategies in air pollution epidemiol-

ogy

The fourth research Article is submitted to the International Journal of Epi-

demiology. As a further novel aspect of this PhD I present a comprehensive

empirical investigation of confounding in cohort analyses for chronic air pollu-

tion exposure studies, paired with strategies to address it. Rather than treat-

ing confounder adjustment as a black-box step, the research explicitly elu-

cidated how different confounding mechanisms operate in the PM2.5–health

relationship. By using DAGs alongside empirical analyses, the study mapped

out the causal pathways and identified points where spurious associations

could arise. This theoretical framework, combined with extensive descrip-

tive correlations in the data, allowed me to anticipate which factors (spatial,

temporal, socio-economic, behavioral) needed control. Such a in-depth con-
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founding assessment is an innovation in itself, as conventional studies often

adjust for available covariates without clearly distinguishing which type of

confounding each addresses. Here, by contrast, the roles of spatial context,

time trends, and individual lifestyles were separately examined and confirmed

in both the conceptual model and the data, yielding clearer guidance on con-

founder inclusion.

This paper fulfils objective 4 of this PhD: 4) to evaluate confounding mech-

anisms affecting cohort analyses on long-term exposure to air pollution

from theoretical and practical perspectives. As the paper’s first author, I

conceptualised and coordinated the work with all the co-authors, discussing

the research question and the relevant epidemiological and public health is-

sues. I carried out the analysis and the corresponding code mainly supervised

by Prof. Antonio Gasparrini. I took the lead in writing the manuscript and

will act as a corresponding author during the review process, addressing and

replying to the reviewer’s comments.
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PERSPECTIVE OPEN

Reconstructing individual-level exposures in cohort analyses of
environmental risks: an example with the UK Biobank
Jacopo Vanoli 1,2✉, Malcolm N. Mistry2,3, Arturo De La Cruz Libardi2, Pierre Masselot2, Rochelle Schneider2,4, Chris Fook Sheng Ng5,
Lina Madaniyazi1 and Antonio Gasparrini2

© Crown 2024

Recent developments in linkage procedures and exposure modelling offer great prospects for cohort analyses on the health
risks of environmental factors. However, assigning individual-level exposures to large population-based cohorts poses
methodological and practical problems. In this contribution, we illustrate a linkage framework to reconstruct environmental
exposures for individual-level epidemiological analyses, discussing methodological and practical issues such as residential
mobility and privacy concerns. The framework outlined here requires the availability of individual residential histories with
related time periods, as well as high-resolution spatio-temporal maps of environmental exposures. The linkage process is carried
out in three steps: (1) spatial alignment of the exposure maps and residential locations to extract address-specific exposure
series; (2) reconstruction of individual-level exposure histories accounting for residential changes during the follow-up; (3)
flexible definition of exposure summaries consistent with alternative research questions and epidemiological designs. The
procedure is exemplified by the linkage and processing of daily averages of air pollution for the UK Biobank cohort using
gridded spatio-temporal maps across Great Britain. This results in the extraction of exposure summaries suitable for
epidemiological analyses of both short and long-term risk associations and, in general, for the investigation of temporal
dependencies. The linkage framework presented here is generally applicable to multiple environmental stressors and can be
extended beyond the reconstruction of residential exposures.
IMPACT: This contribution describes a linkage framework to assign individual-level environmental exposures to population-based
cohorts using high-resolution spatio-temporal exposure. The framework can be used to address current limitations of exposure
assessment for the analysis of health risks associated with environmental stressors. The linkage of detailed exposure information at
the individual level offers the opportunity to define flexible exposure summaries tailored to specific study designs and research
questions. The application of the framework is exemplified by the linkage of fine particulate matter (PM2.5) exposures to the UK
Biobank cohort.

Keywords: Epidemiology; Exposure Modeling; Air pollution; Exposure linkage

Journal of Exposure Science & Environmental Epidemiology; https://doi.org/10.1038/s41370-023-00635-w

INTRODUCTION
The role of environmental factors as determinants of health has
gained importance in the last decades. Early epidemiological
studies have investigated the health impacts of environmental
stressors, in particular assessing the mortality risks associated with
exposure to air pollutants such as particulate matter [1]. The
evidence has been subsequently strengthened and extended to a
variety of other exposures and outcomes [2, 3]. Emergent research
also suggests health risks associated with other environmental
exposures, such as other pollutants such as nitrogen oxides,
temperature, pollen, and other chemicals [2, 4], as well as for a
variety of health outcomes, including communicable and non-
communicable disease [5].
A known problem in this research area is that most environmental

stressors, while affecting entire populations and generating

considerable health burdens, are usually associated with relatively
low health risks at the individual level. Estimating such associations
therefore requires large epidemiological studies. With few excep-
tions [6], early investigations relied on administrative databases with
limited individual information and were often based on ecological
designs [7]. Nowadays, new opportunities are offered by the
availability of large population-based cohorts that match the
recruitment of a high number of participants with the detailed
reconstruction of individual information through linkage across
multiple databases. Recent endeavours, such as the European EPIC
study, the UK Biobank [8], and the Japanese JECS include the
collection of detailed questionnaires and physical measurements,
through which it is possible to explore small variations in
susceptibility due to lifestyles, genetic traits, and other individual
and contextual characteristics.
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A related problem is represented by the exposure assessment.
Direct personal monitoring of environmental exposures is
unfeasible for large-scale studies across long periods of time,
and therefore outdoor levels at residential locations are typically
used as a proxy for personal exposure. Early cohort studies made
use of data from sparse monitoring stations, which can result in
misclassification and reduced exposure contrasts [1, 9], more so
for exposure that features high spatial and/or temporal variability
such as air pollution. Nowadays, exposure modelling techniques
offer valuable solutions with improved prediction accuracy and
coverage. For instance, modern methodologies can combine
multi-domain predictors in sophisticated analytical models to
derive high-resolution spatio-temporal maps over large regions
[10]. These methods have been previously used to harmonise the
exposure assignment to large population-based cohorts in North
America [11] and Europe [12].
Such models nonetheless do not always produce temporally

disaggregated measures [13], required for assessing short-term
risks. Other studies have assigned annual exposure averages, but
without accounting for residential changes and potential long-
lagged associations with past exposures [6]. More informative and
accurate exposure summaries can be defined by reconstructing the
complete exposure history for each cohort participant. This
extension offers the possibility to examine other aspects such as
multiple association timescales and windows of susceptibility.
However, this extension presents important methodological,
logistical, and practical issues.
In this contribution, we present a currently applied framework

for the linkage of highly resolved outdoor environmental
exposures to large cohorts using individual residential informa-
tion. The illustration provides the opportunity to discuss
methodological aspects and technical requirements, as well as
specific problems such as privacy constraints. We exemplify this
process by assigning exposures to air pollution to the UK Biobank
cohort, a large prospective study involving more than half a
million participants. The article outlines a number of steps needed

to generate individual-level exposure profiles, and finally to derive
exposure summaries consistent with alternative study designs and
research questions.

MATERIALS AND METHODS
UK Biobank
The UK Biobank cohort is a longitudinal study that has involved
adults aged 40–69 at recruitment in the United Kingdom between
2006 and 2010 [8]. Overall, 503,325 participants were recruited
and each of them attended an assessment centre and completed
questionnaires on their socio-economic aspects, lifestyle factors,
and medical history, among other information. They also under-
went a wide range of physical measures, as well as the collection
of biological samples. The study is periodically enriched with
follow-up assessments, new sources of data originating from
research projects, and updates from external databases. These
comprise the linkage with electronic health records (EHR) and
national health system registers, including death and cancer
occurrences, hospitalisations and primary care visits. Information
on environmental exposures currently available in the UK Biobank
is represented by annual averages of air pollutants and noise for
single years between 2006 and 2010. Air pollution measures are
limited to a sub-group of participants and obtained from Europe-
wide land-use regression models [14].
The linkage of new environmental data to cohort participants

necessitates three sources of information, exemplified by the
pseudo-data illustrated in Table 1. These simulated data are used
in this and the next sections to describe the linkage process and
epidemiological analyses. The first piece of information is about
the baseline cohort information, illustrated in Table 1a. These data
are represented here by the enrolment and last follow-up dates
for each participant, identified by a pseudo-code. This usually
is linked to other information collected at the baseline or
during follow-up assessments, such as personal characteristics
and socio-economic factors, which are not shown here. The

Table 1. Example of pseudo cohort data, including a baseline cohort information, b health outcomes, and c residential histories.

(a) Cohort info

Subject ID Enrolment date Last follow-up date

1 May 1, 2007 March 12, 2017

2 April, 14, 2009 September 25, 2019

3 November 23, 2006 Present

(b) Inpatient visit outcomes table by subject

Subject ID ICD Date

1 E11 April 23, 2012

1 I20 July 4, 2013

1 I21 September 30, 2016

2 C34 February 24, 2010

3 J40 March 14, 2007

3 J41 April 11, 2008

3 J43 May 22, 2009

(c) Residential histories

Subject ID Location ID Start date End date Easting Northing

1 Loc_12 April 1, 2005 May 22, 2012 515,200 184,800

1 Loc_43 May 23, 2012 March 12, 2017 384,800 394,100

2 Loc_92 December 18, 2007 September 3, 2009 342,700 387,100

2 Loc_6 September 4, 2009 April 3, 2017 528,100 105,600

2 Loc_24 April 4, 2017 September 25, 2019 459,900 450,700

3 Loc_87 November 20, 1994 Present 177,500 314,500
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second piece of information concerns the health data, some of
which is accessible to UK Biobank researchers through a standard
application. For instance, the main database includes inpatient
records of the first occurrences of a series of clinical adverse
events. An example with pseudo-data is provided in Table 1b,
including the same pseudo-IDs of the subject, as well as the ICD-
10 codes and dates of the events.
The final piece of information is the residential histories of the

subjects. In the UK Biobank, these are limited-access data,
represented by the dates and locations of the participants’
residential addresses, where the location represents the centroid
of a 1 km and 100 m buffer that contains the exact location.
These data were collected during the baseline interview and
are ongoingly updated via self-report or new registration to
general practices of the National Health Service (NHS). Residential
pseudo-data are shown in Table 1c, including pseudo-IDs for
subjects and locations, and start/end dates of the period the
subject stayed at each address, alongside the corresponding
geographical coordinates (in Northing-Eastings values of the
British National Grid).

Spatio-temporal exposure maps
Advances in exposure assessment have been achieved through
important developments in two areas. First, the increasing
availability of data resources with high spatial and temporal
resolution and extended coverage, in particular from remote
sensing sources. Second, the provision of innovative analytical
techniques, for instance, machine learning algorithms or atmo-
spheric and climate models with increasingly better performance
and reliability. These technological advancements make it possible
to produce fine-scale spatio-temporal maps of environmental
exposures applicable in population-based epidemiological studies
[15]. These state-of-the-art tools have rapidly substituted classical
exposure assessment methods, such as the assignment to the
closest monitoring station or traditional land-use regression
models, as the latter fail to provide accurate estimates for large
areas and over long periods of time [16].
In this contribution, we consider a dataset that is currently used

to assign daily exposures to fine particulate matter (PM2.5, in µg/
m3) to the participants locations of the UK Biobank. This product
was generated by a multi-stage machine learning model that was
applied to predict daily PM2.5 concentrations in a 1 × 1 km grid
across Great Britain during the period 2008–2018. The model was
trained using data from 581 monitoring stations, using a long list
of spatial and spatio-temporal predictors including remote
sensing satellite observations, traffic data, weather simulations,
road characteristics, and land-use information, among others. The
model had a good overall performance, with a cross-validated R2

of 0.767. Details are provided elsewhere [16].
This resource is used in the next sections to exemplify the

linkage process of PM2.5 measures to participants of the UK
Biobank.

Spatial linkage (Step 1)
Geographical information systems (GIS) have become a staple
technique for constructing environmental databases. In this
context, GIS provide a binding framework between environmental
measures and cohort data collected at the individual level,
combining different layers of information to a single point in
space [17]. These techniques are employed in epidemiological
analyses by overlying geographical reference grids over which the
investigators can jointly map exposure information with individual
or area-level variables. This allows maximising the available
information by downscaling or upscaling measurements across
levels of aggregation, as well as combining measurements across
space and time.

We discuss the application of GIS techniques and related
problems by illustrating the linkage of environmental exposures to
the UK Biobank. The cohort database includes the locations of the
residential addresses of each participant. An example is provided
in Fig. 1, which shows the PM2.5 levels for one day from the
1 × 1 km gridded spatio-temporal map presented in the previous
section. The map also includes the three residential addresses for
Subject 1 listed in Table 1b, and for one address, it adds a
magnified detail of the 1 × 1 km cells surrounding the location.
A simple linkage option is to assign the value of the grid cell

containing the location. However, this option has two main
drawbacks. First, it does not account for the information of the
neighbouring cells, which can complement the cell-level measure-
ment with details on the small-scale variability and improve the
exposure assignment. Second, and more importantly, the direct
linkage of cell-specific values can result in potential privacy
breaches described above by allowing back-tracing of the location
using geographic information from the original gridded environ-
mental data, if this is publicly available and at sufficiently high
resolution.
In lieu of the simple linkage approach described above, other

methods of varying complexity can be used and the choice
depends on the type of exposure data and the underlying

Fig. 1 The maps display PM2.5 levels on a specific day over Great
Britain, with three locations (large black dots) that represent the
residential addresses of a specific subject (ID 2 in Table 1). The
magnified area on top represents the exact location at higher
resolution, surrounded by the four nearest centroids (small indigo
dots) of the overlaid PM2.5 grid. Without interpolation, the
residential exposure value (small black dot) would be represented
by the value of the nearest centroid. The magnified area below
illustrates the process of reconstructing the residential value as a
bilinear interpolation of the four nearest centroids.
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objective of data linkage. For example, in the presence of ground
monitor data, a simple strategy would be to assign exposure as
the inverse-distance weighted average of the nearby monitors. For
gridded exposure data, established routines such as simple spatial
averaging, bilinear and kriging interpolation exist in the two-
dimensional case, while more specific methods have been
investigated more recently as a consequence of the raise of new
forms of spatial data [18]. Here, we propose the use of the bilinear
interpolation, which consists of a repeated linear interpolation
across the two geographical dimensions and it is graphically
represented in Fig. 1. We deem this method to be an effective but
simple option, among the others, for several reasons. The process
addresses the two drawbacks of the simpler linkage described
above: first, it preserves the exposure information by spatially
combining measurements across multiple grid cells. Second, and
more importantly, it generates a continuous exposure field with
values that cannot be linked back to the original sources,
preventing the identification of the residential locations even
when using highly resolved and public exposure databases.
Compared to other interpolation methods, bilinear interpolation
does not require a choice of the parameters (e.g., search radius or
number of neighbours) and it is more accurate than simple spatial
averaging as it accounts for the distances among the points in the
computation of the interpolated value [19]. Moreover, its
deterministic nature makes it computationally inexpensive even
for very large datasets, for instance in comparison to kriging [20].
Finally, bilinear interpolation is commonly implemented in data
analysis and geographical software and therefore easy to apply. It
must be highlighted that, regardless of the method, the accuracy
of this linkage would depend on the spatial resolution of the
original exposure data, and the precision of the coordinates for
the locations.

Reconstruction of individual-level exposure series (Step 2)
The linkage-interpolation operation in the previous section can be
performed for each residential location of each participant of the
cohort. The output data, combined with the residential histories,
allow reconstructing subject-specific series representing individual
exposure profiles.
This step is illustrated in Fig. 2 for Subject 2 in our case study.

Specifically, the residential histories of this subject reported in
Table 1c, combined with the interpolated series for the three
residential locations obtained following the procedure in Fig. 1,
allow extracting blocks of exposure series corresponding to the
timeline of each subject’s residence at specific addresses. These
blocks are then merged into a single individual series that
represents a detailed residential exposure profile for an individual,
accounting for exposure levels experienced at different locations
during a defined time interval.

Definition of individual summaries for epidemiological studies
(Step 3)
The reconstruction of exposure profiles in the previous section
offers detailed individual-level time series characterised by a fine
temporal disaggregation, allowing the definition of various
exposure summaries. In epidemiological analyses, this is of
particular relevance as such summaries can be flexibly tailored
to the specific research questions and study designs, resulting in
more informative inferential procedures and reducing exposure
misclassification.
The definition of the exposure summaries first requires

assumptions on the temporal dependency between exposure
and outcomes, determined by underlying biological mechanisms.
Two intertwined aspects are particularly relevant: the timescale of
the association and the related exposure window. The former
differentiates short-term risks associated with daily variation from
long-term effects due to chronic exposures experienced over
years or decades. The latter determines the maximal temporal
interval over which the exposure exerts its action, within a specific
timescale.
We use our case study to illustrate the definition of exposure

summaries for two different study designs for individual-level
data: a survival analysis based on Cox proportional hazard models
to assess long-term effects [21], and a case-crossover analysis to
investigate short-term associations [22]. The two examples are
represented in Fig. 3, using the pseudo-data related to specific
health events in Table 1b.
The Cox proportional hazard model is based on a between-

subject comparison, defining separate risk sets for each event.
Each risk set includes the case subject as well as a series of control
subjects who are at risk at the time of the event. An example of a
single risk set is shown at the top of Fig. 3. The composition of the
risk set depends on the time axis of interest, which in this case is
represented by the age of the subjects. The controls are therefore
sampled when they reach the same age that the case had when
experiencing the event. For each subject, we retrieve their
exposure history backwards with a lag period equal to the
exposure window, and therefore define the related exposure
summary.
A case-crossover design follows a similar extraction procedure.

However, in contrast to the survival model above, the latter is
based on a within-subject comparison, and the case and controls
are represented by different times within the follow-up period of
the same subject. Several control sampling schemes have been
proposed in the literature [23] with the most common being the
time-stratified scheme with controls sampled within pre-specified
strata. An example with three subjects representing three separate
risk sets with an exposure window of four days (lag 0–3) is
provided at the bottom of Fig. 3.

Fig. 2 The top three series represent the sequences of daily exposures at the residential addresses of subject ID 2. At the bottom, the final
subject-specific exposure series is assembled by concatenating the three series above based on the respective residential periods.
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The availability of finely stratified temporal profiles allows
higher precision in the definition of the exposure windows, before
any potential aggregations are performed. For instance, multiple
lag terms can be defined using daily, monthly, or yearly strata,
thus allowing the application of distributed lag models over
different timescales [24].

DISCUSSION
This article describes a framework to process and link environ-
mental exposures to cohort studies. The methodology can be
applied to retrieve detailed individual-level exposure profiles,
hence allowing the application of flexible epidemiological study
designs to investigate health risks associated with environmental
stressors. The paper conceptualises several steps and methodo-
logical aspects, with illustration in a case study featuring the UK
Biobank cohort using simplified pseudo-datasets. The framework
has broad applications and can be used to complement cohort
databases with high-resolution spatio-temporal exposure mea-
surements, enabling to investigate complex aetiological questions
between environmental factors and health.
This work can contribute to clarify and improve on current

limitations in the research field. An example is offered by recent
cohort analyses of associations between low levels of air pollution
with mortality and morbidity conducted in the USA, Canada, and
Europe [6]. These investigations applied state-of-the-art meth-
odologies to large population-based cohort databases, represent-
ing milestones in air pollution epidemiology. Specifically, the
North American studies examined health risks associated with
several air pollutants by reconstructing exposures with resolved
spatial predictions and various temporal disaggregation [11].
However, these cohort analyses often relied on administratively
collected cohort data whereby, due to privacy constraints,
exposure information could only be matched to large adminis-
trative areas. In contrast, recent multi-cohort European studies [13]
took advantage of exposure models with high spatial resolution
and linkage at residential level. However, the exposure data was
not temporally disaggregated, and the analyses relied on simple

exposure summaries based on averages for specific numbers of
years, preventing the investigation of complex temporal depen-
dencies. The framework presented here, given the availability of
the data, helps addressing these limitations, providing a privacy-
protecting approach to safely link resolved spatio-temporal
exposure maps to large databases with rich individual information,
thereby improving the design of cohort studies.
The example based on the UK Biobank cohort also highlights

some practical problems. First, our choice of the interpolating
method was based on practical criteria, but in general this
decision would benefit from rigorous comparisons, for instance
based on statistical goodness of fit measures [19]. Second, the
linkage procedure exemplified necessitates information on
residential mobility. Currently, in the UK Biobank such data is
only reconstructed from participants’ self-reports and NHS
contacts. This process is error-prone and can entail exposure
misclassification. Third, the accuracy of the exposure assessment
depends on the quality and resolution of the spatio-temporal
exposure models. In our example, we demonstrated a linkage with
gridded databases of pollution derived from moderate-to-high
predictive performance, which similarly provides an imperfect
characterisation of exposure levels. Finally, even when accurately
representing residential levels, outdoor estimates are only a proxy
of the actual personal exposures.
Nonetheless, the framework described here offers a template

for future developments to address current limitations and
overcome new challenges. Most importantly the approach can
be extended beyond the linkage of residential measurements, for
instance incorporating activity-based models or personal monitor-
ing campaigns to improve individual exposure assessment in
different environments [25]. This is relevant as hyperlocal
exposure models are increasingly deployed in urban settings with
the aim of addressing environmental disparities [26] and the
environmental datasets can be made publicly available to
researchers [27]. Finally, the assignment of individual-level
exposure profiles can be replicated for multiple stressors. This
will allow the investigation of health risks associated with the bulk
of environmental exposures, consistent with the notion and

Fig. 3 The graph presents the use of the exposure data in two examples of study designs used in environmental epidemiology. The top
figure illustrates a risk set within a study on the incidence of lung cancer (ICD-10: C34) with a case (subject 2) and controls matched by age
used in a Cox proportional hazard model to estimate long-term risks. The event (aquamarine star) and control (blue star) times are used to
reconstruct backwards the exposure profiles in the three subjects, defined as 365-day (lag 0–364) averages of PM2.5 (light blue boxes). The
bottom figure displays the same process to define risk sets for a time-stratified case-crossover to estimate short-term risks. The graph shows
three separate subjects (unrelated to Table 1) with the event (aquamarine star) and controls (blue star) days matched on the day of the week
in the same month, with exposure profiles defined as averages of lag 0–3.
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research paradigm of the exposome [28]. In this context, the
linkage framework we illustrated can be applied and further
developed to finely reconstruct detailed exposure information
across large cohorts and long study periods, while at the same
time preventing confidentiality breaches by providing bespoke
exposure levels that cannot be traced back to the original data.

DATA AVAILABILITY
The code and example data for replicating the illustrative example are made
available upon request from the corresponding author. The analysis was performed
in the R software environment.
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Abstract 31 

Background: Evidence for long-term mortality risks of PM2.5 comes mostly from large administrative 32 

studies with incomplete individual information and limited exposure definitions. Here we assess  PM2.5-33 

mortality associations in the UK Biobank cohort using detailed information on confounders and 34 

exposure. 35 

Methods: We reconstructed detailed exposure histories for 498,090 subjects by linking residential data 36 

with high-resolution PM2.5 concentrations from spatio-temporal machine learning models. We split the 37 

time-to-event data and assigned yearly exposures over a lag window of eight years. We fitted Cox 38 

proportional hazard models with time-varying exposure controlling for both contextual and individual-39 

level factors, as well as trends. In secondary analyses, we inspected the lag structure using distributed 40 

lag models (DLMs) and compared results with alternative exposure sources and definitions. 41 



Results: In fully-adjusted models, an increase of 10 μg/m³ in PM2.5 was associated with hazard ratios 42 

(HRs) of 1.27 (95%CI: 1.06-1.53), 1.24 (1.03-1.50), 2.07 (1.04-4.10) and 1.66 (0.86-3.19) for all-cause, 43 

non-accidental, respiratory, and lung cancer mortality, respectively. We found no evidence of 44 

associations with cardiovascular deaths (HR=0.88, 95%CI: 0.59-1.31). We identified strong 45 

confounding effects by both contextual and individual-level lifestyle factors. The DLM analysis 46 

suggested potential differences in relevant exposure windows across mortality causes. Using more 47 

informative exposure summaries and sources resulted in higher risk estimates. 48 

Conclusions: We found associations of long-term PM2.5 exposure with all-cause, non-accidental, 49 

respiratory, and lung cancer mortality, but not with cardiovascular causes. This study benefits from 50 

finely-reconstructed time-varying exposures and extensive control for confounding, providing further 51 

support to a plausible causal link between long-term PM2.5 and mortality . 52 

 53 

Keywords: particulate matter; mortality; cohort study; UK Biobank; distributed lag models; machine 54 

learning.  55 



Introduction 56 

Chronic exposure to fine particulate matter (PM2.5) is recognized as a major risk factor for human 57 

health. The epidemiological literature has focused particularly on non-accidental mortality, for which 58 

now extensive evidence supports the existence of a causal link.1-3 However, strong associations have 59 

also been found for cause-specific outcomes, including cardiovascular, respiratory, and lung cancer 60 

mortality,4-6 with recent evidence extending the link to other outcomes such as metabolic and kidney 61 

diseases as well as neurological disorders.7-9  These associations were shown to persist at low PM2.5 62 

concentrations (below 10-12 μg/m³), prompting the World Health Organization (WHO) to revise the 63 

recommended annual limit downward to 5 μg/m³.  64 

The large number of studies on the long-term impact of PM2.5 on mortality has been summarised by 65 

various meta-analyses.10,11 The main evidence, in terms of sample size and population 66 

representativeness, comes from large administrative cohorts in North America, including the historical 67 

Harvard Six Cities and the American Cancer Society (ACS) cohorts,12 and more recently the US 68 

Medicare,13 and the Canadian Census Health and Environment Cohorts (CanCHEC),14 as well as multi-69 

centre studies conducted in Europe, for instance within the ESCAPE and ELAPSE projects.15-17  70 

Despite this evidence base, there are limitations. First, most of the large studies are based on 71 

administrative cohorts with partial information on individual-level characteristics.13,14,17 Specifically, 72 

such analyses ensured control of socio-economic and demographic attributes such as age, sex, income, 73 

and education, but they lacked information on lifestyle and other health-related factors. These 74 

characteristics, including smoking, alcohol consumption, and physical exercise, as well as body-to-mass 75 

index, are among the strongest risk factors for mortality and have a strong potential for confounding. 76 

Second, a critical feature of these studies of long-term PM2.5 and mortality is the exposure assignment 77 

process. Recent cohort studies took advantage of state-of-the-art exposure models that provide fine 78 

spatio-temporal resolution and accuracy for retrospective assignment of time-varying exposures.18,19 79 

However, most analyses relied on simple exposure definitions, for instance using same-year PM2.5 80 

levels,13 assigning time-constant values,15-17 or using single pre-determined exposure windows.14 81 

Previous studies have stressed the sensitivity of the estimates to the spatial and temporal scale of the 82 

exposure assignment,20 and a more informative definition of the exposure-risk summaries, accounting 83 

for time-varying levels and individual residential histories, can lead to improved health risk estimates 84 

and knowledge of aetiological mechanisms. 85 

Third, both meta-analyses and pooled studies indicated a degree of heterogeneity in the estimates of 86 

health risks associated with long-term exposure to PM2.5.10,11,17 While part of it can be explained by 87 

differences in exposure assessment as well as residual confounding, real variations in risks can also be 88 

related to particulate composition or underlying vulnerability of populations. Country and region-89 

specific assessments are therefore needed for reliable health risk estimation at the local level. 90 

However, evidence from the UK is scarce, with only a few individual-level studies conducted using 91 

administrative databases and population-based cohorts.21-23 92 

In this contribution, we assessed long-term risks for all-cause and cause-specific mortality associated 93 

with exposure to low levels of PM2.5 in the UK Biobank cohort. The study benefits from the analysis of 94 

a large cohort database with detailed individual characteristics, the use of detailed exposure histories 95 

assigned from high-resolution machine learning models and accounting for residential mobility, and 96 

the application of state-of-the-art analytical methods to investigate temporal relationships. 97 

 98 

Methods 99 

The UK Biobank 100 



The UK Biobank (UKB) is a British prospective cohort study that has enrolled more than half a million 101 

participants aged 40 to 69 years between 2006 and 2010.24 At enrolment, the participants underwent 102 

a first in-person assessment in one of the 22 assessment centres located across Great Britain (England, 103 

Scotland, and Wales). The assessment consisted of multiple questionnaires collecting information on 104 

lifestyles and personal characteristics, as well as the collection of anthropometric measures and 105 

biological samples. Participants are tracked directly through follow-up assessments involving subsets 106 

of subjects, and indirectly through routine linkage with various administrative health databases 107 

including mortality, hospital episode statistics, cancer screening, and primary care. The residential data 108 

are available in the UKB database, including the exact dates participants moved to each residence and 109 

the related geocoded locations with 100m rounding. The data were validated internally, and the 110 

mobility history was continuously updated through general practitioner registration or direct reporting 111 

by the participants. The cohort profile was described in previous publications.24,25 Details regarding the 112 

UKB database can be found on the showcase website (https://biobank.ndph.ox.ac.uk/showcase/). 113 

 114 

Mortality outcomes 115 

At the time of enrolment, the subjects consented access to a variety of personal information, including 116 

linked electronic health records and residential address location. The health data included, among 117 

other outcomes, mortality records routinely extracted and updated from the UK national registers.  We 118 

defined mortality outcomes based on the date and primary cause of death included in the main 119 

dataset following the International Classification of Disease 10th (ICD-10) revision: specifically, we 120 

defined all-cause (ICD-10 codes: A00-U99), non-accidental (A00-R99), cardiovascular (I00-I99), 121 

respiratory (J00-J99), and lung cancer (C34) mortality outcomes. 122 

 123 

Exposure assessment and linkage 124 

Existing PM2.5 exposure data available in the UKB database consist of annual average levels for the year 125 

2010 assigned at the residential address established at recruitment using a Europe-wide land-use 126 

regression (LUR) model with a resolution of 100x100m.26 This exposure linkage covered the subset of 127 

participants living within 400km of London (see the appendix). To enable assignment of time-varying 128 

exposures across the whole cohort, we used an improved exposure data source and the full residential 129 

history of each participant. The new exposure data source consisted of daily PM2.5 levels predicted on 130 

a 1-km grid across the UK in the period 2003-2021 using a hybrid spatio-temporal machine learning 131 

(ML) model. The model used a random forest algorithm trained using ground monitor series and a 132 

series of spatial and spatio-temporal predictors, including outputs from emission-dispersion models, 133 

remote sensing satellite data, as well as land use and traffic variables, among others.27 The model 134 

performance, assessed using monitor-based cross-validation, provided an overall coefficient of 135 

determination (R2) of 0.77 at daily scale.  136 

The exposure assignment process is described in previous work,28 and briefly summarised here. The 137 

process was performed in two steps. First, we constructed daily exposure series for each home location 138 

by combining gridded exposure values using bilinear interpolation, a process that performs a weighted 139 

average of the four nearest 1x1km cells using weights computed as the inverse distance of the location 140 

from the corresponding centroids. This approach allowed maximising the exposure information while 141 

masking the original data, thus preventing back-tracing of individual locations. Second, we composed 142 

the subject-specific exposure profiles by linking the daily series for corresponding periods determined 143 

by the residential history. The daily subject-specific exposure data were aggregated in annual series 144 

corresponding to calendar years to facilitate the model fitting, as described below. 145 

 146 



Study design and statistical analysis 147 

We performed a time-to-event analysis based on an extended Cox proportional hazard model with 148 

time-varying predictors. Subjects were censored at the time of death, lost to follow-up, or the 149 

administrative end of follow-up (set here to 31/12/2021), whichever came first. Events were defined 150 

as death for any cause or specific causes only. The Cox model was specified using calendar time as the 151 

temporal axis and stratified by assessment centre, sex, and year of birth, thus ensuring a strong control 152 

for temporal trends and differential risks by age. The time-to-event data was split by calendar year 153 

(defining yearly subject/periods starting on the 1st of January) to assign exposure levels over a window 154 

of eight years, consistently with previous studies.14 Specifically, for each sub-period, we assigned the 155 

yearly averaged PM2.5 from the previous calendar year (defined here as lag 0) to eight years earlier (lag 156 

7), so that exposure always preceded a mortality event. Given the need to define complete 8-year 157 

exposure histories and that the exposure data covered the period from 2003 on, the follow-up period 158 

effectively started on 01/01/2011 for all the subjects. Events that occurred before this date and 159 

subjects with incomplete exposure history were dropped from the analysis. We assumed a linear 160 

relationship and, in the main analysis, we defined the exposure index as the average of PM2.5 within 161 

four windows: 1 year (lag 0), 2 years (lag 0-1), 5 years (lag 0-4) and 8 years (lag 0-7). Each window was 162 

investigated in separate models.  163 

We specified six confounder models with increasing control for individual and area-level covariates 164 

measured at baseline, all entered as linear or categorical terms. The selection of confounders was 165 

based on a directed acyclic graph that defined the assumed causal pathways (Figure S1 in the 166 

appendix). Model 1 only included the matching variables used for stratification (assessment centre, 167 

sex, and year of birth). Models 2 and 3 added control for socio-economic status, using contextual and 168 

individual-level socio-economic variables, respectively. Specifically, Model 2 used the area-level 169 

Townsend deprivation index measured in 2010, while Model 3 included ethnic background, education 170 

level, household income, and employment status determined at recruitment. Model 4 featured all the 171 

variables in the previous models, while Model 5 also featured urban-rural classification and 172 

greenspace, two additional area-level variables rarely controlled for in published studies. Finally, 173 

Model 6 added a list of lifestyle-related factors rarely available in previous studies, including smoking 174 

status and intensity, alcohol intake, waist-to-hip ratio, physical activity (measured using the 175 

International Physical Activity Questionnaire (IPAQ) scale), and living alone.  Details on the variable 176 

definitions are provided in the supplementary appendix (first section and Table S1). 177 

In secondary analyses, we inspected the lag structure using distributed lag models (DLMs),29 using the 178 

extended version for time-to-event data.30 Specifically, we applied two different functions to specify 179 

the lag-response relationship in the fully-adjusted model (Model 6): natural cubic splines with 4 180 

degrees of freedom, and strata defining steps for lags 0, 1-2, 3-4, and 5-7. 181 

We performed several sensitivity analyses. First, we replicated the main model using alternative 182 

exposure sources and definitions, specifically using time-constant indices using either the value 183 

previously assigned from the LUR model or the average for 2010 from our ML model.26,27 In addition, 184 

we repeated the analysis truncating the follow-up to the pre-2020 or the post-2013 periods. The 185 

former was used to remove the years affected by the COVID-19 pandemic, and the latter to include a 186 

washout period in order to account for potential healthy-volunteer and other selection biases, as 187 

recently recommended.31 188 

Estimates of the associations were reported as hazard ratios (HRs) for all-cause and specific mortality 189 

outcomes per 10 μg/m³ increments in PM2.5, with 95% confidence intervals (CI). Missing values in the 190 

baseline covariates were imputed using multiple imputation by chained equation (MICE), producing 191 

five imputed datasets, with estimates combined using Rubin’s rule.32  192 



 193 

Results 194 

Population and exposure characteristics 195 

The original dataset included 502,381 individuals, from which 4,291 (0.85%) participants were 196 

excluded due to (partially) missing exposure histories, providing a final cohort of 498,090 individuals. 197 

The participants were followed up for an average of 10.3 years, with a total of 5,117,660 person-years. 198 

During the follow-up, there were 33,817 deaths among the selected participants, with 31,791 for non-199 

accidental causes, 6,904 and 2,461 for cardiovascular and respiratory outcomes, respectively, and 200 

2,820 for lung cancer. Tables 1-2 report descriptive statistics for the selected cohort. The average age 201 

at recruitment was 56.5 years. The participants included 54.5% of women, and it was overwhelmingly 202 

represented by people of white ethnicity (94.1%) and with high education (69.5% with a high school 203 

diploma or higher). Only 10.4% of the cohort were smokers at enrolment, most of them (65.0%) 204 

performed moderate/high physical activity, and only 8.1% consumed no alcohol. The majority (84.3%) 205 

lived in urban areas. 206 

Figure 1 illustrates the box-and-whiskers plot with the distribution of the annual average exposure to 207 

PM2.5 across the years. The plot shows that, across the study period, most of the participants were 208 

exposed to levels of air pollution that can be considered low (<15 μg/m³), and all lived in areas below 209 

the current UK air quality guideline level (25 μg/m³). Exposure levels show a noticeable temporal 210 

variation and a reduction from 2015 onwards, with most individuals living in areas with PM2.5 levels 211 

below 10 μg/m³ in 2021. However, the majority of them were still exposed to concentrations above 212 

the current recommended limit by the World Health Organization (5 μg/m³). 213 

 214 

Mortality risks associated with long-term PM2.5 exposure 215 

The estimates of the association between long-term exposure to PM2.5 and mortality are reported in 216 

Table 3, with combinations of causes of death, exposure windows, and various levels of covariate 217 

adjustments. In the fully-adjusted model (Model 6) and considering a cumulative exposure in the last 218 

eight years (lag 0-7), an increase of 10 μg/m³ in PM2.5 was associated with an HR of 1.27 (95%CI: 1.06-219 

1.53) and 1.24 (95%CI: 1.03-1.50) for all-cause and non-accidental mortality, respectively. There was 220 

evidence of positive associations also with respiratory (HR=2.07, 95%CI: 1.04-4.10) and lung cancer 221 

(HR=1.66, 95%CI: 0.86-3.19) mortality, although with wider confidence intervals, due to the smaller 222 

number of events. Surprisingly, cardiovascular mortality was not associated with long-term exposure 223 

to PM2.5 (HR=0.88 95%CI: 0.59-1.31). In general, the associations were positive across lags and their 224 

magnitude increased with longer lag windows, with the exception of respiratory mortality.  225 

The comparison of the estimates across models with different covariate adjustments in Table 3 226 

indicates strong confounding effects, more pronounced for area-level factors compared with 227 

individual-level characteristics. The HR for non-accidental mortality and lag 0-7 dropped from 4.11 228 

(95%CI: 3.50-4.82) in the basic model with only stratifying variables (Model 1) to 1.43 (95%CI: 1.21-229 

1.69) when area-level deprivation was accounted for (Model 2). Adding individual-level socio-230 

economic variables (Model 4) had little effect, while the inclusion of urban-rural residential settings 231 

and area-level greenspace (Model 5) further reduced the risk to an HR of 1.31 (95%CI: 1.09-1.59). 232 

Interestingly, the results suggested noticeable confounding effects from other individual-level 233 

covariates represented by lifestyle variables (Model 6) for most of the mortality causes, with the 234 

estimated risk decreasing further for all-cause, non-accidental, and lung cancer mortality, while 235 

remaining stable for respiratory causes. 236 

 237 



Analysis of the lag structure 238 

In secondary analyses, we investigated potential differences within the relevant exposure window by 239 

extending the Cox model with the simpler cumulative exposure through DLMs, specifically using 240 

natural splines and step functions. The results are reported in Figure 2, with the estimated lag-241 

response relationships reporting the HR along lags for an increase of 10 μg/m³ in PM2.5. It should be 242 

acknowledged immediately that the relatively low number of events and associated statistical power 243 

resulted in low precision and wide confidence intervals, preventing firm conclusions. However, the 244 

graphs provide interesting suggestions. For instance, the analysis of the lag-response curves for all-245 

cause and non-accidental mortality indicates positive associations with exposures experienced in the 246 

last year (lag 0) and at longer timeframes (lag 5-7). In contrast, respiratory and lung cancer mortality 247 

showed associations for different exposure windows, specifically lag 0-2 for the former and lag 3-5 for 248 

the latter, suggesting differential temporal relationships related to different patho-physiological 249 

processes. The estimates of the overall cumulative associations are close to the main model with a 250 

simple exposure definition assuming a constant effect across lags (Table S2 in the appendix). 251 

 252 

Sensitivity analyses using different exposure indices and follow-up periods 253 

In the first sensitivity analysis, we replicated the main model using alternative exposure summaries 254 

and sources. The assessment included a subset of 457,925 UKB participants (91.9% of the cohort used 255 

in the main analysis) with linked PM2.5 levels assigned from the original LUR model and the new ML 256 

model.26,27 The correlation between the two sources for the year 2010 is low, with a Pearson r 257 

coefficient of 0.25. The analysis of the PM2.5 distributions, shown in Figure S2 (appendix), reveals a 258 

peculiar pattern in the original data from the LUR model, with the PM2.5 left-truncated at about 8 259 

μg/m³, while the new ML model provides a wider exposure range and bimodal shape probably due to 260 

urban/rural residential locations. 261 

Figure 3 illustrates the comparison of the HRs estimated for each mortality cause using the original 262 

time-varying annual PM2.5 from the ML model, the fixed annual average in 2010 from the same model, 263 

and the corresponding value for the same year from the existing UKB data derived from the LUR model 264 

(see Table S3 in the appendix for the actual HR figures). The graph shows that the use of time-varying 265 

exposure summaries results in generally higher HRs, although with wider confidence intervals. 266 

Further sensitivity analyses assessed the sensitivity to the right and left truncation of the follow-up 267 

period, with results reported in Table S4 (appendix). The exclusion of the period affected by the COVID-268 

19 pandemic (pre-2020) generated very similar results. In contrast, the inclusion of a washout period 269 

with the restriction of the follow-up to the post-2013 years resulted in a general increase of the HR for 270 

all the mortality causes. 271 

 272 

Discussion 273 

This epidemiological study assessed long-term associations between time-varying PM2.5 exposure and 274 

mortality in the UK Biobank cohort. Results show increased risks of death for all causes as well as non-275 

accidental, respiratory, and lung cancer, but not for cardiovascular outcomes. The comparison of 276 

models with different levels of adjustment for confounders indicates the important role of contextual 277 

variables such as area-level deprivation and greenspace, but also the need to control for individual-278 

level factors related to lifestyle characteristics. The analysis features the innovative use of statistical 279 

techniques to analyse relevant lag structures through the implementation of distributed lag models 280 

within Cox proportional hazard regression, with suggestions of possible differences in the relevant 281 

exposure windows across mortality outcomes. 282 



Our risk associations are generally higher than those reported in meta-analyses as well as large-scale 283 

or pooled studies, both for non-accidental mortality and other causes, especially respiratory and lung 284 

cancer.10,11,13-17 Prior results for the UK are sparser and less consistent: an analysis of a national English 285 

cohort of patients registered to clinical practices reported an HR of 1.13 (95% CI: 1.00-1.29) for all-286 

cause mortality,21 while a recent analysis of the UKB cohort found a higher risk of 1.27 (95% CI: 1.05-287 

1.55),23 similar to that found by our study for all-cause mortality, although using time-constant 288 

exposure summaries and a less strict confounding control compared to our analysis. There can be 289 

multiple explanations for such differences. First, the use of more informative exposure data can have 290 

led to a reduction in exposure misclassification and a better ability to identify risk associations, as 291 

discussed below. Second, the risk could be steeper at the relatively low exposure ranges of the UKB 292 

cohort, as previously reported.16,17,33 Interestingly, the higher size of the risk estimates using time-293 

varying exposures and the findings about the confounding effects of lifestyle and other individual-level 294 

factors are consistent with other published analyses.20,34 295 

In contrast, we found no evidence of an association with cardiovascular mortality. Such a link is in fact 296 

well established in the epidemiological literature summarised above, although conflicting results were 297 

reported from the UK.21-23 A potential explanation is the relatively young age of the UKB participants, 298 

given the specific recruitment constraints (40-69 years of age) and the still relatively short follow-up, 299 

although this issue should be studied further in future analyses. In general, for all outcomes, 300 

differences can be due to variations in population susceptibility and specific PM composition. It must 301 

also be noted that, in any case, the relatively wide confidence intervals include ranges more consistent 302 

with the literature. 303 

Important strengths of this study are the fine control for confounding and the use of time-varying 304 

exposure information. Most of the studies in the literature are based on large administrative cohorts 305 

with limited individual-level information,13,14,17 or the pooling of small and heterogeneous cohorts,16,22 306 

although with some exceptions.34 The UKB database offers a unique combination where information 307 

on both contextual and individual-level characteristics was collected for a large sample of half a million 308 

participants. The results reported in Table 3 demonstrate the potential biases arising from incomplete 309 

confounding control, with area-level deprivation, rural-urban settings, and greenspace, as well as 310 

individual lifestyle factors, all featuring as important predictors and potential confounders. Similarly, 311 

the analysis takes advantage of time-varying exposure information, provided by the detailed 312 

reconstruction of individual-level daily exposure histories to PM2.5 for the full cohort using state-of-313 

the-art spatio-temporal machine learning models.27 With some exceptions,14,35 most of the published 314 

studies used simpler effect summaries, based for instance on time-invariant exposure indices (for 315 

instance the average PM2.5 in a given year),16,17 or alternatively using time-varying measures 316 

represented only by the current year’s level.13 Previous methodological works highlighted the benefit 317 

of using time-varying exposure summaries based on longer exposure windows and reconstructed using 318 

exposure models with high spatial and temporal resolution.20,36 This evidence is consistent with the 319 

results of our sensitivity analysis in Figure 3. 320 

An original aspect of this study is the application of flexible methods to assess the temporal structure 321 

of the association and identify relevant exposure windows across different outcomes. This issue has 322 

been addressed in the large epidemiological literature for other risk factors such as smoking,37 radon,38 323 

or medications,39 but apart from some exceptions,40,41 it has been notably overlooked in the research 324 

on the long-term risks of air pollution. In particular, the application of DLMs offers an easily adaptable 325 

framework where different functions can be applied to model the lag-response relationship, and it 326 

takes full advantage of finely temporally disaggregated exposure histories. The DLM methodology was 327 

originally implemented and is commonly used in time series studies to analyse short-term risks of 328 

environmental factors.29,42,43 More recently, it has been generalised beyond time series data and it is 329 



now applicable for the analysis of long-term associations,30 although with limited applications so far.41 330 

Our study demonstrates its potential, and although the large uncertainty in the results prevents 331 

drawing firm conclusions in this specific case, it can be replicated in future follow-up updates of the 332 

UKB cohort and other studies. 333 

An important limitation of the UKB cohort is its voluntary participation with a low response rate of 334 

5.5%,44 resulting in a selection of participants non-representative of the UK population.45 While it has 335 

been established that representativeness is not a requirement for valid epidemiological inference,46,47 336 

a strong selection can result in biased estimates in the presence of unmeasured risk factors that act as 337 

colliders when associated with both the exposure and the probability of selection.31,47,48 While we 338 

cannot verify this hypothesis, we included a washout period in a sensitivity analysis, recommended in 339 

a recent study as a measure to attenuate the bias.31 This resulted in higher effect estimates, indicating 340 

that in case this bias occurred, our estimates would be conservative. 341 

Other limitations must be acknowledged. First, despite the size of the UKB cohort, its follow-up is still 342 

relatively short and results in a small number of health events compared to other published studies. 343 

This affected the precision of the estimates, in particular for cause-specific mortality outcomes, and 344 

prevented supplementary analysis such as on the shape of the exposure-response curve and potential 345 

non-linearities. In addition, most of the potential confounders included in the analysis were only 346 

measured at baseline, and we could not account for potential changes during the follow-up, in 347 

particular related to lifestyle factors. Regarding the exposure measurement, while we relied on high-348 

resolution PM2.5 levels derived from the spatio-temporal ML model, these only represent residential 349 

concentrations, which can result in some degree of exposure misclassification. Furthermore, the 350 

exposure reconstruction could only cover the period from 2003 on, thus limiting the temporal windows 351 

we could assess in our analysis. Finally, we were not able to adjust for co-pollutants such as nitrogen 352 

dioxide (NO2) or ozone (O3). However, the linkage of these and other environmental stressors to the 353 

UKB database is ongoing and this limitation can be addressed in future analyses. 354 

In conclusion, this epidemiological assessment examined the association between long-term exposure 355 

to PM2.5 and mortality in the UKB cohort, a large prospective study of more than half a million British 356 

adults, using finely-reconstructed exposures, strict control for confounding, and advanced study 357 

designs and statistical methods. The results indicate significant risks associated with PM2.5 for all-cause, 358 

non-accidental, and respiratory causes, as well as lung cancer, but not for cardiovascular outcomes.  359 
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Tables 391 

 392 

Table 1. Descriptive statistics (mean with 5th-95th percentile range and missing) for continuous baseline 393 

characteristics§ in the selected UKB cohort (498,090 participants recruited in the period 2006-2010). 394 

Age at baseline 
Years 56.50 (42.00 to 68.00) 

Missing (%) 0 (0.0%) 

Waist-to-hip ratio 
- 0.87 (0.73 to 1.02) 

Missing (%) 2,165 (0.4%) 

Smoking intensity 
Pack-years 8.22 (0.00 to 40.62) 

Missing (%) 77,321 (15.5%) 

Townsend deprivation 
index 

- -1.30 (-5.05 to 4.92) 

Missing (%) 616 (0.1%) 

Greenspace 
% 45.01 (15.58 to 86.94) 

Missing (%) 60,318 (12.1%) 

§See the text and Table S1 in the appendix for definitions and additional information. 395 

  396 



Table 2. Distributions of categorical baseline characteristics§ in the selected UKB cohort (498,090 397 

participants recruited in the period 2006-2010). See the text and Table S1 in the appendix for 398 

definitions and additional information. 399 

Sex 

Female 271,660 (54.5%) 

Rural/urban 
classification 

Urban 420,043 (84.3%) 

Male 226,430 (45.5%) Town/fringe 37,256 (7.5%) 

Missing (%) 0 (0.0%) Village/Rural 35,893 (7.2%) 

Ethnic 
background 

White 468,508 (94.1%) Missing (%) 4,898 (1.0%) 

Other 26,847 (5.4%) 

Physical 
activity 

Low 75,255 (15.1%) 

Missing (%) 2,735 (0.5%) Moderate 162,774 (32.7%) 

Employment 

Employed 285,717 (57.4%) High 161,041 (32.3%) 

Retired 164,864 (33.1%) Missing (%) 99,020 (19.9%) 

Other 41,926 (8.4%) 

Alcohol 
consumption 

Never 40,046 (8.0%) 

Missing (%) 5,583 (1.1%) Special occasions only 57,388 (11.5%) 

Education 

Low 
83,964 (16.9%) 

One to three times a 
month 55,424 (11.1%) 

 Professional 
Qualification 57,948 (11.6%) Once or twice a week 128,297 (25.8%) 

Highschool diploma 
186,136 (37.4%) 

Three or four times a 
week 114,678 (23.0%) 

College/University 
degree 160,098 (32.1%) Daily or almost daily 100,795 (20.2%) 

Missing (%) 9,944 (2.0%) Missing (%) 1,462 (0.3%) 

Income (£) 

Less than 18,000 95,735 (19.2%) 

Smoking 
status 

Never 271,865 (54.6%) 

18,000 to 30,999 107,266 (21.5%) Previous 171,301 (34.4%) 

31,000 to 51,999 110,145 (22.1%) Current 52,037 (10.4%) 

52,000 to 100,000 85,892 (17.2%) Missing (%) 2,887 (0.6%) 

Greater than 100,000 22,831 (4.6%) 

Living alone 

No 402,043 (80.7%) 

Missing (%) 76,221 (15.3%) Yes 92,937 (18.7%) 

   Missing (%) 3,110 (0.6%) 

§See the text and Table S1 in the appendix for definitions and additional information.  400 



Table 3. Hazard ratios (HRs, with 95% confidence intervals) of different mortality causes associated with an 401 
increase of 10 μg/m³ in PM2.5 in the UKB cohort, for combinations of length of exposure windows and 402 
confounding control. 403 

 Lag Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

All causes 
(33,817 events) 

0 3.12 (2.73-3.56) 1.37 (1.19-1.56) 2.20 (1.92-2.51) 1.33 (1.16-1.53) 1.25 (1.07-1.45) 1.20 (1.03-1.39) 

0-1 3.49 (3.04-4.01) 1.40 (1.22-1.62) 2.38 (2.07-2.73) 1.37 (1.19-1.58) 1.27 (1.09-1.50) 1.21 (1.03-1.43) 

0-4 3.96 (3.42-4.58) 1.44 (1.24-1.67) 2.60 (2.24-3.02) 1.40 (1.21-1.63) 1.30 (1.10-1.55) 1.24 (1.04-1.47) 

0-7 4.44 (3.80-5.18) 1.47 (1.26-1.73) 2.84 (2.43-3.33) 1.45 (1.23-1.70) 1.34 (1.12-1.61) 1.27 (1.06-1.53) 

Non-accidental 
(31,791 events) 

0 2.95 (2.58-3.39) 1.34 (1.17-1.54) 2.11 (1.84-2.43) 1.32 (1.14-1.51) 1.24 (1.06-1.44) 1.18 (1.01-1.38) 

0-1 3.26 (2.82-3.75) 1.37 (1.18-1.58) 2.26 (1.95-2.61) 1.34 (1.16-1.55) 1.25 (1.06-1.48) 1.19 (1.01-1.40) 

0-4 3.66 (3.15-4.26) 1.39 (1.19-1.62) 2.45 (2.10-2.85) 1.36 (1.17-1.59) 1.27 (1.06-1.51) 1.20 (1.01-1.43) 

0-7 4.11 (3.50-4.82) 1.43 (1.21-1.69) 2.68 (2.28-3.15) 1.41 (1.20-1.67) 1.31 (1.09-1.59) 1.24 (1.03-1.50) 

Cardiovascular 
(6,904 events)  

0 3.59 (2.67-4.83) 1.15 (0.86-1.55) 2.08 (1.54-2.80) 1.07 (0.79-1.44) 1.05 (0.76-1.47) 1.02 (0.73-1.41) 

0-1 3.99 (2.93-5.43) 1.13 (0.83-1.54) 2.19 (1.60-2.99) 1.04 (0.76-1.42) 1.02 (0.72-1.45) 0.97 (0.69-1.38) 

0-4 4.31 (3.12-5.96) 1.06 (0.77-1.47) 2.25 (1.62-3.12) 0.98 (0.70-1.36) 0.94 (0.64-1.36) 0.90 (0.62-1.30) 

0-7 4.80 (3.40-6.77) 1.04 (0.73-1.48) 2.41 (1.70-3.42) 0.97 (0.68-1.38) 0.92 (0.62-1.38) 0.88 (0.59-1.31) 

Respiratory 
(2,461 events) 

0 12.23 (7.33-20.41) 2.01 (1.21-3.37) 5.67 (3.36-9.57) 1.93 (1.14-3.26) 2.25 (1.24-4.09) 2.18 (1.21-3.94) 

0-1 14.34 (8.48-24.23) 2.04 (1.20-3.46) 6.28 (3.67-10.76) 1.95 (1.14-3.36) 2.34 (1.25-4.37) 2.23 (1.20-4.16) 

0-4 17.09 (9.87-29.58) 2.05 (1.17-3.57) 7.00 (3.99-12.28) 1.96 (1.11-3.46) 2.36 (1.22-4.56) 2.23 (1.16-4.28) 

0-7 18.63 (10.45-33.21) 1.93 (1.08-3.47) 7.28 (4.04-13.11) 1.88 (1.03-3.41) 2.21 (1.11-4.40) 2.07 (1.04-4.10) 

Lung cancer 
(2,820 events) 

0 8.27 (5.20-13.15) 1.72 (1.08-2.74) 5.01 (3.11-8.05) 1.80 (1.12-2.89) 1.77 (1.05-3.01) 1.52 (0.90-2.58) 

0-1 9.39 (5.80-15.20) 1.67 (1.03-2.72) 5.40 (3.29-8.84) 1.74 (1.07-2.86) 1.71 (0.98-2.99) 1.42 (0.81-2.49) 

0-4 13.13 (7.86-21.93) 1.90 (1.13-3.20) 7.13 (4.21-12.07) 2.01 (1.18-3.41) 2.02 (1.10-3.70) 1.62 (0.89-2.98) 

0-7 15.96 (9.20-27.69) 1.91 (1.09-3.35) 8.32 (4.73-14.63) 2.07 (1.17-3.66) 2.06 (1.08-3.95) 1.66 (0.86-3.19) 

Model 1: stratifying variables only (assessment centre, sex, and month of age) 404 
Model2: Model 1 + area-level deprivation (Townsend deprivation index, TDI) 405 
Model 3: Model 1 + individual-level socio-economic variables (ethnic background, education level, household income, and employment 406 
status) 407 
Model 4: Model 2 + Model 3 408 
Model 5: Model 4 + urban/rural classification and greenspace  409 
Model 6: Model 5 +  individual-level lifestyle factors (smoking status and pack/years, alcohol intake, physical activity, waist-to-hip ratio, living 410 
alone)  411 



Figures 412 

 413 

Figure 1. Distribution of annual average exposure to PM2.5 across participants of the UKB cohort in the 414 

period 2003-2021, with limits corresponding to air quality guidelines/directives (AQG and AQD) from 415 

the World Health Organization (WHO), European Union (EU), and the United Kingdom (UK). 416 
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Figure 2. Lag-response relationships representing the hazard ratios (HRs, with 95% confidence 440 

intervals) of different mortality causes associated with an increase of 10 μg/m³ in PM2.5 along an 8-441 

year exposure window (lag 0-7), estimated by distributed lag models (DLM) with splines (line with 95% 442 

confidence intervals area) and step functions (points with 95% confidence intervals bars), respectively, 443 

using the fully-adjusted confounder model (Model 6 in Table 3). 444 
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 455 

Figure 3. Comparison of hazard ratios (HRs, with 95% confidence intervals) of different mortality causes 456 

associated with an increase of 10 μg/m³ in PM2.5, estimated using alternative exposure sources and 457 

indices, using the fully-adjusted confounder model (Model 6 in Table 3). 458 
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Long-term associations between time-varying exposure to ambient PM2.5 and 605 

mortality risks: an analysis of the UK Biobank 606 

Appendix 607 

 608 

Variable definitions and sources in the UKB database 609 

The data used in the analysis were retrieved from the UKB database. The information was mostly 610 

collected at recruitment during the baseline assessment, with the exception of the follow-up and 611 

mortality data that are linked routinely and constantly updated. The other source of data is the time-612 

varying PM2.5 exposure that was generated by the spatio-temporal machine learning (ML) model (Ref 613 

27 in the main text), which was linked separately and will be integrated into the UKB database soon. 614 

Table S1 below provides information on the selected variables. More details are available in the UKB 615 

Showcase (https://biobank.ndph.ox.ac.uk/showcase/), which includes a ‘search’ tab to gather 616 

information on each variable using the related Field IDs. 617 

Table S1. Definition of variables in the UKB database used in the analysis, together with the 618 

corresponding Field IDs in the UKB database. 619 

Variable Field IDs Notes 

Date of birth 34, 52 
Derived from year (Field 34) calendar month (Field 52) of birth, 
and assigned to the 15th day (the exact day is not provided) 

Date of death 40000 Acquired from the central registry 

Cause of death 40001 Underlying (primary) cause of death, coded using ICD-10 

Date lost to follow-up  
Date from which a participant is believed to be lost to follow-up 
(not updated from 2017) 

Date of start of follow-up 53 Date when a participant attended a UKB assessment centre 

Assessment centre 54 
One of the 22 assessment centres at which participants were 
recruited 

Sex 21022 Genetic sex 

Age at baseline 31, 22001 
Derived based on the date of birth and date of attending the 
initial assessment centre 

Townsend deprivation index 22189 
Assigned corresponding to the output area in which the 
participant’s residence postcode is located 

Ethnic background 21000 Amalgam of sequential branching questions 

Employment 6142, 20119 Field 20119 was used to correct the original Field 6142 

Education 6138 Education level based on qualifications 

Income 738 Average total household income before tax  

Waist-to-hip ratio 48, 49 Ratio of circumferences of waist (Field 48) and hip  (Field 49) 

Physical activity 22032 IPAQ score 

Alcohol drinking status 1558 Based on the frequency of alcohol drinking 

Smoking status 20116 Current/past smoking status of the participant 

Smoking intensity 20161 Pack years of smoking (derived by combining various Fields) 

Living alone 709, 670 
Derived from information on the number of people in the 
household (Field 709) and type of accommodation (Field 670) 

Urban-rural classification 20118 
Derived by linking each participant's home postcode to the 
2001 census from the Office of National Statistics 

Greenspace 24500 
Percentage of land-use type classified as greenspace in a buffer 
of 1000m around the participant’s residence 

PM2.5 from LUR model 24006 
PM2.5 level (μg/m³) at each participant’s residence in 2010 
derived from a Europe-wide land-use regression (LUR) model 

 620 

621 



Additional Supplementary Tables 622 

 623 

Table S2. Hazard ratios (HRs, with 95% confidence intervals) of different mortality causes associated 624 

with an increase of 10 μg/m³ in PM2.5 in the UKB cohort, estimated using different models for 625 

modelling the lag-response relationships along an 8-year exposure window (lag 0-7) and the fully-626 

adjusted confounder model (Model 6 in Table 3). 627 

 Main model (lag 0-7 average) Spline-DLM Strata-DLM 

All causes 1.27 (1.06-1.53) 1.29 (1.07-1.55) 1.28 (1.06-1.54) 

Non-accidental 1.24 (1.03-1.50) 1.27 (1.05-1.54) 1.26 (1.04-1.52) 

Cardiovascular 0.88 (0.59-1.31) 0.92 (0.62-1.38) 0.91 (0.60-1.36) 

Respiratory 2.07 (1.04-4.10) 2.28 (1.14-4.57) 2.19 (1.09-4.38) 

Lung cancer 1.66 (0.86-3.19) 1.61 (0.83-3.12) 1.64 (0.84-3.17) 

Main model: corresponding to a simple DLM with a single stratum modelling a constant lag-response risk 628 
Spline-DLM: using natural cubic splines with 4 degrees of freedom (two-equally-space internal knots and an intercept) 629 
Strata-DLM: using strata defining steps for lags 0, 1-2, 3-4, and 5-7 630 

 631 

Table S3. Comparison of the number of events for different mortality causes and corresponding hazard 632 

ratios (HRs, with 95% confidence intervals) associated with an increase of 10 μg/m³ in PM2.5, estimated 633 

using alternative exposure sources and indices (see Figure 3 in the main text), using the fully-adjusted 634 

confounder model (Model 6 in Table 3). 635 

 N ML time-varying ML 2010 LUR 2010 

All causes 30,750 1.26 (1.04-1.53) 1.13 (0.96-1.33) 1.20 (1.03-1.39) 

Non-accidental 28,934 1.22 (1.00-1.49) 1.12 (0.95-1.33) 1.20 (1.03-1.40) 

Cardiovascular 6,287 0.87 (0.57-1.34) 0.83 (0.58-1.18) 1.25 (0.90-1.72) 

Respiratory 2,262 2.55 (1.24-5.27) 1.58 (0.86-2.92) 1.97 (1.17-3.32) 

Lung cancer 2,543 1.57 (0.79-3.11) 1.22 (0.68-2.17) 1.12 (0.68-1.86) 

ML-time-varying: annual PM2.5 varying during the follow-up period from a spatio-temporal machine learning model (Ref 23 in the main text) 636 
ML-2010: annual PM2.5 in 2010 from the model above. 637 
LUR 2010: annual PM2.5 in 2010 from a Europe-wide land-use regression (LUR) model (Ref 27 in the main text) 638 

 639 

Table S4. Number of events for different mortality causes and corresponding hazard ratios (HRs, with 640 

95% confidence intervals) associated with an increase of 10 μg/m³ in PM2.5, estimated by truncating 641 

the follow-up to the pre-2020 (left) and post-2013 (right) periods, using the fully-adjusted confounder 642 

model (Model 6 in Table 3). 643 

 N Pre-2020 period N Post-2013 period 

All causes 29,752 1.28 (1.05-1.56) 26,180 1.33 (1.09-1.62) 

Non-accidental 28,238 1.24 (1.02-1.52) 24,423 1.30 (1.06-1.58) 

Cardiovascular 6,029 0.85 (0.55-1.30) 5,376 0.99 (0.65-1.52) 

Respiratory 2,203 2.22 (1.08-4.56) 2,046 2.38 (1.16-4.89) 

Lung cancer 2,578 1.86 (0.94-3.70) 2,002 2.12 (1.07-4.20) 

 644 

  645 



Supplementary Figures 646 

 647 

Figure S1. Directed acyclic graph (DAG) illustrating the assumed causal pathways involving exposure to 648 

PM2.5 and mortality in the presence of specific sets of other risk factors. The figure distinguishes 649 

between area-level and individual-level sets of factors, and it includes both observed (definite) and 650 

unobserved (transparent) variables. The graph suggests that all the observed sets of factors (area-level 651 

deprivation, urban/rural & greenness, individual-level socio-economic variables, and lifestyle) should 652 

be adjusted for in order to avoid potential confounding. 653 

  654 



Figure S2. Comparison of distributions of the annual average exposure to PM2.5 in 2010 across 655 

participants of the UKB cohort from the spatio-temporal machine learning (ML) model and the Europe-656 

wide land-use regression (LUR) model. 657 
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A B S T R A C T

Introduction: A causal link between air pollution exposure and cardiovascular events has been suggested. How
ever fewer studies have investigated the shape of the associations at low levels of air pollution and identified the 
most important temporal window of exposure. Here we assessed long-term associations between particulate 
matter < 2.5 µm (PM2.5) at low concentrations and multiple cardiovascular endpoints using the UK Biobank 
cohort.
Methods: Using data on adults (aged > 40) from the UK Biobank cohort, we investigated the associations between 
1-year, 3-year and 5-year time-varying averages of PM2.5 and incidence of major adverse cardiovascular events 
(MACE), myocardial infarction (MI), heart failure, atrial fibrillation and flutter and cardiac arrest. We also 
investigated outcome subtypes for MI and stroke. Events were defined as hospital inpatient admissions. We fitted 
Cox proportional hazard regression models applying extensive control for confounding at both individual and 
area level. Finally, we assessed the shape of the exposure–response functions to assess effects at low levels of 
exposure.
Results: We analysed data from 377,736 study participants after exclusion of prevalent subjects. The average 
follow-up (2006–2021) was 12.9 years. We detected 19,353 cases of MACE, 6,562 of acute MI, 6,278 of heart 
failure, 1,258 for atrial fibrillation and flutter, and 16,327 for cardiac arrest. Using a 5-year exposure window, we 
detected positive associations (for 5 μg/m3 increase in PM2.5) for 5-point MACE of [1.12 (95 %CI: 1.00–1.26)], 
heart failure [1.22 (1.00–1.50)] and cardiac arrest [1.16 (1.03–1.31)]. We did not find any association with acute 
MI, while non-ST-elevation MI was associated with the 1-year exposure window [1.52 (1.12–2.07)]. The 
assessment of the shape of the exposure–response relationships suggested that risk is approximately linear for 
most of the outcomes.
Conclusions: We found positive associations between long-term exposure to PM2.5 and multiple cardiovascular 
outcomes for different exposure windows. The cardiovascular risk tends to rise even at exposure concentrations 
below 12–15 μg/m3, indicating high risk below UK national and international thresholds.
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1. Introduction

Historically, cardiovascular events have been among the most 
prominent contributors to the global burden of disease, causing 4.75 
million deaths annually (Vaduganathan et al., 2022). Thanks to signif
icant scientific progress in medical therapies, preventive measures, and 
increased public awareness over the years, high-income countries have 
experienced a decline in adverse clinical endpoints related to cardio
vascular issues. However, globally, cardiovascular diseases continue to 
pose a substantial burden and remain a primary concern for national 
healthcare systems (Cheema et al., 2022).

Air pollution is a well-recognized risk factor for cardiovascular dis
eases and, among other air pollutants, PM2.5 (particulate matter with an 
aerodynamic diameter less than 2.5 μm) is known to be the most 
detrimental.

PM2.5 has been suggested to be causally related to cardiovascular 
disease and modulates its effects through a multitude of mechanisms, 
including progression of atherosclerosis and promotion of vulnerable 
plaque (Sanjay et al., 2018). Both acute plaque instability and chronic 
progression of plaque may ultimately result in the presentation of acute 
myocardial infarction and stroke. Therefore, considerable attention has 
been devoted to understanding the timelines of exposure to air pollution 
and resultant cardiovascular events (Al-Kindi et al., 2020; Crouse et al., 
2020). There is also an emerging body of evidence linking antecedent 
exposure to air pollution with heart failure hospitalization and ar
rhythmias, including both atrial fibrillation and ventricular arrhythmias 
(de Bont et al., 2022). However, there is a paucity of studies on the 
relevant temporal windows of exposure (Crouse et al., 2020).

Further, studies that have evaluated a variety of composite outcomes 
are rare (Osborne et al., 2023), and the presence of non-linear effects, 
especially at lower levels of exposure, has been investigated in detail 
only in a few investigations with only one in Europe (Wolf et al., 2021; 
Danesh Yazdi et al., 2019; Bai et al., 2019).

In this study, we made use of the wealth of individual-level data 
present in UK Biobank (UKB) cohort, paired it with temporally resolved 
ambient PM2.5 exposure data, to assess risks of hospitalizations for 
several cardiovascular outcomes. We aimed to explore long-term asso
ciations at low levels of PM2.5 using time-varying averages at multiple 
temporal windows of exposure. We also assessed non-linear effects by 
varying the shape of the exposure–response function and by restricting 
the analysis to subjects with exposures below predefined thresholds.

2. Methods

2.1. Population (UK Biobank cohort)

The British prospective cohort study, UK Biobank (UKB), enrolled 
approximately half a million individuals aged 40 to 69 years between 
2006 and 2010. As a first cohort assessment, the participants underwent 
an in-person visit in one of the 22 assessment centres located across 
Great Britain (England, Scotland, and Wales). The visit included multi
ple questionnaires regarding lifestyles and personal characteristics. 
Anthropometric measures and biological samples were also collected. 
Participants were followed up through periodical linkage with admin
istrative health databases, including mortality and cancer national reg
istries as well as primary and secondary care visits. The cohort profile 
has been described in detail in previous publications (Sudlow et al., 
2015; Fry et al., 2017). Specific details regarding the UKB database can 
be found on the showcase website (https://biobank.ndph.ox.ac.uk/sh 
owcase/).

2.2. Study design

This study followed a time-to-event design. In this analysis, we 
excluded subjects with cardiovascular hospital admission prior to 
enrolment. Subsequently, we excluded subjects who, at enrolment time, 

self-reported prior cardiovascular diseases and/or hypertension medi
cation. Participants were censored at the date of event occurrence, date 
of death, loss to follow-up, or the administrative end of follow-up (set 
here to 31/12/2021), whichever came first.

2.3. Exposure assessment and linkage

We assigned exposure at individual level combining PM2.5 pre
dictions and residential history data. The original PM2.5 data were 
represented by daily levels predicted on a 1-km grid across the UK in the 
period 2003–2021 using a hybrid spatio-temporal machine learning 
(ML) model. The model used an ensemble of ML algorithms trained 
using ground monitor series and a series of spatial and spatio-temporal 
predictors, including outputs from emission-dispersion models, remote 
sensing satellite data, as well as land-use and traffic variables, among 
others (de la Cruz et al., 2024). The model performance, assessed using 
cross-validation, provided an overall coefficient of determination (R2) of 
0.80 at daily scale. The residential data were available in the UKB 
database, including periods and geocoded locations with 100 m 
rounding. The data were validated internally, and the mobility history 
continuously updated through general practitioner registration or direct 
reporting by the participants.

The linkage process was performed in two steps. First, we con
structed daily exposure series for each residential location by interpo
lating gridded exposure values using bilinear method. This approach 
consist of a linear interpolation over a two-dimensional grid and allowed 
preserving the exposure information while masking the original resi
dential data, thus preventing back-tracing of the individual locations. 
Second, we composed the subject-specific exposure series by matching 
the daily series for corresponding residential periods. The process has 
been described in detail in a previous publication (Vanoli et al., 2024).

2.4. Hospital admissions outcomes

At the time of enrolment, people consented for access to a variety of 
personal information, including linked electronic health records and 
residential address locations. The UKB provides access to summary 
datasets including first inpatient hospital visits and operation codes. For 
each outcome, ICD-10 code and date of first primary or secondary 
diagnosis are made available. In this analysis, we used codes for the 
following outcome diagnoses: heart failure (I50.x, where “.x” defines all 
code subtypes), atrial fibrillation and flutter (I46, I46.0, I46.1, I46.9), 
cardiac arrest (I48, I48.0, I48.1, I48.2, I48.3,I 48.4), acute myocardial 
infarction (I21.x, I23.x), ST-elevation myocardial infarction (STEMI, 
I21.0–3), non-ST-elevation myocardial infarction (NSTEMI, I21.4), 
intracerebral stroke (I61.x), ischaemic stroke (I63.x, I64.x), and sub
arachnoid stroke (I60.x). In addition, we created a composite major 
adverse cardiovascular event (5-point MACE) outcome, defined as the 
occurrence of either acute MI (I21.x, I23.x), stroke (I60.x,I61.x,I63.x, 
I.64.x), unstable angina (I20.0) and heart failure (I50.x) and death due 
to cardiovascular disease (I00-I99). Details on the outcome diagnoses’ 
definitions can be found on the UKB website (https://biobank.ndph.ox. 
ac.uk/ukb/label.cgi?id = 2002).

2.5. Statistical analysis

We constructed separate cohorts to analyze each outcome based on 
an extended Cox proportional hazard model for time-varying exposures 
where the follow-up of each subject was split by calendar year. There
fore, we performed the analysis based on an extended Cox proportional 
hazard model with time-varying exposure (Andersen and Gill, 1982). 
We defined the model using calendar years as timescale and we stratified 
by assessment centre, sex, and year of birth, thus ensuring control for 
differential risks by age. The extended survival data was linked with 
annual exposure averages assigned over a lag window of five years, from 
lag 0 (the year of the event) until lag 4 (i.e. fourth year before the year of 
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the event), consistently with previous studies (Crouse et al., 2015). 
Subjects with incomplete exposure history were excluded from the 
analysis.

In the main analysis, the exposure term was defined as the time- 
dependent average across the lag periods (in years) and we assumed a 
linear exposure–response relationship. Specifically, we investigated the 
associations for lag 0 (1-year average), lag 0–2 (3-year average) and lag 
0–4 (5-year average) in separate models, due to their potentially high 
correlation. Additionally, we evaluated the shape of the association 
between time-varying PM2.5 for lag 0–4 and each outcome by estimating 
a non-linear response function using penalized splines, with the optimal 
degrees of freedom selected using the Akaike Information Criterion 
(AIC).

We a priori specified two confounder models: Model 1 included the 
matching variables used for stratification (assessment centre, sex, and 
year of birth) and individual covariates determined at recruitment: 
ethnic background education level, household income, employment 
status, smoking status, packs of cigarettes per year, average alcohol 
intake per week, waist-to-hip ratio, physical activity (measured using 
the International Physical Activity Questionnaire (IPAQ) scale) and 
living alone (a proxy for marital status). In Model 2, we added control for 
area-level covariates, including the Townsend Deprivation Index 
measured in 2010, urban–rural classification (urban, town or fringe and 
village), and greenness percentage around the baseline residential 
address (at 1000 m buffer based on the UKB internal definition 
(Generalised Land Use Database Statistics for England, 2005; Morton 
et al., 2011)).

Estimates of the associations were reported as hazard ratios (HRs) for 
each hospitalization outcome per 5 μg/m3 increments in PM2.5, with 95 
% confidence intervals (CI). Missing values in the baseline covariates 
were imputed using multiple imputation by chained equation (MICE), 
producing five imputed datasets, with estimates combined using Rubin’s 
rule (Barnard and Rubin, 1999).

2.6. Additional analyses

We performed a sensitivity analysis including only person-years 
assigned to exposure levels below 10 (WHO 2005 limits) or 12 µg/m3, 
as done previously (Wolf et al., 2021). We did not investigate associa
tions at exposure levels below the WHO 2021 annual limits (5 µg/m3) 
because of the paucity of data in that exposure range. To evaluate 
sensitivity in the associations due to different MACE definitions, we 
conducted sensitivity analyses using 4- and 3-point MACE. Those were 
defined as the 5-point MACE outcome sequentially excluding diagnosis 
for heart failure (4-point MACE) and unstable angina (3-point MACE), 
respectively. To assess potential changes in the association attributable 
to the COVID-19 period we conducted an analysis with follow-up up to 
31/12/2019. We conducted an additional analysis subsetting the cases 
only to the participants who had the diagnosis in the primary position. 
We also reported results by IQR increase (3.7 µg/m3) to make our results 
more in line with the exposure distribution. Finally, we performed an 
analysis including a washout period in order to account for potential 
healthy-volunteer and other selection biases, as recommended in a 
recent publication (Chen et al., 2024).

Data cleaning and statistical analyses were conducted using in R 
Statistical Software (version 4.2.1) and the following packages were 
used: data.table, survival, mice, parallel, ggplot2 and gridExtra.

3. Results

3.1. Descriptives

The original dataset included 502,381 individuals. We excluded 
subjects with cardiovascular inpatient hospital admission prior to 
enrolment (n = 83,249), with self-reported history cardiovascular dis
ease (n = 8,491) and hypertension medication (n = 32,664).Finally, 241 

participants were excluded due to (partially) missing exposure histories, 
providing a final cohort of 377,736 individuals (Fig. 1). The participants 
were followed-up for an average of 12.9 years, with a total of 4,877,026 
person-years. During the follow-up, among all the participants, 6,278 
had inpatient hospital visit due to heart failure, 1,258 of atrial fibrilla
tion and flutter, 16,327 of cardiac arrest, 6,562 of acute myocardial 
infarction, 2,710 of MI STEMI 2,426 of MI NSTEMI, 928 of intracerebral 
stroke, 4,526 of ischaemic stroke, 664 of subarachnoid stroke. For the 
composite outcomes, 5-point MACE status was reported for 19,353 
participants.

The cohort had slightly more females than males (See Table 1), with 
an average age of 55 at baseline, and most of the cohort was of white 
ethnicity. More than 70 % of the subjects had at least received a diploma 
and 60 % were employed at the time of recruitment. About 11 % of 
participants were smokers, approximately half of the rate in the general 
UK population in 2011(General Lifestyle Survey:, 2011). Most subjects 
(84 %) lived in urban settings. In the proximity of the residential 
address, the average greenspace percentage and the average Townsend 
deprivation index were 45 and − 1.39, respectively (See Table 1). These 
values reflect relatively wealthy residential surroundings.

Figure S1 showed the box-and-whiskers plot of the distribution of 
annual averages of PM2.5 across the years from 2007 until 2021. The plot 
indicated that all UKB participants are permanently exposed to exposure 
values below the UK Air Quality Objectives (AQO) and EU Air Quality 
Directives (AQD) for 2015 and 2020 of 25 µg/m3. After a slight increase 
in 2011, the distribution of PM2.5 had generally declined over time. 
Since 2015, the majority of the cohort has been exposed to levels below 
the the 2005 WHO Air Quality Guidelines (AQG) limit of 10 µg/m3. 
Seldom annual exposure levels were below the new WHO AQG 2020 
limits of 5 µg/m3. The correlation matrix (Table S7) between the 
exposure windows showed high to very high correlation among the 
exposure windows.

3.2. Associations between CVD and PM2.5 exposure

In Table 2, we showed the linear associations, reported as hazard 
ratios (HRs) for a 5 µg/m3 increase, between PM2.5 exposure with 
different lag windows and each cardiovascular outcome. In the fully- 
adjusted model (Model 2), the exposure was significantly associated 
with elevated risk for diagnosis of heart failure, intracerebral stroke, 
cardiac arrest and MI NSTEMI. For example, using an exposure window 
with lag 0–4, heart failure displayed an HR of 1.22 (95 %CI: 1.00–1.50) 
and intracerebral stroke of 1.94 (1.15–3.29). Associations were also 
positive for 5-point MACE (1.12 (1.00–1.26) at lag 0–4) but we found 
the strongest effects for shorter exposure windows (lag 0–2, 1.15 
(1.03–1.28)). We did not find any evidence of linear associations with 
ischaemic stroke, subarachnoid stroke, acute MI, and atrial fibrillation 
and flutter. In general, associations for several outcomes were positive 
but did not reach statistical significance at the 5 % level, probably due to 
limited statistical power.

The comparison between Model 1 and 2 indicates that the inclusio
n of area-level confounders led to an attenuation of the estimates, except 
for MI NSTEMI, for which the associations increased.

Overall, we did not find important differences in the associations 
across different exposure windows, with some exceptions. For instance, 
the increased risk for MI NSTEMI was significant only when we 
considered the exposure of the last year (lag0). In contrast, for cardiac 
arrest, the lag0 window showed a weak relationship, while the other 
windows had stronger associations.

Linear associations in Table 3 and S3 compared the main associations 
with those estimated for subsets of person-years exposure to low con
centrations (<=10 and <=12). The results mostly showed the strongest 
effects below a concentration of 10 µg/m3, but the associations below 12 
are more difficult to interpret and show unclear patterns across the 
outcomes. This is likely due to the uneven distribution of PM2.5 (figure 
S1) across calendar years, which showed concentrations higher than 12 
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in the first years of exposure (up to 2015) when likely few events had 
occurred and therefore the corresponding estimates are more uncertain.

Model allowing non-linear associations (Fig. 2) showed limited evi
dence for deviations from linear exposure–response function associa
tions. For several outcomes, including 5-point MACE, MI STEMI, 
intracerebral stroke, heart failure, atrial fibrillation and flutter, and 
cardiac arrest, the penalized spline indicated linear associations, 
confirmed by the non-significant Wald test for non-linearity. In contrast, 
acute MI showed a non-linear effect, with the curve increasing up to 
12–13 µg/m3 before declining. There was no evidence for a threshold in 
the association. No significant effects were observed for ischemic and 
subarachnoid stroke.

3.3. Additional analyses

Analysis of codes in only primary position (Table S1) showed similar 
associations with both primary and secondary code analysis (Table 2). 
Associations estimated with follow-up up to 31/12/2019 (Table S2) are 
mostly consistent with the main results (Table 2). In general, strong 
differences in the HR and confidence intervals between main and 
sensitivity analyses can be attributed to reduced sample sizes, consid
ering that some outcomes only have a few hundred events in total and 
subsetting can lead to instabilities in the associations. Among MACE 
outcomes, 5-point MACE exhibited the highest and more precise asso
ciations compared to 3- and 4-point MACE (Table S4), likely due to 
increased statistical power.

For most of the outcomes, the exclusion of the wash-out period 
(Table S6) lead to stronger positive associations compared to the main 
linear analysis. Contrarily, subarachnoid and ischaemic stroke still dis
played null effects.

4. Discussion

In this 15-year UK-based study, we used state-of-the-art epidemio
logical methods to assess the association between chronic exposure to 
time-varying PM2.5 at different yearly time windows and risk of hospi
talizations for MACE and other severe clinical cardiovascular endpoints. 
We observed positive linear associations between PM2.5 across multiple 
exposure windows and several outcomes, including 5-point MACE, heart 
failure, intracerebral stroke and cardiac arrest. On the other hand, we 
found significant non-linear associations with overall acute MI and MI 
NSTEMI.

This study aimed at addressing research recommendations issued by 
the COMEAP 2019 report on air pollution and cardiovascular diseases 
(Kelly, 2019). First, the report highlighted the need for the use of more 
refined exposure estimates: in this analysis we applied highly resolved 
predictions from a state-of-the-art exposure model for the first time in 
the UK. Second, we investigated both major and subtypes of outcomes, 
non-linear effects and different exposure windows, with the purpose to 
shed more light on the mechanistic effects of long-term exposure on 
cardiovascular diseases, a question that was also part of the research 
recommendations.

Fig. 1. Flow diagram representing the selection of the sample of the UK Biobank.
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Table 1 
Descriptive statistics for continuous (mean with 5th-95th percentile range and 
missing) and categorical (counts/percentage) baseline characteristics and 
number of outcomes’ events in the UKB cohort.

sex Female 211,843 (56.1 %)
Male 165,893 (43.9 %)
Missing (%) 0 (0.0 %)

ethnicity White 356,597 (94.4 %)
Other 19,767 (5.2 %)
Missing (%) 1,372 (0.4 %)

employment status Employed 235,367 (62.3 %)
Retired 108,985 (28.9 %)
Other 29,730 (7.9 %)
Missing (%) 3,654 (1.0 %)

educational level Low 54,078 (14.3 %)
Professional 
Qualification

41,721 (11.0 %)

Highschool diploma 144,801 (38.3 %)
College/University 
degree

130,347 (34.5 %)

Missing (%) 6,789 (1.8 %)
household income Less than 18,000 64,043 (17.0 %)

18,000 to 30,999 79,325 (21.0 %)
31,000 to 51,999 88,037 (23.3 %)
Greater than 100,000 19,863 (5.3 %)
Missing (%) 54,165 (14.3 %)

physical activity (IPAQ score) low 55,596 (14.7 %)
moderate 125,054 (33.1 %)
high 125,601 (33.3 %)
Missing (%) 71,485 (18.9 %)

alcohol intake Never 27,563 (7.3 %)
Special occasions only 41,122 (10.9 %)
One to three times a 
month

42,435 (11.2 %)

Once or twice a week 98,996 (26.2 %)
Three or four times a 
week

89,992 (23.8 %)

Daily or almost daily 77,229 (20.4 %)
Missing (%) 399 (0.1 %)

smoking status Never 212,625 (56.3 %)
Previous 123,450 (32.7 %)
Current 40,332 (10.7 %)
Missing (%) 1,329 (0.4 %)

living alone No 308,249 (81.6 %)
Yes 67,837 (18.0 %)
Missing (%) 1,650 (0.4 %)

urban/rural classification Urban 317,266 (84.0 %)
Town/fringe 28,263 (7.5 %)
Village/Rural 28,204 (7.5 %)
Missing (%) 4,003 (1.1 %)

age at baseline Years 55.46 (42.00 to 
68.00)

​ Missing (%) 0 (0.0 %)
waist-to-hip ratio ​ 0.86 (0.72 to 1.01)
​ Missing (%) 1,210 (0.3 %)
Smoking intensity packs-year 7.27 (0.00 to 37.50)
​ Missing (%) 57,592 (15.2 %)
Townsend deprivation index 

(2010
​ − 1.39 (− 5.06 to 

4.77)
​ Missing (%) 467 (0.1 %)
Greenspace percentage 45.09 (15.40 to 

87.38)
​ Missing (%) 45,206 (12.0 %)

Number of events ​ ​
3-point MACE ​ 14,087
4-point MACE ​ 15,186
5-point MACE ​ 19,353
acute MI ​ 6,562
MI STEMI ​ 2,710
MI NSTEMI ​ 2,426
intracerebral stroke ​ 928
ischaemic stroke ​ 4,526
subarachnoid stroke ​ 664
heart failure ​ 6,278
atrial fibrillation and flutter ​ 1,258
cardiac arrest ​ 16,327

Table 2 
Hazard ratios (HRs, with 95 % confidence intervals) of cardiovascular outcomes 
associated with an increase of 5 μg/m3 in PM2.5 in the UKB cohort, for combi
nations of length of exposure windows (lag0, lag02, lag04) and confounding 
control.

Outcome exposure 
window

Model 1 Model 2

5-point MACE lag0 1.17 
(1.08–1.28)

1.13 
(1.02–1.24)

lag02 1.20 
(1.09–1.32)

1.15 
(1.03–1.28)

lag04 1.18 
(1.07–1.31)

1.12 
(1.00–1.26)

Myocardial Infarction (MI)
Acute lag0 0.98 

(0.84–1.14)
1.07 
(0.90–1.27)

lag02 0.95 
(0.81–1.12)

1.06 
(0.87–1.28)

lag04 0.95 
(0.81–1.13)

1.06 
(0.87–1.29)

STEMI lag0 0.89 
(0.71–1.12)

0.98 
(0.75–1.28)

lag02 0.91 
(0.71–1.17)

1.03 
(0.77–1.38)

lag04 0.94 
(0.73–1.22)

1.09 
(0.80–1.49)

NSTEMI lag0 1.17 
(0.90–1.51)

1.52 
(1.12–2.07)

lag02 1.04 
(0.80–1.36)

1.35 
(0.97–1.88)

lag04 1.03 
(0.78–1.35)

1.32 
(0.95–1.84)

Cerebrovascular disease and stroke
Intracerebral stroke lag0 1.81 

(1.20–2.72)
1.74 
(1.09–2.78)

lag02 1.93 
(1.26–2.97)

1.91 
(1.15–3.17)

lag04 1.96 
(1.26–3.05)

1.94 
(1.15–3.29)

Ischaemic stroke lag0 1.14 
(0.95–1.37)

1.07 
(0.87–1.32)

lag02 1.16 
(0.96–1.41)

1.08 
(0.86–1.36)

lag04 1.12 
(0.91–1.36)

1.01 
(0.80–1.28)

Subarachnoid stroke lag0 1.02 
(0.64–1.61)

0.94 
(0.56–1.56)

lag02 1.08 
(0.66–1.76)

0.98 
(0.56–1.74)

lag04 1.12 
(0.67–1.88)

1.03 
(0.56–1.89)

Other outcomes
Heart failure lag0 1.35 

(1.15–1.58)
1.19 
(1.00–1.42)

lag02 1.40 
(1.18–1.65)

1.21 
(1.00–1.48)

lag04 1.41 
(1.19–1.68)

1.22 
(1.00–1.50)

Atrial fibrillation and 
flutter

lag0 1.43 
(1.01–2.01)

1.39 
(0.94–2.05)

lag02 1.43 
(0.99–2.07)

1.38 
(0.90–2.12)

lag04 1.34 
(0.92–1.96)

1.26 
(0.81–1.95)

Cardiac arrest lag0 1.13 
(1.03–1.24)

1.09 
(0.98–1.22)

lag02 1.17 
(1.06–1.30)

1.15 
(1.02–1.29)

lag04 1.19 
(1.07–1.31)

1.16 
(1.03–1.31)
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4.1. MACE

This is one of the first studies to investigate the effect of long-term air 
pollution on MACE, and we found positive associations. Across all the 
time windows, UK resident adults living in areas with a 5 µg/m3 higher 
exposure experienced a 12 % to 15 % elevated risk of MACE-related 
hospitalizations compared to those in less exposed areas. The direction 
of the effect is in line with two studies on US veterans where a 9 % (by a 
5 µg/m3 increase in PM2.5) increased risk was observed in individuals 
with prior coronary artery bypass grafting (Deo et al., 2024), and a 52 % 
increased risk in those with prior percutaneous coronary interventions 
(Motairek et al., 2023). In contrast, a Swedish (Carlsen et al., 2022) 
study showed no significant associations. It is important to consider that 
our studies differ in MACE composition, as our analysis included various 
clinical events, while, for example, the Swedish study focused on 
myocardial infarction and coronary interventions, making direct com
parisons challenging. In our study, we attempted to include a simple and 
unambiguous MACE definition, therefore we decided to use the outcome 
as described in a recent literature review (Bosco et al., 2021). We hope 
that our choice may be of help to define outcomes in other medium-sized 
cohort studies that require composite definitions to conduct well- 
powered analyses.(Bosco et al., 2021).

4.1.1. Myocardial infarction
Our findings on acute myocardial infarction (MI) show positive but 

not statistically significant associations [lag04: 1.07 (0.90–1.27)], 
aligning with two large meta-analyses (Alexeeff et al., 2021; Zhu et al., 
2021) and a Canadian study (Bai et al., 2019). At low pollution levels, 
recent studies also reported positive effects (Wolf et al., 2021). However, 
while a Europe-based cohort reported similar associations with our 
study [1.02 (0.95–1.10)] (Wolf et al., 2021), US studies found stronger 
associations in the HR range of 1.13–1.188(Danesh Yazdi et al., 2019; 
Alexeeff et al., 2023).

This is one of the first long-term studies to examine associations with 
two types of myocardial infarction: STEMI and NSTEMI. Both outcomes 
were associated with the exposure, but we found no statistical signifi
cance with STEMI while there was a positive significant association with 
NSTEMI. The strong effects observed for the latter suggest that this 
subtype of MI may play a significant role in the overall association with 
acute MI in this cohort. A reason for this could be that NSTEMI is defined 
as partial blockages in a coronary artery, leading to less severe but more 
widespread myocardial ischemia. This condition makes it more 
vulnerable to factors that can worsen systemic inflammation and 
endothelial dysfunction, such as chronic exposure to air pollution. On 
the other hand, STEMI usually results from a complete and abrupt 
blockage of a coronary artery, causing a more acute event, which may be 
more associated with short-term air pollution (Newby et al., 2015; 
Kuźma et al., 2024). Even though the literature is not completely 
consistent in their distinction (STEMI and NSTEMI, 2024), our post-hoc 
hypothesis has been previously supported by the data as STEMI, but not 
NSTEMI, has been associated with short-term exposure (Gardner et al., 
2014; Pope et al., 2015). There are currently no long-term studies 
considering their distinction. On the other hand, the use of a relatively 
young cohort (under 65–70 years) might also partially explain the 
increased risk of NSTEMI due to air pollution. While STEMI has tradi
tionally been associated with younger individuals compared to NSTEMI, 
there has been a recent trend reversal in the UK, where since 2016, 
younger people (under 65) are more frequently admitted with NSTEMI 
than older individuals (MINAP and NAPCI, 2023). Additionally, NSTEMI 
cases are often underrepresented in hospitals due to their lower severity 
(How the NHS Cares for Patients with Heart Attack, 2015), suggesting 
that the actual numbers may be higher than reported for mid-aged 
adults. In this context, air pollution exposure may disproportionately 
increase the risk for younger individuals as they likely spend more time 
outdoor but have less severe outcomes. Therefore, while older adults are 
more vulnerable to air pollution effects, mid-age adults may be more at 
risk of slowly developing atherosclerotic plaques that lead to worse 
outcomes later in life, such as a case of STEMI. Supporting this, a recent 
large Polish study investigating mid-term (30 days) effects also found an 
increased risk of NSTEMI in younger individuals (under 65)(Kuźma 
et al., 2024).

Finally, a similarity between our investigation and the Polish study is 
that both analyses identified significant effects of mid-term air pollution 
exposure (ranging from one month to one year) on NSTEMI, indicating a 
potential impact of air pollution over this duration. However, they do 
not reveal differences substantial enough to support any significant post- 
hoc pathophysiological hypotheses. Nonetheless, these findings suggest 
that it may be valuable to incorporate sensitivity analyses with varying 
exposure windows in long-term studies, similar to those used in short- 
term research.

4.1.2. Stroke
A large body of literature has covered the air pollution-stroke events 

relationship. In comparison to two meta-analyses that focused on general 
cerebrovascular disease (Alexeeff et al., 2021; Niu et al., 2021), our ef
fects were higher for intracerebral stroke. Our analysis also indicates 
increased associations when compared with recent UK-(Cai et al., 2018); 
(Atkinson et al., 2013) and European-based (Wolf et al., 2021) studies. 
For example, Cai and colleagues (Cai et al., 2018), using the UKB cohort 
found null associations both for overall cerebrovascular diseases and 
stroke types (ischaemic and haemorrhagic). In this study we found 
heterogeneity of risk among stroke types. While several studies have 
assessed short-term associations, to our knowledge our study is among 
the first to investigate long-term effects on intracerebral stroke as a 
separate outcome (Verhoeven et al., 2021). This is relevant, as in the 
literature cerebrovascular events are often considered as a whole, 
although different stroke types are clinically considered as different 
diseases with separate etiologies (Verhoeven et al., 2021). There are 
physiological channels that connect exposure to air pollution might 

Table 3 
Hazard ratios (HRs, with 95 % confidence intervals) of cardiovascular outcomes 
in exposure subset analysis in the UKB cohort. Exposure is defined as lag04 (5- 
years time-dependent average). Results are for an increase of 5 μg/m3 in PM2.5 
using fully adjusted models (Model 2).

Outcome Exposure subset

<¼ 10 <¼ 12 Full analysis

5-point MACE 1.05 
(0.84–1.32)

1.16 
(1.01–1.34)

1.12 
(1.00–1.26)

Myocardial Infarction (MI)
Acute 1.27 

(0.90–1.81)
0.78 
(0.53–1.17)

1.06 
(0.87–1.29)

STEMI 1.20 
(0.94–1.53)

1.07 
(0.81–1.43)

1.09 
(0.80–1.49)

NSTEMI 1.19 
(0.68–2.07)

0.75 
(0.25–2.22)

1.32 
(0.95–1.84)

Cerebrovascular disease 
and stroke

​ ​ ​

Intracerebral stroke 1.70 
(1.01–2.86)

1.10 
(0.89–1.36)

1.94 
(1.15–3.29)

Ischaemic stroke 1.45 
(1.00–2.10)

0.98 
(0.85–1.14)

1.01 
(0.80–1.28)

Subarachnoid stroke 0.98 
(0.74–1.29)

1.33 
(0.95–1.87)

1.03 
(0.56–1.89)

Other outcomes
Heart failure 1.51 

(0.58–3.93)
1.13 
(0.95–1.35)

1.22 
(1.00–1.50)

Atrial fibrillation and flutter 0.58 
(0.27–1.22)

1.22 
(0.98–1.52)

1.26 
(0.81–1.95)

Cardiac arrest 0.95 
(0.55–1.64)

1.08 
(0.93–1.25)

1.16 
(1.03–1.31)
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affect the occurrence of intracerebral stroke but no other types of hae
morrhagic stroke: first, through known mechanisms, that is inflamma
tion, oxidative stress, and endothelial dysfunction, fine particles effects 
may be more pronounced on the small vessels within the brain 
compared to other larger arteries. However, a previous MRI study did 
not find effects of PM on markers of small vessels disease (Power et al., 

2018) and therefore the hypothesis is weak. Second, chronic particulate 
exposure may indirectly affect the brain through the autonomic respi
ratory reflex arcs as well as uptake of particles which can induce marked 
neuro-inflammation (Verhoeven et al., 2021). Finally, some authors 
hypothesized that overproduction of amyloid protein related to cerebral 
amyloid angiopathy may be the cause of intracerebral stroke (Wilker 

Fig. 2. Concentration-response functions of the associations between lag04 (5-year time-dependent) of PM2.5 with cardiovascular events in the UK Biobank cohort. 
Models were fully adjusted (Model 2). The associations representing hazard ratios (HRs, with 95% confidence intervals) were estimated using penalized splines with 
degrees of freedom selected using the Akaike information criterion (AIC, solid line) with 95% confidence intervals (surrounding dashed lines).
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et al., 2018).
To conclude, the literature on the effects of air pollution on outcome 

subtypes is scattered and heterogeneous owing to the use of diverse 
study designs, exposure and outcome definitions and spatial differences 
in the particulate composition. More studies using state-of-the-art 
methodologies and harmonized datasets should be used to draw firmer 
hypotheses.

4.1.3. Heart failure, atrial fibrillation and cardiac arrest
We detected significant between long-term air pollution and ar

rhythmias related-outcomes [for lag04: 1.13 (1.02–1.24)]. This is in line 
with recent investigations on atrial fibrillation on Medicare data 
(Mahdieh Danesh et al., 2021) and a Canadian cohort (Shin et al., 2019). 
The latter also assessed the shape of the exposure–response relationship, 
showing no evidence of an effect of PM2.5 below 6 µg/m3, in contrast 
with our findings. A meta-analytical estimate on four older studies 
showed a null association [0.96 (0.82–1.13) for 5 µg/m3 increase] 
(Pranata et al., 2020). Last, our associations for heart failure were pos
itive, but on the boundaries of statistical significance[for lag04: 1.22 
(1.00–1.50)], while a meta-analysis investigating the same outcome did 
not find effects. We found only one study (Shin et al., 2019) that 
examined hospital admissions related to atrial fibrillation and stroke, 
employing exposure windows similar to ours. No significant differences 
were observed for atrial fibrillation, whereas slight increases were noted 
for stroke for the 5-year window. However, our study suggests that the 
association may differ by exposure window.

4.1.4. Windows of exposure
The minor difference in estimates suggests different windows influ

ence only moderately the health risks. For instance, exposure closer to 
the event (lag0) has a stronger impact on the risk for MACE and MI 
NSTEMI. On the other hand, longer exposure windows (lag 0–2 and lag 
0–4) can be more important for stroke and cardiac arrest. Our com
parison of varying window widths was similar only to two previous 
studies (Crouse et al., 2020; Lefler et al., 2019) that mainly focused on 
the risk of premature mortality with mixed evidence. In Lefler and col
leagues (Lefler et al., 2019), results did not highlight any relevant 
window of exposure for cardiopulmonary deaths, while in the study by 
Crouse and colleagues (Crouse et al., 2020), longer exposure windows 
were consistently associated with increased risk of mortality both for 
ischaemic heart and cerebrovascular disease.

4.1.5. Shape of concentration–response function
The analysis of the concentration–response function suggest steep 

risks at concentrations even below 12–15 µg/m3, with no evidence of a 
threshold at the lowest values. This result highlights that despite the 
recent decreases in the air pollution levels, air pollution carries adverse 
effects even at very low levels and therefore new mitigation strategies 
are needed to account for the public health burden that cannot be 
avoided by further lowering concentrations. This finding contributes to 
a growing body of literature emphasizing the significance of addressing 
air pollution concerns not only at elevated levels but also at lower 
exposure levels (Wolf et al., 2021; Chen et al., 2023; Di et al., 2017). 
Furthermore, for MI our non-linear estimates detected increased risks 
below 12 µg/m3, agreeing with a previous study (Wolf et al., 2021). 
Contrarily, our results for stroke (intracerebral) suggest a linear rela
tionship above 12 µg/m3, while previous investigations found stronger 
associations, especially at low levels (Wolf et al., 2021; Shin et al., 
2019). This may be due to the choice of outcomes’ subtypes. Notably, 
the large majority of the previous literature focuses on US cohorts 
(Alexeeff et al., 2023; Di et al., 2017) while a few studies have investi
gated European cohorts (Wolf et al., 2021; Stafoggia et al., 2022).

4.2. Strengths and limitations

Our study carries several strengths. First, differently from the 

previous UK Biobank analyses of air pollution, this has been carried out 
using state-of-the-art exposure model with time-varying assignment, 
detailed confounders’ information and statistical methodologies analo
gously to the most relevant air pollution studies in the literature to date. 
One of our study’s main strengths lays in the utilization of time- 
dependent exposure summaries that enabled us to better define health 
risks compared to simpler exposure measures (Putter and van Houwe
lingen, 2017). This importantly distinguishes our approach from the 
majority of the UKB-based studies that solely incorporated fixed-time 
point exposures (Cai et al., 2018; Zhang et al., 2024; Luo et al., 2022; 
Parra et al., 2022) based on annual 2010 predictions of PM2.5. Another 
key strength is the use of the sizable UKB cohort with a rich history of 
individual data. This allowed us to include important individual-level 
confounders in the models that are usually unaccounted for in air 
pollution studies, such as smoking and waist-to-hip ratio.

Furthermore, in this study, we incorporated a composite outcome in 
addition to specific endpoints. One of the benefits of using a composite 
endpoint instead of individual ones is the increased statistical power, 
resulting from the inclusion of a larger number of cases. This is evident 
in some of the results for specific cardiovascular disease (CVD) end
points, where hazard ratios (HRs) are elevated but did not achieve sta
tistical significance. Additionally, using a broader CVD definition rather 
than specific endpoints may reduce outcome measurement errors.

We used specific outcome types (e.g., ischaemic stroke) instead of 
general definitions (e.g., cerebrovascular disease). The diversity of 
health effects revealed in this study, particularly when examining sub
types of outcomes, underscores the importance of defining more 
detailed outcomes, instead of using a wide range of ICD codes. Speci
ficity may be crucial in assisting clinicians both to pinpoint events 
strongly linked to exposure to air pollution and investigate the patho
physiological mechanisms of the diseases.

Finally, the long observation period in contrast to the majority of 
studies on cardiovascular outcomes could also be the reason for the 
differences in estimates between our research and existing literature.

Some limitations in our study should be highlighted. The primary 
limitation of the UKB cohort is the potential lack of representativeness of 
the UK population, possibly including to healthy-volunteer bias (Fry 
et al., 2017). To mitigate this issue, in a sensitivity analysis we defined a 
wash-out period (Chen et al., 2024), excluding person-years up to 2013. 
The results showed higher health effects compared to the main analysis 
for certain outcomes, suggesting that the original estimates might be 
conservative. Second, the use of administrative ICD codes to assess 
outcomes can be misleading, leading to diagnosis misclassification due 
to lack of clinical details regarding the event (Verhoeven et al., 2021). 
However, previous research has validated codes for stroke and MI in the 
UK Biobank, showing 80–90 % positive predictive value (Woodfield 
et al., 2015). Third, the use of codes both in primary and secondary 
position could lead to associations biased upwards. This might occur if 
the hospital visit has a non-CV ICD code in primary position and a CV 
code of interest as secondary. If the code in primary position is positively 
associated with air pollution, consequently the resulting association 
with the CV code will also be inflated. However, our sensitivity analysis 
using only codes occurring in primary position showed only partial 
changes in the association for the majority of the outcomes. We did not 
use primary codes in the main analysis only due to a low number of 
cases. Moreover, for the same reason, particularly for outcomes sub- 
types such as stroke and MI, the corresponding main associations dis
played large uncertainty, leading to several non-statistically significant 
results. Finally, we only investigated one pollutant without accounting 
for other important pollutants, such as NO2 and O3, known to be asso
ciated with health outcomes.

5. Conclusions

Our study suggests that long-term exposure to PM2.5 is associated 
with multiple cardiovascular outcomes. The strength of the associations 
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did not significantly vary using different exposure windows. Consis
tently with the current literature, we found increased associations at low 
levels of exposure for the majority of the outcomes highlighting the 
importance of estimating exposure–response functions in long-term air 
pollution analyses. Finally, we found that selecting specific diagnoses 
instead of broad outcomes definitions may be beneficial to identify more 
relevant health outcomes.
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Table S1: Hazard ratios (HRs, with 95% confidence intervals) of cardiovascular outcomes with ICD in 
primary position associated with an increase of 5 μg/m³ in PM2.5 in the UKB cohort, for combinations of 
length of exposure windows and confounding control. 

Outcome 
exposure 
window Model 1 Model 2 

        

5-point MACE 

lag0 1.13 (1.03-1.24) 1.09 (0.98-1.22) 

lag02 1.14 (1.03-1.26) 1.10 (0.98-1.24) 

lag04 1.13 (1.01-1.25) 1.08 (0.95-1.22) 

        

Myocardial Infarction (MI) 

Acute 

lag0 0.93 (0.80-1.09) 0.99 (0.83-1.18) 

lag02 0.91 (0.77-1.07) 0.96 (0.79-1.16) 

lag04 0.91 (0.77-1.08) 0.97 (0.79-1.18) 

STEMI  

lag0 0.83 (0.65-1.05) 0.83 (0.64-1.09) 

lag02 0.86 (0.67-1.11) 0.88 (0.66-1.18) 

lag04 0.90 (0.69-1.17) 0.94 (0.69-1.27) 

NSTEMI  

lag0 1.12 (0.87-1.46) 1.39 (1.02-1.89) 

lag02 1.00 (0.76-1.32) 1.22 (0.87-1.70) 

lag04 0.98 (0.74-1.29) 1.17 (0.84-1.64) 

        

Cerebrovascular disease and stroke 

Intracerebral stroke 

lag0 1.64 (1.05-2.54) 1.63 (0.98-2.72) 

lag02 1.81 (1.14-2.88) 1.89 (1.09-3.29) 

lag04 1.79 (1.11-2.89) 1.87 (1.05-3.31) 

Ischaemic stroke 
lag0 1.22 (1.02-1.47) 1.14 (0.92-1.40) 

lag02 1.25 (1.03-1.52) 1.15 (0.92-1.45) 



lag04 1.20 (0.98-1.47) 1.08 (0.86-1.37) 

Subarachnoid stroke 

lag0 1.14 (0.71-1.84) 1.06 (0.62-1.81) 

lag02 1.15 (0.69-1.92) 1.05 (0.58-1.91) 

lag04 1.12 (0.65-1.92) 1.00 (0.53-1.88) 

        

Other outcomes 

Heart failure 

lag0 1.52 (1.14-2.03) 1.26 (0.91-1.74) 

lag02 1.59 (1.17-2.16) 1.28 (0.90-1.83) 

lag04 1.66 (1.21-2.28) 1.34 (0.93-1.93) 

Atrial fibrillation and flutter  

lag0 2.85 (1.32-6.16) 3.49 (1.46-8.38) 

lag02 3.70 (1.65-8.28) 5.17 (2.05-13.08) 

lag04 3.88 (1.67-9.01) 5.56 (2.10-14.72) 

Cardiac arrest 

lag0 1.12 (0.98-1.28) 1.15 (0.98-1.34) 

lag02 1.11 (0.96-1.28) 1.14 (0.96-1.35) 

lag04 1.12 (0.96-1.30) 1.15 (0.96-1.37) 

 

 

 

Table S2: Hazard ratios (HRs, with 95% confidence intervals) of cardiovascular outcomes associated with 
an increase of 5 μg/m³ in PM2.5 in the UKB cohort with follow-up until 2019, for combinations of length of 
exposure windows and confounding control. 

Outcome 
exposure 
window Model 1 Model 2 

        

5-point MACE 

lag0 1.15 (1.06-1.26) 1.11 (1.00-1.23) 

lag02 1.17 (1.06-1.28) 1.12 (1.00-1.24) 

lag04 1.16 (1.05-1.28) 1.10 (0.98-1.23) 

        

Myocardial Infarction (MI) 

Acute 

lag0 0.96 (0.83-1.11) 1.06 (0.89-1.26) 

lag02 0.94 (0.81-1.11) 1.04 (0.86-1.25) 

lag04 0.95 (0.80-1.12) 1.05 (0.86-1.28) 

STEMI  

lag0 0.93 (0.74-1.17) 1.04 (0.80-1.36) 

lag02 0.93 (0.73-1.19) 1.06 (0.80-1.42) 

lag04 0.95 (0.74-1.23) 1.11 (0.82-1.51) 

NSTEMI  

lag0 1.06 (0.83-1.36) 1.39 (1.02-1.88) 

lag02 1.00 (0.77-1.29) 1.27 (0.92-1.75) 

lag04 1.00 (0.77-1.31) 1.28 (0.92-1.77) 

        

Cerebrovascular disease and stroke 

Intracerebral stroke 

lag0 1.72 (1.16-2.57) 1.65 (1.03-2.64) 

lag02 1.89 (1.25-2.88) 1.88 (1.14-3.09) 

lag04 1.90 (1.23-2.94) 1.87 (1.11-3.15) 

Ischaemic stroke 
lag0 1.07 (0.90-1.29) 0.99 (0.80-1.22) 

lag02 1.11 (0.92-1.34) 1.02 (0.82-1.27) 



lag04 1.07 (0.88-1.31) 0.97 (0.77-1.22) 

Subarachnoid stroke 

lag0 1.01 (0.64-1.58) 0.91 (0.55-1.53) 

lag02 1.07 (0.66-1.73) 0.98 (0.56-1.71) 

lag04 1.12 (0.67-1.87) 1.03 (0.57-1.88) 

        

Other outcomes 

Heart failure 

lag0 1.37 (1.17-1.59) 1.22 (1.01-1.46) 

lag02 1.37 (1.17-1.61) 1.20 (0.99-1.45) 

lag04 1.41 (1.19-1.66) 1.22 (1.00-1.49) 

Atrial fibrillation and flutter  

lag0 1.11 (1.00-1.23) 1.10 (0.98-1.24) 

lag02 1.13 (1.02-1.27) 1.13 (0.99-1.28) 

lag04 1.12 (1.00-1.25) 1.10 (0.96-1.26) 

Cardiac arrest 

lag0 1.11 (1.00-1.23) 1.09 (0.97-1.22) 

lag02 1.13 (1.01-1.25) 1.11 (0.98-1.25) 

lag04 1.11 (0.99-1.24) 1.08 (0.95-1.23) 

 

 

 

 

Table S3: Complete version of table 3 including all the length of the exposure window. Hazard ratios (HRs, 
with 95% confidence intervals) of cardiovascular outcomes in exposure subset analysis in the UKB 
cohort. Results are for an increase of 5 μg/m³ in PM2.5 using fully adjusted models (Model 2). 

Outcome 
exposure 
window Exposure subset 

     <= 10 <= 12 Full analysis 

5-point MACE 

lag0 1.23 (1.03-1.46) 1.16 (1.03-1.31) 1.13 (1.02-1.24) 

lag02 1.21 (0.98-1.48) 1.20 (1.05-1.37) 1.15 (1.03-1.28) 

lag04 1.05 (0.84-1.32) 1.16 (1.01-1.34) 1.12 (1.00-1.26) 

          

Myocardial Infarction (MI) 

Acute 

lag0 1.45 (1.11-1.90) 1.04 (0.76-1.41) 1.07 (0.90-1.27) 

lag02 1.34 (0.97-1.84) 1.01 (0.71-1.45) 1.06 (0.87-1.28) 

lag04 1.27 (0.90-1.81) 0.78 (0.53-1.17) 1.06 (0.87-1.29) 

STEMI  

lag0 1.26 (1.01-1.56) 1.08 (0.84-1.38) 0.98 (0.75-1.28) 

lag02 1.19 (0.94-1.51) 1.01 (0.77-1.34) 1.03 (0.77-1.38) 

lag04 1.20 (0.94-1.53) 1.07 (0.81-1.43) 1.09 (0.80-1.49) 

NSTEMI  

lag0 1.19 (0.79-1.79) 0.88 (0.39-1.97) 1.52 (1.12-2.07) 

lag02 1.26 (0.77-2.08) 0.89 (0.33-2.36) 1.35 (0.97-1.88) 

lag04 1.19 (0.68-2.07) 0.75 (0.25-2.22) 1.32 (0.95-1.84) 

          

Cerebrovascular disease and 
stroke         

Intracerebral stroke 

lag0 1.94 (1.31-2.87) 1.14 (0.97-1.33) 1.74 (1.09-2.78) 

lag02 1.68 (1.06-2.66) 1.07 (0.88-1.30) 1.91 (1.15-3.17) 

lag04 1.70 (1.01-2.86) 1.10 (0.89-1.36) 1.94 (1.15-3.29) 



Ischaemic stroke 

lag0 1.63 (1.17-2.26) 1.08 (0.95-1.22) 1.07 (0.87-1.32) 

lag02 1.48 (1.03-2.12) 1.01 (0.88-1.16) 1.08 (0.86-1.36) 

lag04 1.45 (1.00-2.10) 0.98 (0.85-1.14) 1.01 (0.80-1.28) 

Subarachnoid stroke 

lag0 1.04 (0.85-1.29) 1.28 (1.00-1.65) 0.94 (0.56-1.56) 

lag02 1.11 (0.86-1.42) 1.32 (0.97-1.78) 0.98 (0.56-1.74) 

lag04 0.98 (0.74-1.29) 1.33 (0.95-1.87) 1.03 (0.56-1.89) 

          

Other outcomes 

Heart failure 

lag0 1.62 (0.80-3.30) 1.06 (0.93-1.21) 1.19 (1.00-1.42) 

lag02 2.06 (0.86-4.95) 1.07 (0.92-1.25) 1.21 (1.00-1.48) 

lag04 1.51 (0.58-3.93) 1.13 (0.95-1.35) 1.22 (1.00-1.50) 

Atrial fibrillation and flutter 

lag0 0.95 (0.53-1.69) 1.08 (0.92-1.27) 1.39 (0.94-2.05) 

lag02 0.85 (0.43-1.69) 1.09 (0.90-1.33) 1.38 (0.90-2.12) 

lag04 0.58 (0.27-1.22) 1.22 (0.98-1.52) 1.26 (0.81-1.95) 

Cardiac arrest 

lag0 1.38 (0.86-2.21) 1.06 (0.93-1.21) 1.09 (0.98-1.22) 

lag02 1.17 (0.69-1.98) 1.12 (0.97-1.30) 1.15 (1.02-1.29) 

lag04 0.95 (0.55-1.64) 1.08 (0.93-1.25) 1.16 (1.03-1.31) 

 

 

 

Table S4: Hazard ratios (HRs, with 95% confidence intervals) of three MACE outcomes definitions 
associated with an increase of 5 μg/m³ in PM2.5 in the UKB cohort, for combinations of length of exposure 
windows and confounding control. *Results for 5-point MACE are the same as Table 2. 

Outcome 
exposure 
window Model 1 Model 2 

        

3-point MACE 

lag0 1.11 (1.00-1.23) 1.10 (0.98-1.24) 

lag02 1.13 (1.02-1.27) 1.13 (0.99-1.28) 

lag04 1.12 (1.00-1.25) 1.10 (0.96-1.26) 

4-point MACE 

lag0 1.11 (1.00-1.23) 1.09 (0.97-1.22) 

lag02 1.13 (1.01-1.25) 1.11 (0.98-1.25) 

lag04 1.11 (0.99-1.24) 1.08 (0.95-1.23) 

5-point MACE* 

lag0 1.17 (1.08-1.28) 1.13 (1.02-1.24) 

lag02 1.20 (1.09-1.32) 1.15 (1.03-1.28) 

lag04 1.18 (1.07-1.31) 
1.12 1.00-

1.26) 

 

 

 

 

 

 



 

 

 

Table S5: Hazard ratios (HRs, with 95% confidence intervals) of cardiovascular outcomes associated with 
an increase of the IQR  (3.7 μg/m³) in PM2.5 in the UKB cohort for combinations of length of exposure 
windows and confounding control. 

Outcome 
exposure 
window Model 1 Model 2 

        

5-point MACE 

lag0 1.13 (1.06-1.20) 1.09 (1.01-1.18) 

lag02 1.14 (1.07-1.23) 1.11 (1.02-1.20) 

lag04 1.13 (1.05-1.22) 1.09 (1.00-1.18) 

        

Myocardial Infarction (MI) 

Acute 

lag0 0.98 (0.88-1.10) 1.05 (0.93-1.20) 

lag02 0.97 (0.86-1.09) 1.04 (0.91-1.20) 

lag04 0.97 (0.85-1.09) 1.04 (0.90-1.21) 

STEMI  

lag0 0.92 (0.77-1.09) 1.00 (0.82-1.21) 

lag02 0.93 (0.78-1.12) 1.04 (0.84-1.29) 

lag04 0.95 (0.79-1.16) 1.08 (0.86-1.36) 

NSTEMI  

lag0 1.12 (0.93-1.36) 1.37 (1.09-1.72) 

lag02 1.03 (0.85-1.26) 1.26 (0.99-1.60) 

lag04 1.02 (0.84-1.25) 1.24 (0.97-1.58) 

        

Cerebrovascular disease and stroke 

Intracerebral stroke 

lag0 1.54 (1.14-2.08) 1.49 (1.05-2.11) 

lag02 1.62 (1.18-2.22) 1.60 (1.09-2.33) 

lag04 1.63 (1.18-2.27) 1.62 (1.10-2.39) 

Ischaemic stroke 

lag0 1.10 (0.96-1.26) 1.06 (0.90-1.23) 

lag02 1.12 (0.97-1.29) 1.07 (0.90-1.26) 

lag04 1.09 (0.94-1.26) 1.02 (0.86-1.21) 

Subarachnoid stroke 

lag0 1.01 (0.72-1.42) 0.94 (0.65-1.38) 

lag02 1.05 (0.73-1.52) 0.98 (0.64-1.48) 

lag04 1.09 (0.74-1.59) 1.01 (0.64-1.58) 

        

Other outcomes 

Heart failure 

lag0 1.25 (1.11-1.40) 1.14 (1.00-1.30) 

lag02 1.28 (1.13-1.45) 1.16 (1.00-1.34) 

lag04 1.29 (1.14-1.47) 1.16 (1.00-1.35) 

Atrial fibrillation and flutter  

lag0 1.30 (1.01-1.68) 1.33 (0.99-1.78) 

lag02 1.31 (1.00-1.71) 1.34 (0.97-1.84) 

lag04 1.24 (0.94-1.64) 1.25 (0.90-1.73) 

Cardiac arrest 

lag0 1.10 (1.02-1.17) 1.07 (0.99-1.16) 

lag02 1.13 (1.05-1.22) 1.11 (1.02-1.21) 

lag04 1.14 (1.05-1.23) 1.11 (1.02-1.22) 



 

 

Table S6: Hazard ratios (HRs, with 95% confidence intervals) of cardiovascular outcomes associated with 
an increase of  5 μg/m³ in PM2.5 in the UKB cohort excluding the wash-out period from enrolment until 
2013 for combinations of length of exposure windows and confounding control. 

Outcome 
exposure 
window Model 1 Model 2 

        

5-point MACE 

lag0 1.24 (1.12-1.38) 1.20 (1.06-1.36) 

lag02 1.26 (1.13-1.41) 1.22 (1.07-1.38) 

lag04 1.25 (1.12-1.39) 1.20 (1.05-1.36) 

        

Myocardial Infarction (MI) 

Acute 

lag0 1.15 (0.95-1.39) 1.31 (1.05-1.63) 

lag02 1.12 (0.92-1.36) 1.29 (1.02-1.63) 

lag04 1.12 (0.93-1.37) 1.30 (1.03-1.64) 

STEMI  

lag0 1.13 (0.85-1.51) 1.28 (0.91-1.79) 

lag02 1.19 (0.88-1.61) 1.40 (0.97-2.00) 

lag04 1.22 (0.90-1.66) 1.45 (1.01-2.09) 

NSTEMI  

lag0 1.14 (0.87-1.49) 1.46 (1.06-2.02) 

lag02 1.03 (0.78-1.36) 1.31 (0.93-1.84) 

lag04 1.03 (0.78-1.35) 1.29 (0.92-1.80) 

        

Cerebrovascular disease and stroke 

Intracerebral stroke 

lag0 1.68 (1.05-2.68) 1.77 (1.03-3.06) 

lag02 1.76 (1.08-2.86) 1.92 (1.07-3.43) 

lag04 1.75 (1.07-2.84) 1.91 (1.06-3.42) 

Ischaemic stroke 

lag0 1.12 (0.90-1.40) 1.07 (0.83-1.37) 

lag02 1.11 (0.89-1.39) 1.04 (0.80-1.36) 

lag04 1.09 (0.87-1.36) 1.01 (0.77-1.31) 

Subarachnoid stroke 

lag0 0.89 (0.50-1.57) 0.84 (0.44-1.60) 

lag02 0.97 (0.53-1.77) 0.94 (0.47-1.89) 

lag04 1.02 (0.56-1.88) 1.00 (0.49-2.05) 

        

Other outcomes 

Heart failure 

lag0 1.41 (1.18-1.69) 1.23 (1.00-1.51) 

lag02 1.51 (1.25-1.81) 1.31 (1.05-1.64) 

lag04 1.50 (1.25-1.81) 1.30 (1.05-1.63) 

Atrial fibrillation and flutter  

lag0 1.51 (1.01-2.24) 1.55 (0.98-2.46) 

lag02 1.50 (0.99-2.27) 1.54 (0.94-2.51) 

lag04 1.40 (0.92-2.12) 1.40 (0.86-2.28) 

Cardiac arrest 

lag0 1.17 (1.05-1.31) 1.15 (1.01-1.30) 

lag02 1.22 (1.08-1.36) 1.20 (1.05-1.38) 

lag04 1.23 (1.09-1.38) 1.21 (1.06-1.39) 

 



 

 

 

 

Table S7: Correlations between different exposure windows. 

exposure windows lag0 lag02 lag04 

lag0 1     

lag02 0.93 1   

lag04 0.84 0.96 1 

 

 

 

Figure S1: Distribution of annual average exposure to PM2.5 across participants of the UKB cohort in the 
period 2003-2021, with limits corresponding to air quality guidelines/directives (AQG and AQD) from the 
World Health Organization (WHO), European Union (EU), and the United Kingdom (UK). 
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15 Abstract

16 Background 

17 Cohort studies are instrumental in examining long-term risks associated with environmental 
18 exposures. However, the reliability of their estimates requires appropriate control for various 
19 confounding mechanisms. In this contribution, we elucidate and discuss different confounding 
20 processes by investigating the relationship between fine particulate matter (PM2.5) exposure 
21 and mortality in a UK-based cohort. 

22 Methods 

23 We analysed data from half a million adults in the UK Biobank linked with annual individual-
24 level exposure data and followed up during the period 2006-2021. The assessment focused 
25 on confounding related to spatial and temporal patterns as well as due to measurable 
26 variables, including both contextual and individual-level factors. We performed a 
27 comprehensive evaluation consisting of descriptive analyses, specification and interpretation 
28 of direct acyclic graphs (DAGs), and comparison of results from Cox proportional hazard 
29 models with different adjustment strategies. 

30 Results 

31 We found correlations between both PM2.5 exposure and mortality rates across time, 
32 geographical areas, and categories of measurable variables. The analysis of the DAG 
33 indicated complex causal pathways and the need to adjust for a wide set of potential 
34 confounders. Results from regression models confirm these patterns: the fully-adjusted model 
35 estimated a hazard ratio (HR) of 1.25 (95%CI: 1.06-1.49) per 10 μg/m³ increments in PM2.5, 
36 but the association reversed to 0.82 (0.76-0.87) when excluding control for recruitment centre, 
37 suggesting strong spatial confounding. Calendar time showed stronger confounding effects 
38 compared to age. Area-level socio-economic indicators such as deprivation were more 
39 important than individual-level counterparts, while lack of control for lifestyle factors such as 
40 smoking, alcohol consumption, and waist-to-hip ratio led to a noticeable overestimation.

41 Conclusions

42 This case-study illustration identified various confounding mechanisms in cohort studies on 
43 long-term risks of environmental exposures. These patterns require specific adjustment 
44 strategies to control for spatial differences, temporal trends, and direct confounding from a 
45 range of contextual and individual-level variables.

46
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47

48 Key messages

49 • The assessment of long-term risks associated with environmental exposures such as 
50 air pollution relies on observational analyses of cohort datasets that are prone to 
51 various confounding mechanisms.
52 • In this contribution, we examine and characterise confounding processes related to 
53 both spatial and temporal patterns as well as linked to both contextual and individual-
54 level measurable factors. We offer a comprehensive overview based on theoretical 
55 considerations and empirical findings, using as a case study an analysis of the UK 
56 Biobank cohort
57 • The analysis of direct acyclic graphs (DAGs) and substantive results suggest various 
58 potential confounding mechanisms, particularly those related to unmeasured spatial 
59 differences in exposure levels and baseline risks, as well as individual-level lifestyle 
60 factors.
61 • These findings emphasise the potential impact of confounding in cohort studies on 
62 long-term risks of air pollution and the importance of devising appropriate 
63 epidemiological methods to control for it.

64
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65 Introduction
66 Epidemiological evidence on long-term risks of environmental stressors, such as air pollution, 
67 comes mostly from population-based cohort studies, with landmark publications that have 
68 contributed to establishing causal links between exposure to several pollutants and various 
69 health effects, primarily mortality1,2. Such observational studies rely on the follow-up of large 
70 samples of individuals over extended periods, and they apply time-to-event designs based on 
71 between-subject comparisons to estimate potentially complex temporal relationships. 
72 Therefore, they require specific design choices and covariate adjustment to avoid confounding 
73 due to differential exposure and health risks across individuals, as well as over space and 
74 time3–5.

75 In this article, we discuss different confounding processes that can affect cohort studies on 
76 environmental risk factors, differentiating them based on their source. Specifically, we classify 
77 them into spatial and temporal mechanisms, as well as those related to measurable risk 
78 factors, the latter distinguished between contextual and individual-level variables. Spatial 
79 confounding concerns variations in exposure and health risks determined by (mostly 
80 unmeasured) area-level characteristics. In this case, the comparison of subjects living in 
81 different areas is prone to confounding due to differential baseline risks related to 
82 environmental exposures4. Similarly, temporal confounding can manifest itself through 
83 collinear patterns of exposure and outcome across time. This is especially relevant in studies 
84 on long-term risks, given the steadily decreasing trends in air pollution levels and the changing 
85 patterns in disease occurrence over time within a given population6. Lastly, confounding can 
86 be related to measurable variables, including a wide spectrum of risk factors such as socio-
87 economic indices, environmental conditions, as well as lifestyle and other personal 
88 characteristics.

89 Control for residual spatial and temporal confounding is usually achieved by implementing 
90 specific design and modelling strategies, such as stratification, selection of the time axis, and 
91 inclusion of variables such as region, age, and calendar time4,7. Differently, confounding 
92 patterns related to putative risk factors are more difficult to conceptualise and untangle. Their 
93 control can be achieved by the inclusion of measurable variables in regression models, and 
94 decisions about their selection usually require additional assumptions on the potential causal 
95 pathways, facilitated by the application of specific methods such as directed acyclic graphs 
96 (DAGs)8. Previous works have discussed methodological and practical issues related to 
97 confounding in cohort studies on air pollution4,9,10. However, several questions remain 
98 unaddressed, such as the appropriate strategies to account for spatial and temporal 
99 differences in time-to-event analysis, or the role of individual-level factors, in particular those 

100 related to lifestyle aspects that are rarely available in large administrative health databases.

101 In this contribution, we examine confounding patterns in the relationship between long-term 
102 exposure to air pollution and mortality within the UK Biobank cohort. This large database offers 
103 rich individual-level information and detailed exposure histories, making it an ideal case study 
104 to inspect potential confounding effects. Through theoretical considerations, descriptive 
105 analyses, and empirical estimates of health risk associations, we explore various confounding 
106 mechanisms and model adjustment strategies.

107

108

109

110

111 Data and Methods
112 UK Biobank
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113 The UK Biobank (UKB) is a large biomedical database that includes approximately half a 
114 million participants11. Recruitment occurred between 2006 and 2010 for adults aged 40-69 
115 residing within 10 miles of one of 22 assessment centres spread across the UK. The 
116 catchment areas of the assessment centres were chosen based on sufficient proximity to 
117 highly-populated regions. The participants underwent a first in-person visit during which they 
118 completed several questionnaires regarding their personal characteristics, lifestyles and 
119 medical history. Anthropometric measurements and blood samples were also taken. Specific 
120 details regarding the UKB database can be found on the showcase website 
121 (https://biobank.ndph.ox.ac.uk/showcase/).

122

123 Air pollution exposure

124 Individual-level exposure to outdoor fine particulate matter (PM2.5) was assigned to each 
125 participant accounting for the residential history across the follow-up. The original PM2.5 data 
126 were defined at daily level and predicted on a 1-km grid across the UK in the period 2003-
127 2021 using a hybrid spatio-temporal machine learning model12. The residential data were 
128 available in the UKB database, including periods and geocoded locations with 100m rounding. 
129 The linkage process involved constructing daily exposure series for each residential location 
130 and then composing subject-specific exposure profiles by linking the daily series for 
131 corresponding residential periods, finally aggregating the data in annual averages.  The 
132 process has been described in a previous publication13.

133

134 Outcomes

135 At the time of enrolment, the participants consented to access their electronic health records. 
136 This data includes health information routinely collected from the NHS system as well as 
137 national health registries. Cause and date of death were extracted by the death national 
138 registry. The outcome events were defined as deaths due to non-accidental causes (ICD10: 
139 A00-R99).

140

141 Selection of confounders

142 We selected the set of confounders based on substantive knowledge of their role in the 
143 relationship between outdoor PM2.5 concentrations and mortality, and theoretical results from 
144 the application of DAGs. Contextual features were represented by the assessment centre and 
145 variables defined at the residence at recruitment time, including area-level deprivation 
146 measured by the Townsend Deprivation Index (TDI), the percentage of greenspace within a 
147 1000m buffer, and urban-rural classification. Individual-level confounders were separated into 
148 socio-economic factors (ethnic background, education level, household income, and 
149 employment status) and physical and lifestyle characteristics (smoking status and intensity, 
150 alcohol intake, waist-to-hip ratio, physical activity, and living alone). All of them were defined 
151 at baseline. Details on the covariate definitions are provided in the Appendix.

152 The assumptions on the causal paths assumed between outdoor PM2.5 exposure, the other 
153 risk factors listed above, and mortality are represented as a DAG of Figure 1. The diagram 
154 includes assessment centre and the three measurable area-level variables, plus individual-
155 level risk factors grouped in socio-economic and lifestyle characteristics, respectively. In 
156 addition, the graph comprises unobserved variables, specifically a group representing 
157 unmeasured centre-level characteristics and personal PM2.5 exposure. 

158

159 Statistical analysis 
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160 The analysis was based on a design strategy and model selection described in detail in 
161 previous work14. We applied a Cox proportional hazard model with time-varying exposures. 
162 The exposure index was defined at individual level as the time-varying average of PM2.5 in the 
163 eight calendar years before the event. We assumed a linear exposure-response relationship 
164 between exposure and outcome. The end of follow-up was determined either by subject’s 
165 death, loss to follow-up, or the administrative end of mortality linkage (31 December 2022).

166 In our main (full) model,  we used calendar time as the time axis, we stratified by indicators of 
167 sex, assessment centre, and month of birth, and finally, we adjusted directly for all the other 
168 covariates listed in the previous section. We then defined alternative adjustment strategies to 
169 examine potential confounding mechanisms, specifically by excluding confounders or 
170 stratifying variables from the model (individually or in groups), and by varying time axes and 
171 control of trends.

172 We conducted a sensitivity analysis for the inclusion of the assessment centre in the statistical 
173 model using different specifications, following a previous work10. Specifically, we used dummy 
174 variables or random effects with a gamma distribution or normal distribution. 

175 Estimates of the associations were reported as hazard ratios (HRs) for non-accidental 
176 mortality per 10 μg/m³ increments in PM2.5, with 95% confidence intervals (CI). Missing values 
177 in the baseline covariates were imputed using multiple imputations by chained equation 
178 (MICE). For simplicity, we used the results of a single imputation.

179 The original full R code and a reproducible version illustrating the analysis using synthetic 
180 datasets are available in a GitHub repo (https://github.com/gasparrini/UKB-confounding). 

181

182 Results
183 Descriptive analysis

184 The original dataset included 502,381 individuals. We excluded 4,363 (0.87%) participants 
185 due to missing data in the exposure history, with a final cohort of 498,018 people. The 
186 participants were followed up for an average of 11.19 years, with a total of 5,575,253 person-
187 years. During the follow-up, we observed 37,878 deaths for non-accidental causes. 

188 The descriptive analysis of spatial and temporal patterns in PM2.5 exposure and mortality rates 
189 can be useful to illustrate related confounding mechanisms and adjustment strategies. Figure 
190 2 shows the time series of the distribution of annual PM2.5 exposure and mortality rates over 
191 the timescales of calendar year and age. The contrasting trends in exposure and mortality 
192 risks indicate a threat of temporal confounding, and the need for an adequate control in the 
193 regression model. Figure 3 shows the average distribution of PM2.5 against mortality rates 
194 calculated within assessment centre (see Figure S1 in the appendix for their geographical 
195 locations). There is a south-to-north pattern, with higher PM2.5 levels and lower mortality in 
196 centres belonging to the London area (Hounslow, Barts and Croydon) and partly in the South 
197 of England. The negative correlation makes the analysis prone to spatial confounding, which 
198 must be appropriately controlled for if not captured by area-level predictors.

199 Finally, Table 1 shows the distribution of average PM2.5 exposure and mortality rates in 
200 categories of contextual and individual-level variables, indicating noticeable correlations. 
201 Specifically, higher area-level deprivation corresponds to higher mortality rates and strongly 
202 increasing exposure levels, while less urbanized areas are characterized by lower mortality 
203 rates and reduced air pollution.  Similarly, residential greenness is associated with decreasing 
204 mortality and PM2.5 concentrations. Individual-level variables show interesting patterns. For 
205 instance, average PM2.5 exposure and mortality change across categories of both socio-
206 economic and lifestyle factors, although part of these differences can be explained by age and 
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207 location. While variations in exposure are shallow, the striking differentials in mortality rates 
208 can still induce mild changes in the exposure-response associations. 

209

210 Analysis of the directed acyclic graph

211 The assessment of the DAG in Figure 1 indicates that all the measurable risk factors listed 
212 above must be included in the regression model to adjust for confounding. We highlight here 
213 some interesting aspects, however acknowledging that these considerations depend on the 
214 strong, untested, and (to some extent) subjective assumptions about the causal paths. First, 
215 control for assessment centre is important to limit spatial confounding, occurring primarily 
216 through the path involving unobserved area-level characteristics linked with differential 
217 outdoor PM2.5 levels. Second, a lack of control for individual-level factors, represented by both 
218 socio-economic conditions and lifestyle factors, can lead to confounding. Lifestyle 
219 characteristics can confound the association of outdoor PM2.5 and mortality via multiple paths 
220 involving unobserved area-level characteristics and variation in personal PM2.5 exposure. The 
221 mechanism involving individual-level socio-economic factors is more complex, as they do not 
222 confound directly, but need to be adjusted to close a backdoor path opened when controlling 
223 for lifestyle variables acting as colliders via unobserved area-level characteristics.

224

225 Regression analysis and control for confounding

226 The association between long-term exposure to PM2.5 exposure and non-external mortality 
227 was first estimated with a fully adjusted model. The specification of this model provides control 
228 for the different types of confounding mechanisms mentioned above. First of all, the model 
229 directly adjusts for several personal characteristics and behaviours. Additionally, the inclusion 
230 assessment centre and year of birth as stratifying variables, together with sex, ensures a 
231 strong control for spatial and temporal patterns for PM2.5 and death trends. Finally, additional 
232 control for contextual variables is provided by area-level deprivation, neighbour greenspace, 
233 and urban/rural classification. This main model (Model 1) reports an HR of 1.25 (95%CI: 
234 1.06,1.49) for a 10 μg/m³ increase in the exposure, as shown in Table 2. The various 
235 confounding mechanisms were examined and quantified by fitting models with alternative 
236 specifications, with the corresponding estimates reported in the rest of the table.

237 The top part of Table 2 concerns temporal confounding, presenting models where calendar 
238 trends and age are adjusted in different ways. Specifically, age does not seem to act as a 
239 confounder, as the estimated HR is very close to the main model when it is controlled directly 
240 through spline terms (Model 2), or not controlled at all (Model 3). The situation is different for 
241 calendar time: when using age as the time axis, calendar trends need a strict adjustment 
242 through stratification by year (Model 4) or splines (Model 5). More importantly, the absence of 
243 control for calendar trends (Model 6) results in underestimation compared to the main model, 
244 with an HR of 1.18  (1.06-1.31). 

245 The following models inform about different spatial confounding mechanisms, with more 
246 pronounced variations for different confounder adjustments. Specifically, the removal of 
247 control for assessment centre (Model 7), used in the main model as a stratifying variable, 
248 reveals a large confounding effect, with the risk reversing to an HR of 0.82 (0.76-0.87). This 
249 is consistent with the strong geographical correlation between baseline mortality and PM2.5 

250 exposure shown in Figure 2. Also notable is the much narrower confidence intervals compared 
251 to the main model, related to the wider exposure contrast obtained when removing 
252 assessment centre as a stratifying variable.  The sensitivity analyses conducted for the 
253 inclusion of assessment centre (Table S1) show consistency among most methods (strata, 
254 indicator and gamma random effects) except when normally distributed random effects are 
255 used.
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256 Other spatial mechanisms can be related to variations in the distribution of measurable 
257 contextual risk factors, which can be assessed by removing each of them in turn from the 
258 model (Models 8-10). The comparison demonstrates a strong confounding effect of area-level 
259 deprivation, with the HR increasing to 1.51 (1.28-1.80) when excluding it from the model, while 
260 the control for greenspace and urban-rural produces minimal changes. Finally, the last two 
261 models examine the role of individual-level risk factors, reporting estimates where socio-
262 economic variables (Model 11) or other personal characteristics (Model 12) are removed, 
263 respectively. While the former does not seem to exert any confounding effect, the lack of 
264 control for physical and lifestyle factors seems to lead to a noticeable overestimation, with an 
265 HR of 1.34 (1.12-1.59). An additional analysis where we evaluated the contribution from each 
266 of these factors separately indicated that most of this confounding effect seemed to be exerted 
267 by smoking behaviours, in particular the current status (Table S3).

268

269 Discussion
270 In this contribution, we illustrate and discuss confounding mechanisms in epidemiological 
271 studies on long-term risks associated with environmental factors, with a specific example on 
272 the association between PM2.5 and mortality in the UK Biobank. We perform a comprehensive 
273 assessment including descriptive analyses, theoretical considerations based on DAGs, and 
274 empirical results from regression models. The results are consistent and reveal various 
275 confounding patterns, offering insights as well as advice on specific adjustment strategies to 
276 be implemented in this context.

277 The most striking result is the strong spatial confounding linked with the lack of control for 
278 assessment centre, which represents a proxy for the residential area of the subject. The 
279 rationale of stratifying for assessment centres in the Cox model is to limit the comparison 
280 within each risk set to people living in the same area, thus reducing differences in unobserved 
281 contextual risk factors. Failing to adjust for it leads to a strong confounding effect, with the HR 
282 reversing from 1.25 to 0.82, due to the strong correlation with both PM2.5 concentrations and 
283 baseline mortality rates. It should be noted, however, that there is a trade-off between an 
284 aggressive spatial stratification and the reduction in exposure variation within risk sets that 
285 leads to reduced statistical power, as shown in the results. Some published analyses 
286 introduced spatial control, particularly through area-level random effects15,16, but others have 
287 not17–21. Our result showing differential estimates depending on the distribution of random 
288 effects (Table S2) is interesting, and it deserves further scrutiny in future analyses. In any 
289 case, these results indicate that more attention needs to be devoted to controlling for spatial 
290 confounding in cohort studies on environmental risks. In this analysis, the negative direction 
291 of the association stems from the opposite geographical patterns of air pollution and death 
292 rates shown in Figure 3, consistent with the “Glasgow effect” previously reported in the 
293 literature, which represents an excess mortality in the Scottish population due to historical 
294 socio-economic circumstances22.

295 Another interesting aspect is the issue of temporal confounding, requiring considerations of 
296 the choice of the time axis and the direct control for trends across other temporal dimensions. 
297 Our association estimates were invariant to the inclusion of age as a predictor, regardless of 
298 its specification, but highly sensitive to the exclusion of calendar year, leading to an 
299 overestimation of the health risks when the latter was excluded. These results can be 
300 explained by multiple aspects, including the use of time-varying exposure measures, the 
301 opposing trends in PM2.5 and mortality over the study period, and the UKB being a closed 
302 (fixed) cohort, with the recruitment occurring in a short period and no replacement. These 
303 features motivated our choice regarding the selection of the time axis and the control of other 
304 temporal trends. While such a choice can change depending on the study setting and design, 
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305 as well as on the temporal resolution of the exposure or other covariates, we emphasise the 
306 importance of appropriately accounting for temporal confounding in the analysis of long-term 
307 effects of environmental stressors.

308 One important topic addressed in this contribution is the confounding mechanisms related to 
309 individual-level factors on health risks associated with air pollution. The question is motivated 
310 by the lack of individual information in administrative health databases often used to perform 
311 large population-based cohort analyses23,24, other than basic socio-economic indices (e.g., 
312 education and income) and ethnicity. In particular, the role of lifestyle characteristics is 
313 currently debated, with a line of thought asserting that these factors should not be controlled 
314 for, as they are not correlated with area-level pollution levels25. Both theoretical arguments 
315 and empirical results presented here put such an argument into question. First, the DAG in 
316 Figure 1 demonstrates that lifestyle factors can confound through multiple pathways, for 
317 instance, because of spatial correlation with pollution levels or via their role in altering personal 
318 exposure, both induced by the presence of unobserved area-level characteristics. Second, 
319 the regression analysis indicates a noticeable increase in HR when removing lifestyle 
320 variables, leading to an overestimation of the risk. This finding aligns with previous studies 
321 that found strong air pollution effects when accounting for individual-level covariates26–28. In 
322 particular, our associations are analogous to those estimated with a large Canadian cohort26, 
323 in which the addition of behavioural covariates decreased the HR for mortality from 1.36 to 
324 1.26 after adjustment for individual- and area-level factors. This result is also consistent with 
325 the descriptive analysis, where even very small variations in exposure distributions across 
326 categories for lifestyle factors can lead to confounding due to the effects of these variables, 
327 as shown in Table 1. Indeed, variables such as smoking, alcohol consumption, and obesity 
328 represent by far the strongest risk factors for mortality.

329 Some limitations must be acknowledged. First, the results presented here are specific to the 
330 UK Biobank. Nonetheless, while different patterns can be found in other cohorts, general 
331 considerations about confounding mechanisms would still be relevant. Second, the UKB 
332 database presents some limitations, in particular the fact that most of the variables are 
333 collected only at recruitment and that the residential locations of the subjects are not made 
334 available to the users, requiring the use of assessment centre as a proxy for geographical 
335 areas. Both of these issues surely introduce errors and imprecision, although again, this fact 
336 does not affect the general considerations made here about confounding. Finally, it must be 
337 stressed that this contribution aims to identify and discuss various confounding patterns in 
338 cohort studies on the health risks of environmental stressors, albeit without making use of and 
339 discussing complex causal inference methodologies to address them.

340 In conclusion, this case-study illustration reveals various confounding effects in cohort studies 
341 on long-term risks of environmental exposures, linked with spatial and temporal data 
342 structures in addition to direct contributions from contextual and individual-level factors. The 
343 results show consistent patterns between descriptive analyses, theoretical arguments from 
344 DAGs, and empirical results from regression models. The findings offer insights into 
345 approaches to control for spatial differences and temporal trends in exposure and risks, as 
346 well as the need to adjust for a set of potential confounders, including lifestyle variables.

347

348

349

350

351

352

353
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468 Table 1. Distributions of subjects, fine particulate matter (PM2.5) and mortality across 
469 categories of contextual and individual-level variables in the UK Biobank cohort (see Table S1 
470 in the appendix for further details).

Variable Category Count (%) PM2.5 average (SD) Death rate (x 100,000)

Female 271,611 (54.5%) 10.79 (1.85) 518.13
Gender

Male 226,407 (45.5%) 10.80 (1.83) 876.74
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Missing (%) 0 (0.0%) NA -

1th quintile 196,400 (39.4%) 10.40 (1.56) 594.31

2nd quintile 180,916 (36.3%) 10.79 (1.75) 651.38

3rd quintile 83,745 (16.8%) 11.31 (2.08) 792.83

4th quintile 33,752 (6.8%) 11.84 (2.38) 1,011.62

5th quintile 3,205 (0.6%) 11.82 (2.81) 1,285.01

Townsend 
deprivation index 
(TDI)

Missing (%) 0 (0.0%) - -

Urban 424,129 (85.2%) 10.98 (1.83) 689.37

Town/fringe 37,611 (7.6%) 9.74 (1.53) 658.8

Village/Rural 36,278 (7.3%) 9.70 (1.45) 584.34

Urban-rural 
classification

Missing (%) 0 (0.0%) - -

1th quintile 82,036 (16.5%) 12.19 (2.07) 636.42

2nd quintile 168,841 (33.9%) 11.01 (1.74) 713.31

3rd quintile 127,046 (25.5%) 10.46 (1.52) 700.45

4th quintile 78,132 (15.7%) 10.04 (1.47) 655.79

5th quintile 41,963 (8.4%) 9.64 (1.44) 607.59

Greenspace

Missing (%) 0 (0.0%) - -

White 470,847 (94.5%) 10.71 (1.81) 692.56

Other 27,171 (5.5%) 12.27 (1.81) 447.45Ethnic background

Missing (%) 0 (0.0%) - -

Low 85,753 (17.2%) 10.69 (1.76) 1,245.11

Professional 59,242 (11.9%) 10.66 (1.77) 789.52

High school 190,183 (38.2%) 10.74 (1.75) 565.25

College 162,840 (32.7%) 10.96 (2.00) 485.17

Education

Missing (%) 0 (0.0%) - -

<18,000 117,126 (23.5%) 10.82 (1.81) 1,156.19

18,000-30,999 124,125 (24.9%) 10.72 (1.78) 739.34

31,000-51,999 127,779 (25.7%) 10.74 (1.81) 494.24

52,000-
100,000

101,486 (20.4%) 10.82 (1.89) 390.28

>100,000 27,502 (5.5%) 11.21 (2.13) 389.34

Income

Missing (%) 0 (0.0%) - -

Employed 288,733 (58.0%) 10.84 (1.86) 369.85

Retired 166,525 (33.4%) 10.67 (1.78) 1,176.45

Other 42,760 (8.6%) 10.99 (1.94) 908.99
Employment

Missing (%) 0 (0.0%) - -

Never 273,466 (54.9%) 10.75 (1.83) 480.1

Previous 172,100 (34.6%) 10.82 (1.84) 831.45

Current 52,452 (10.5%) 10.98 (1.91) 1,253.93
Smoking status

Missing (%) 0 (0.0%) - -

Smoking intensity 0 275,782 (55.4%) 10.75 (1.83) 484.27
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<=10 60,933 (12.2%) 10.90 (1.86) 510.44

Oct-30 104,544 (21.0%) 10.85 (1.85) 793.66

30-60 48,488 (9.7%) 10.81 (1.85) 1,518.47

>60 8,271 (1.7%) 10.85 (1.87) 2,537.80

Missing (%) 0 (0.0%) - -

Never 40,138 (8.1%) 11.05 (1.91) 986.13

Occasionally 57,554 (11.6%) 10.93 (1.86) 805.66

1-3 a month 55,588 (11.2%) 10.76 (1.81) 587.34

1-2 a week 128,677 (25.8%) 10.67 (1.79) 604.3

3-4 a week 114,975 (23.1%) 10.70 (1.82) 564.93

Daily or almost 101,086 (20.3%) 10.91 (1.88) 768.01

Alcohol drinking 
status

Missing (%) 0 (0.0%) - -

low 253,546 (50.9%) 10.77 (1.87) 528.81

medium 129,153 (25.9%) 10.78 (1.82) 749.01

high 115,319 (23.2%) 10.87 (1.82) 937.97
Waist-to-hip ratio

Missing (%) 0 (0.0%) - -

Low 92,953 (18.7%) 10.78 (1.80) 793.6

Moderate 193,796 (38.9%) 10.81 (1.88) 662.65

High 211,269 (42.4%) 10.78 (1.83) 644.98

Physical activity 
(IPAQ score)

Missing (%) 0 (0.0%) - -

No 404,368 (81.2%) 10.74 (1.81) 607.5

Yes 93,650 (18.8%) 11.02 (1.97) 998.36Living alone

Missing (%) 0 (0.0%) - -

471
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472 Table 2. Hazard ratio (HR) associated with an increase of 10 μg/m³ in PM2.5 in the UK Biobank 
473 cohort, estimated from models with different adjustment strategies, with 95% confidence 
474 intervals (CI).

Main adjustment Temporal adjustment Model HR (95% CI)

Time axis Additional term

Calendar Strata of age (months) Model 1 1.25 (1.06-1.49)

Calendar Splines of age Model 2 1.23 (1.04-1.47)

Calendar - Model 3 1.25 (1.06-1.49)

Age Strata of calendar (months) Model 4 1.24 (1.04-1.47)

Age Splines of calendar time Model 5 1.27 (1.08-1.49)

Fully-adjusted

Age - Model 6 1.18 (1.06-1.31)

No assessment centre Calendar Strata of age (months) Model 7 0.82 (0.76-0.87)

No deprivation index Calendar Strata of age (months) Model 8 1.51 (1.28-1.80)

No urban-rural classification Calendar Strata of age (months) Model 9 1.27 (1.07-1.51)

No greenspace Calendar Strata of age (months) Model 10 1.24 (1.06-1.46)

No individual-level SES factors Calendar Strata of age (months) Model 11 1.25 (1.05-1.48)

No individual-level lifestyle factors Calendar Strata of age (months) Model 12 1.34 (1.12-1.59)

475
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477 Figures
478

479 Figure 1. Directed acyclic graph (DAG) representing the assumed causal paths between 
480 exposure to fine particulate matter (PM2.5) and mortality in the UK Biobank cohort.

481

482 Figure 2. Trends of annual average exposure to fine particulate matter (PM2.5, in µg/m3, black 
483 squared line) and mortality rates (per 100,000 person-years) by calendar time (left, red dotted 
484 line) and age (right, red dotted line) in the UK Biobank cohort.

485

486 Figure 3. Scatterplot of average exposure to fine particulate matter (PM2.5, in µg/m3) and 
487 mortality rates (per 100,000 person-years) by assessment centre in the UK Biobank cohort.
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Chapter 13

Final comments

In this concluding chapter, I offer final remarks on my doctoral research con-

cerning the evaluation of the long-term impact of air pollution within the

UK Biobank cohort. First, I will present the main outputs of this PhD and

their relationship with the PhD’s objectives. In the second section, I will

present the contribution to the scientific literature of the output of this PhD

project. Finally, I will examine possible future developments from compu-

tational, theoretical, and applied perspectives. A final discussion concludes

the thesis.

13.1 Main outputs

The main findings from the studies conducted and presented in the previous

chapters are summarised here.

In Chapter 9, I presented a general framework for linking environmental

exposure data with cohort databases. The procedure consists of three sub-

sequent steps focusing on the description of exposure masking methods and
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possible uses of the output data in epidemiological studies. This process was

illustrated by connecting daily PM2.5 predictions with UK Biobank partic-

ipants’ residential addresses. The linkage described fulfilled the Objective

I of the PhD and it was practically applied to perform two epidemiological

analyses (Objective II and III) on health outcomes with the UK Biobank

cohort.

In Chapter 10 and 11 I presented two long-term studies on the effect of PM2.5

on the risk of early death and cardiovascular inpatient hospital admissions,

respectively. The studies were conducted with a follow-up of up to 13 years

per subject with an overall exposure history of 19 years. Annual time-varying

averages of PM2.5 were linked to the UK Biobank participants’ residential

locations. Then, Cox PH models were applied to estimate the exposure-

response functions for each outcome in separate models.

In the mortality analysis (Chapter 10) an increase of 10 µg/m3 in 8-year

averages of PM2.5 exposure was associated with all-cause [HR= 1.28 (95%

CI: 1.07-1.53)], non-accidental [1.24 (1.03-1.51)], respiratory [2.07 (1.04-4.11)]

and cancer mortality [1.66 (0.86-3.19)] in separate models. No association

was found for cardiovascular causes for that time frame [0.89 (0.60-1.31)].

Moreover, the application of different time frames and distributed lag exposure-

response risk functions suggested diverse patterns of association among the

outcomes, but the statistical uncertainty prevented making clear conclusions.

However, the elevated risk for respiratory mortality appears to be primarily

linked to the last three years of exposure and the cardiovascular mortality

risk in the previous year. Finally, this methodological development (using

DLMs in long-term studies) can also be applied in future UKB studies and

with other cohorts.
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In the analysis of hospital admissions (Chapter 11), positive significant asso-

ciations were detected between the long-term average of PM2.5 and multiple

cardiovascular outcomes, including MI NSTEMI (non-ST-elevation) intrac-

erebral stroke, heart failure and cardiac arrest. The effects were mostly

consistent across exposure windows, except for MI NSTEMI, for which the

associations were only positively significant with the 1-year average. For

several outcomes, non-linear exposure-response functions showed linear asso-

ciations and steep risk increase at lower levels of exposure, below 10 µg/m3,

suggesting the strong effects to be below international and national standard

limits.

From the covariates adjustment perspective, both the mortality and hospi-

tal admissions analyses were sensitive to including individual- and area-level

variables in the survival models. Compared to the basic model, adjusted for

assessment centre, sex and age, the most significant change in the hazard ra-

tios occurred after control for area deprivation index, albeit also the inclusion

of greenspace, population density (urban/rural) and individual characteris-

tics and behaviours affected the health effect estimates.

In the last contribution (Chapter 12), I investigated confounding mechanisms

in the relationship between long-term PM2.5 and non-accidental mortality.

The analysis was carried out using both statistical descriptives and survival

regression models, which were applied using the design of the above-described

studies without the investigation of the temporal windows and lagged effects.

The analyses showed an important confounding impact across time (calendar

years and participants’ age) and geographical areas. On the temporal scale,

mortality rates tend to increase both in time and naturally with ageing, al-

beit PM2.5 trends display decreasing patterns. On the spatial dimension, the
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exclusion of the assessment centres from the models reverses the association

between PM2.5 and mortality, suggesting potential strong confounding ef-

fects when knowledge of large geographical areas is unaccounted for. Finally,

results also showed the associations changed moderately but significantly

when individual characteristics and behaviours were excluded from the mod-

els. Theoretical justifications for this potential confounding mechanisms were

drawn and a directed acyclic graph (DAG) was defined.

13.2 Contributions

This section highlights this thesis’s contributions to the scientific literature

and its implications for public health.

13.2.1 Exposure linkage framework

The linkage procedure applied is similar to previous studies that linked en-

vironmental exposure measures to cohort data. However, the linkage per-

formed for this PhD is the first attempt to describe a linkage process with

highly resolved spatiotemporal data illustrating the detail in every step. This

has been helping and will continue to contribute to enabling a wider audience

to understand how ambient exposure linkages are structured and function.

Moreover, this work treats the problem of privacy-protecting methods in

environmental epidemiology studies and justifies the choice of bilinear inter-

polation as a potentially efficient and effective method for the study purposes.

While this linkage procedure was used with the UK Biobank cohort, it can

be virtually applied to any pair of environmental exposure-cohort databases

that include information on the residential histories. This will simplify the
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work of future or less experienced researchers searching for established link-

age procedures to apply to their datasets. Finally, the exposure data will be

available to the UKB research community, allowing investigators to conduct

a wide range of epidemiological analyses involving short to long-term effects

analyses.

13.2.2 Air pollution effects on mortality in the con-

text of the literature

A rich literature exists describing the effects of long-term PM2.5on mortality.

However, among all the investigations, only a few included resolved spa-

tiotemporal exposure information in their design, and most were conducted

in North America. Therefore, this is one of the few studies using highly re-

solved time-varying exposure in Europe, and the first study of this kind was

performed using a UK-based cohort.

Because the heterogeneity among previous studies did not favour the ex-

trapolation of health risks outside the area and populations investigated, the

current study is a relevant addition as it corroborates the scarce literature of

UK-based studies on the topic.

This study provides updated associations using state-of-the-art methods.

Compared to the most comprehensive literature reviews to date[27, 28], this

study shows stronger associations between 8-year PM2.5 averages and pre-

mature all-cause mortality against meta-analytical estimates of 1.09 (1.07,

1.11). Similarly, remarkably strong effects were found for respiratory and

lung cancer mortality, even though the results displayed high imprecision.

In contrast with the previous studies[27, 112], there was a null effect for car-

diovascular mortality.

132



Our results for cause-specific deaths are in line with the only previous individual-

level study conducted on a UK-based cohort[44], which showed strong effects

for respiratory mortality but no significant associations with lung cancer and

cardiovascular deaths after adjustments for area-level SES. A reason for this

could be the relatively short follow-up and young age of the cohort. Another

reason could be attributable to the complex relationship between ambient air

pollution and SES variables that prevent drawing firm conclusions. Further

studies should investigate this weak association. Unexpectedly, compared

to a previous UK Biobank study that analysed the risk of mortality due to

PM2.5 using 15-year-old exposure predictions from ESCAPE, the estimates

of the current study were similar for all-cause mortality and lower for cardio-

vascular mortality.

This was the first study to assess the temporal decomposition of mortality

risk using DLM. These analyses could be important to identify the most rele-

vant windows through air pollution exerts its most detrimental effects across

the follow-up.

13.2.3 Air pollution effects on cardiovascular hos-

pital admissions in the context of the liter-

ature

Regarding major adverse cardiovascular events (MACE), across all the time

windows, UK resident adults living in areas with a 5 µg/m3 higher exposure

experienced a 12% to 15% elevated risk of MACE-related hospitalisations

compared to those in less exposed areas. These results partially align with

previous studies[113–115], even though their comparison is difficult due to
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varying MACE definitions. The unclear results for acute myocardial in-

farction align with previous meta-analyses[26, 116]. Of note, this is the first

long-term study investigating MI subtypes (STEMI and NSTEMI) and found

that NSTEMI was associated with air pollution. At the same time, the as-

sociation was less clearly defined for STEMI. This highlights the importance

of focusing on specific health outcomes instead of investigating general ICD

codes.

Previous studies[115, 117] using time-varying exposure have assigned the ex-

posure average of one year prior to the event. In this study, exposure windows

of varying lengths were assigned to the participants and analysed in separate

models. In general, variations of the exposure windows only lead to mild

changes in the associations. However, in few cases the changes were more

pronounced. In particular, some cardiovascular outcomes, such as intracere-

bral stroke and non-ST-elevation myocardial infarction (NSTEMI) appear to

be more sensitive to shorter (1-year) exposure windows compared to longer

ones (5-year).

The non-linear concentration-response function and subset analysis indicate

steep risks at concentrations across the exposure distribution, with no evi-

dence of a threshold at the lowest values. This result underscores that despite

recent decreases in air pollution levels, adverse effects persist even at very

low concentrations. This finding adds to the growing body of literature in

the rest of the Western countries, highlighting the importance of addressing

air pollution concerns at both high and low exposure levels.

134



13.2.4 Effects at low levels

In the last 30 years, a lot of research has been attempting to investigate poten-

tial correlations between ambient long-term air pollution and increased risk of

adverse health events. Milestone studies from the early 90s[24, 37] to 2000[36,

109] suggested that air pollution, mainly represented by PM10 (particulate

matter with diameter <10 µg/m3), PM2.5 (fine particulate matter), SO2 and

Black Smoke (BS), contributed to excess all-cause and cause-specific mortal-

ity (cardiovascular and respiratory) in both North American and European

urban areas. These findings motivated international and national health and

environmental organisations to establish standardised threshold limits for air

pollution. For instance, the WHO in 2005 set the annual limit for PM2.5 at

10 µg/m3. These historical results have been subsequently strengthened and

validated by an updated and new series of publications[45–47] that found

associations between exposure and mortality persisted at annual levels be-

low the 10 µg/m3 threshold, suggesting new threshold limits for ambient

air pollutants across the whole world. Of particular note, important studies

have shaped the literature by exploiting national representative cohorts[107],

massive sample sizes[48, 49] and causal frameworks[118, 119], especially in

North America, as well as implementing large multi-city and multi-cohort[39,

51] studies, in Europe. Numerous have also been attempts to shed light on

the low levels (depending on the national standards) of air pollution and the

potential different impact of components of PM. As a consequence, in 2021

the WHO re-evaluated the annual limit for PM2.5 setting it at 5 µg/m3.

The UK case In the rest of the Western countries, annual air pollution

level limits have tightened; on the other hand, national UK limits have been
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markedly more permissive. The 2010 Air Quality Standard regulations im-

posed the limits to the annual PM2.5 concentrations to 20 µg/m3, while the

updated Environmental Targets for England set in 2023 require to limit the

annual average for the pollutant to be below 10 µg/m3 by 2040 [120]. Com-

pared to those recommended by international health organisations such as

the WHO, the less restrictive limits on air pollution set in the UK can be at-

tributed to several factors, including a lack of studies focusing specifically on

the effects of low-level air pollution in the UK context. Another important

reason is the potential applicability of international studies on the impact

of low levels of air pollution. While international research has consistently

linked low levels of air pollution to adverse health effects, UK policymakers

have sometimes questioned the direct relevance of these findings to the UK

population, considering the differences in environmental, demographic, and

socioeconomic contexts[121]. In this project, I corroborated the findings from

international studies by carrying evidence of the effect of low levels from a

new rich individual-level cohort, the UK Biobank, paired with high-resolution

exposure measurements suited to address a broad range of research questions

on various health outcomes.

13.3 Strengths and limitations

In this section I describe the limitations of the studies I conducted.

13.3.1 Strengths of the study

The linkage procedure along with the gridded exposure maps permitted the

exposure assignment at relatively high spatial and temporal resolution.
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The study used a large individual-level cohort, and it is one of the few studies

to investigate the long-term effects of PM2.5 on mortality in the UK.

Detailed healthcare history favoured investigating specific cardiovascular health

outcomes instead of general definitions.

Thanks to the detailed individual exposure history, customised exposure sum-

maries for the participants were possible, and potentially intricate temporal

effects were investigated by defining time-varying averages across different

exposure windows and distributed lag terms.

These studies allowed control for a large number of potential confounders.

These include area- and individual-level SES variables, personal characteris-

tics, and lifestyles.

13.3.2 Limitations of the study

The linkage performed has one main limitation: the exposure assigned to

the study participants is limited to the residential address or, at best, to the

work/study place. This does not account for the subject’s daily mobility away

from a fixed place. However, it would be relevant to consider movements,

in particular commuting time and space, to adequately obtain the subject’s

daily exposure profile.

The primary limitation of the epidemiological studies is the limited general-

izability of the results, attributable to the “healthy volunteer bias” in the UK

Biobank cohort. Although representativeness is not essential for valid epi-

demiological inference, significant selection bias can lead to biased estimates

if there are unmeasured risk factors that serve as colliders by being linked

to both the exposure and the likelihood of selection. The lack of effects and

the large imprecision found when investigating most of the outcomes can be
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attributed to low power in the analyses, considering that the number of cases

for cause-specific deaths varied between 2000 to 6000 events. However, pre-

vious investigations in which extensive control of potential confounders was

applied showed similar imprecision ranges. Due to the low number of cases

for the outcomes (both mortality and hospital admissions) in the study, I

was also not able to conduct short-term effect analyses, which require very

large sample sizes to detect associations. Additionally, within this work I

used only PM2.5 as exposure in the epidemiological analysis. However, on

spatial scales smaller than 1x1 km there exist other relevant exposures that

co-vary with PM and have been associated with health. For example, these

include traffi-related pollutants, such as NO2, noise, black carbon and UFPs.

Regrettably, most of these exposures were not available for my analyses, pre-

venting me from assessing their direct impact or their potential role as effect

modifiers for PM2.5. In the cases when they were available, their temporal

and spatial resolutions were extremely limited and therefore I could not in-

clude them in models along with PM2.5. Finally, confounders’ data were only

collected at baseline therefore, I could not account for changes in personal

SES, characteristics and behaviours across the follow-up.

13.4 Final developments

During the PhD project, in drafting the publications included in Chapters

7-10, I have attempted to provide a methodological description of an expo-

sure linkage framework, two in-depth examples of epidemiological analyses

and an exploration of the confounding mechanisms in environmental stud-

ies of long-term associations in the UK Biobank. However, there remains
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considerable potential in research pertaining to exposure assessment and the

subsequent health effects associations utilising the UK Biobank, presenting

a good opportunity for numerous new investigations.

Linkage with new exposures The paper presented in Chapter 9 pro-

vides a description and detailed illustration of a general process to link en-

vironmental exposures with individual cohort data. Even though analogous

frameworks have been applied in the literature, the one I present is illus-

trated in three clearly defined steps and directly discusses some innovative

aspects, such as exposure masking, by outlining a comparison of the different

methodologies. On the other hand, a deeper analysis of the methods would

require additional time, which was not available during this PhD and can be

performed in separate undertakings. Future work could investigate how dif-

ferent interpolation methods impact the exposure profiles and the estimated

health associations in epidemiological studies. Moreover, the framework ap-

plied in this project is customisable; in fact, each step can be adapted to suit

the needs of different and novel exposure models. For example, this frame-

work can be integrated with the output of cutting-edge exposure techniques.

Novel assessment methods are surpassing models based on the use of fixed

predictors’ measurements by integrating them with data obtained from mo-

bile monitoring devices, such as Google Street View cars[122]. With a view

on the specific UK Biobank case, future developments can see the linkage of

additional environmental exposures. First of all, spatiotemporal predictions,

analogous to the one presented for PM2.5, are currently in the process of be-

ing linked with the UKB database, including NO2 and PM10[123]. However,

the linkage is not to be limited to air pollutants. For instance, an interesting

139



additional step would be to include greenness measurements to complement

the current values in the UKB database based only on the year 2010. Ad-

ditionally, more updated measurements of the Townsend Deprivation Index

could be added to the values measured in 2010. Finally, the customizability

of the UKB database and the flexible characteristics of the linkage frame-

work allow for the inclusion of additional predictions from different exposure

models. Comparing exposure models is essential when assessing health asso-

ciations, as agreement or disagreement between models would reveal potential

measurement error biases in either method[124].

Epidemiological investigations The two epidemiological studies car-

ried out and presented in Chapter 10 and 11 include diverse types of analy-

ses, spanning temporal decomposition of effects, exposure modelling compar-

isons, and non-linear associations. These investigations utilised state-of-the-

art modelling techniques and addressed contemporary research questions in

epidemiology. However, they still only exemplify a much wider range of pos-

sible analyses. Different designs could be applied to conduct epidemiological

studies depending on the exposure time frame of interest. For instance, the

availability of daily exposure levels linked at the individual level allows for

conducting short-term analyses of various acute health events. There are no

investigations of short- and medium-term health associations with this co-

hort. Moreover, the framework can be extended beyond event outcomes. The

presence of follow-up assessments in the UKB makes it possible to investigate

repeated measures of continuous and categorical outcomes. Previous studies

have attempted to analyse repeated measures with this cohort but have al-

ways used landmark exposure data from 2010[96, 125]. Re-analyses of these
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studies or new investigations using different outcomes would incredibly bene-

fit from the existence of time-varying exposure data. Finally, the UK Biobank

includes large amount of data on blood samples. The high resolution of this

exposure data will allow to explore not only clinically evident outcomes, but

also the pathophysiological mechanisms leading to them[91].

Analyses of confounding The paper on confounding effects in long-

term environmental studies presented in chapter 12 explores the impact of

diverse mechanisms in the relationship between air pollution and mortality.

However, in my study, the associations presented are purely associational,

and the work did not include the use of causal inference methods. These

methods combine classic statistical modelling techniques with a mathemat-

ically coherent framework for the causal relationship between variables in

a defined system. There are several examples of the application of causal

methods in the context of environmental epidemiology[86, 126]. It would be

of great importance to extend the current analysis of confounding with the

UKB to new analyses in which different causal methods are compared against

the traditional associational estimates[118]. Examples of causal methods in-

clude g-computation[127], inverse probability weighting[78] and propensity

score adjustments[118] that could be applied to compute risk ratios on vari-

ous health outcomes.

An additional development of this study from a causal perspective could in-

volve extensions of the DAG to different spatial levels (centre, neighborhood

level, near-address level). Such an extension would help to conduct studies in-

vestigating associations with highly spatially-varying pollutants (for instance,

those traffic-related) as well as comparing how the effect of each pollutant
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on health changes when assessed with different resolutions.

Another aspect related to confounding is the adjustment for lifestyle vari-

ables. As mentioned in the introductory sections, typically, such lifestyle

variables are not available in large administrative cohorts, but methods of

indirect adjustment have been developed for this situation. It has been in-

vestigated in only a few studies[55, 128], how direct and indirect adjustment

results compare; therefore it would be interesting to use this well-phenotyped

cohort to evaluate the indirect adjustment.

13.5 Conclusions

The work I presented in this thesis has focused on the definition of an expo-

sure linkage as well as on a comprehensive assessment and exploration of the

long-term effects of PM2.5 on mortality. In particular, I focused on the tempo-

ral decomposition of the effects and disentangling confounding mechanisms.

The exposure linkage framework defined here has multiple purposes; from a

practical perspective, it may be useful to researchers working on the UKB

cohort and other cohorts. Moreover, it is a valuable reference for graphically

teaching students how to use GIS methods and how state-of-the-art environ-

mental linkages are performed in the literature. In line with the previous

literature, a relevant effect of PM2.5 on mortality was observed. There were

several significant associations between all-cause and cause-specific mortality

as well as cardiovascular hospitalisations. This is one of the few UK-based

study corroborating the literature produced in the rest of Europe and North

America finding associations for several health outcomes. In general, the

effect on mortality was not modified by the breadth of the exposure win-
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dow considered. However, for mortality due to cardiovascular causes, the

most relevant exposure frame to exert effects on health may be the closest

to the event date. Similar results were obtained for cardiovascular hospital

admissions, except for MI NSTEMI, which showed significant associations

only with the shortest exposure window. This result may inform the possi-

ble etiological mechanisms linking air pollution and cardiovascular diseases

compared to other health outcomes. Further research should investigate

throughout mechanisms do PM2.5 affect differential health risks. For most

cardiovascular outcomes, the effect estimates exhibited sharp increases in car-

diovascular risk at the lowest levels of exposure. This suggests, as previous

research has done, that there is no safe threshold for exposure, highlighting

the importance of defining more stringent standards in the UK as in other

Western countries. It could also entail the need for enhanced monitoring of

air quality and public awareness campaigns about the risks associated with

low-level exposures. Finally, it appears imperative to exert control over the

assessment centre when analysing the impact of environmental exposures on

adverse health event outcomes in the UKB. Failure to control for this may

lead to highly misleading results. Finally, the causal framework defined and

data analyses support the role of personal characteristics and behavioural

information as confounders in long-term air pollution analyses.
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Chapter 14

Appendix

14.1 Cox model and the Nested case con-

trol (NCC): an empirical comparison

In this thesis I evaluated a potential and equivalently effective alternative to

the Cox PH model to investigate long-term effect of air pollution on mortality.

Briefly, I explored the use of the nested case-control design to investigate long-

term effects of air pollution on health outcomes. Following a comparison

analysis among the two methods, I opted for the use of the time-varying Cox

PH model in the main analyses of this PhD project. The reasons that lead

to this decision are shortly described in the rest of the section.

In environmental studies the event outcomes are traditionally investigated

throughout the cohort designs. When performing longitudinal time-to-event

studies, these practically consist of time-stratified comparisons between each

case with the rest of the cohort of subjects was has not experienced yet the

event under study. The Cox model is often applied when assessing relation-
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ships between exposures and risks of events using hazard ratios (HRs) are

reporting tools of the associations, along with the confidence bands. The

cohort is therefore a type of case-control design in which the "risk set" of

controls is represented by all the controls still in the follow-up. On the other

hand, the nested case control is a specific case of the cohort design in which

only a sample of controls is used to assess the association. The term “nested”

is used to indicate that the sample is embedded within a larger prospective

cohort and that the temporal relationship between exposure and outcome is

thereby preserved.

In technical terms, the hazard function for the Cox proportional hazard (PH)

model is known have the form:

h(yi|β) = h0(yi|β) exp(βT xi(t))

where

• h0(yi|β): the unspecified baseline hazard function

• i ∈ [1, n]: each individual and n is the total number of individuals.

• yi = min(ti, ci): ti is time-to-event (failure time) and ci is right-censoring

time.

• xi = (xi1(t), xi2(t), . . . , xip(t))T : p-vector of potentially time-varying

features for the individual i.

• β = (β1, β2, . . . , βp)T : p-vector of underlying model parameters.

The n observed data D = {(yi, δi, xi) : i = 1, . . . , n}, where δi = I(ti ≤ ci)

is an indicator variable such that δi = 1 if the observation is not censored
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and 0 otherwise.

14.1.1 Partial Likelihood

To estimate the underlying parameters β, the original likelihood L(β|D) is

hard to maximize. Cox proposed to maximize the partial likelihood:

Lp(β|D) =
n∏

i=1

 exp(βT xi(t)∑
t∈R(yi) exp(βT xi(t)

δi

where R(yi) is the risk set of the i-th observation, defined as R(yi) = {t : yt ≥

yi}. In the cohort design R(yi) is represented by all the other participants

still in study, while in the nested case control case R(yi) is a sample of them

of size |R(yi)| = m1.

This equivalence states that, if the follow-up of a study is split in intervals

defined by a time variable, then the Poisson model controlled for that variable

and the Cox PH model in which the time variable is used as timescale, will

produced identical results.

14.1.2 The case for the NCC

Imagine we are investigating the impact of air pollution exposure on all-cause

mortality events using the UK Biobank. The cohort size is known to be ap-

proximately half a million subjects (n ≈ 500,000), with about 30,000 deaths

occurring during a certain follow-up period and negligible loss to follow-up.

This implies that, for each case and with a sufficiently fine time granularity

(such as daily), the risk set R(yi) will be at least 470,000. Consequently, the

entire analysis becomes unfeasible because the case-control dataset would

1If S is a finite set of subjects, |S| is equal to the size of that set
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contain at least 30,000 * 470,000 rows. Therefore, when dealing with large

cohort databases of time-dependent exposures, it is common to aggregate the

set of cases by specific time intervals. This is performed typically by calendar

year and considering all the cases in a given year as tied events, which are

then straightforwardly accounted for by tie methods implemented in every

Cox PH routines (such as the Breslow or the Efron method).

An attractive alternative to using the entire R(yi) is to reduce the number

of rows by selecting a sample of them, in other words to apply the NCC

design. Theoretically, this method has been shown to be asimptotically con-

sistent with the cohort design and therefore should lead to comparable, if

not identical, estimates of association between exposure and outcomes[129].

For example, in our hypothetical scenario, reducing the number of controls

to m=100 would result in 30,000 * 100 = 3 million rows, a sample size that

is manageable by most modern computers. In environmental epidemiology,

the NCC design was applied in a previous analysis of a Danish cohort which

investigated the effect air pollutants on mortality by selecting 5 controls per

case and assigning 5-year average prior to the year of the event.

14.1.3 Application on the UK Biobank database

The hypothetical scenario I described in the previous paragraph closely mir-

rors the actual investigation I conducted on the UK Biobank during my PhD.

With resolved air pollution predictions available on a daily basis, I ideally

should have been able to assign PM2.5 averages on the same scale, such as

by using 365-day averages backward from the exact day of the event. This

approach would have represented the first attempt to assign exposure with

such a high level of temporal resolution, compared to previous time-varying
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studies. Unfortunately, as mentioned earlier, computational limitations even

prevented the creation of the full survival dataset. Consequently, I opted for

the application of the NCC design.

Because the NCC has been only applied once before in environmental epi-

demiology, before applying to my final analyses I endeavoured to compare

its corresponding associations in the analysis between long-term PM2.5 and

non-accidental mortality with the estimates from a classical Cox PH model

with follow-up split in yearly intervals. First, I randomly selected control

subjects for each case, matching them within each risk set by calendar time.

The literature does not specify the optimal number of controls to select, so I

conducted an analysis using different sets of controls to assess the sensitivity

of the results to the number of controls. I set m to 5, 10, and 100, and

performed 50 re-sampling of the NCC dataset for each value of m. Within

the Cox PH modelling framework, I applied a conditional logistic regression

model to estimate the linear exposure-response association for each sample

adjusting for age, assessment centre, sex, area deprivation, greenspace and

urban-rural residential classification.

On the left side of fig 14.1 is it shown the distribution of the estimated HRs

while on on right side it is shown the HR and 95% confidence interval from

the yearly Cox PH model. In the NCC plot we can see that the distribution

of the HR values increases with the number of controls, suggesting a correla-

tion between the number of controls and the magnitude of the associations.

This result is consistent with a methodological investigation which also found

changes in the HRs when different number of controls were considered [130].

However, the NCC estimates on the left side were comparable to the Cox

Model, showing almost identical hazard ratios (HR) to the NCC design with
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100 controls.

Although not substantially different, this comparison led me to decide against

using the NCC design due to its potential for biased health estimates that

are dependent on the number of controls chosen, opting instead for the es-

tablished Cox PH model with time-varying exposure and yearly aggregated

data.

Figure 14.1: NCC - Cox PH comparison: the left-side panel shows the dis-
tribution of the HRs for non-accidental mortality from 50 sampled NCC
datasets. On the right side panel, the HR (95% CI) from the yearly Cox PH
model.

14.2 Spatio-Temporally reconstructed Daily

PM2.5 Concentrations across UK

The methodology used to model the novel exposure estimates is fully de-

scribed in a previous publication [123] and it is independent of my project.

The exposure model combines state-of-the-art ML techniques with a com-

prehensive environmental feature dataset to map daily levels of air pollutants
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in Great Britain from 2003 to 2021. The target data are observations from

ground PM monitors and the predictors include: AOD remote sensing satel-

lite observations, modelled PM from UK chemical transport model, metere-

ological and land variables (such as temperature, humidity, wind speed and

elevation), vegetation index, population and road density, light data and dis-

tance measures from roadways, airports and seashore[29]. Each feature was

harmonized to 1km resolution and extracted at monitoring sites to create the

training dataset.

Models used single and ensemble-based algorithms featuring random forests

(RF), extreme gradient boosting (XGB), light gradient boosting machine

(LGBM), as well as lasso and ridge regression.

This model was applied in 4 stages. Briefly, Stage 1 augments monitoring

station data using co-located monitors of PM10, while Stage 2 fills the gaps

in satellites measurements using atmospheric re-analysis data. Stage 3 builds

the ensemble spatio-temporal ML model of PM2.5 . Stage 4 applies the model

to assign exposure values over the whole spatial and temporal domain.

Results show a good ensemble model performance, calculated through a ten-

fold monitor-based cross-validation procedure, with an average R2 of 0.802

(0.746-0.888) for PM2.5. Reconstructed pollution levels decreased markedly

within the study period, with a stronger reduction in the latter eight years.

The output generated from the ML ensemble models consists of over 5 bil-

lion data-points corresponding to 1kmx1km and daily resolved air pollution

values, and it is unique in its combination of spatio-temporal resolution and

coverage in the Great Britain. This data may contribute substantially to

epidemiological research on the health effects of air pollution. The out-

put predictions from the model are now linked to the UK Biobank cohort
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database.
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