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Abstract

Air pollution, especially particulate matter (PM), presents significant
public health challenges and is associated with several Sustainable Devel-
opment Goals (SDGs), notably SDG 3 (Good Health and Well-being) and
SDG 11 (Sustainable Cities and Communities). Effective policy develop-
ment requires robust statistical approaches to identify pollution sources
and quantify their health impacts with appropriate uncertainty.

This study develops a novel two-stage Bayesian framework for air pol-
lution source apportionment and health risk assessment, with the aim
of quantifying the contribution of distinct particle sources to respira-
tory health outcomes in children, using particle number size distribution
(PNSD) data from London.

In the first stage, we construct a Bayesian dynamic factor model with
autoregressive components to infer latent pollution sources, incorporat-
ing non-negativity constraints and accounting for temporal dependence.
In the second stage, we assess the relationship between source-specific
exposures and respiratory hospital admissions in children via a Poisson
regression model, explicitly propagating uncertainty from the source ap-
portionment stage to the health model.

The model identifies four main sources: nucleation, traffic, urban activ-
ities, and secondary aerosols. Among these, traffic and secondary sources



exhibit the strongest and most consistent associations with increased res-
piratory hospital admissions. Importantly, models that do not account
for uncertainty propagation tend to overestimate health risk associations,
underscoring the value of the proposed Bayesian framework.

This work illustrates the advantages of integrating Bayesian meth-
ods for source apportionment and health effect estimation, with formal
uncertainty propagation across model stages. The proposed framework
enhances interpretability and supports evidence-based public health and
environmental policy. It is readily extensible to other pollutants and set-
tings, contributing to improved air quality management and progress to-
ward global sustainability goals.

Keywords: Air pollution, source apportionment, Bayesian methods, two-
stage model, uncertainty propagation

1 Introduction

Air pollution is a major public health concern, and there is extensive evidence
of its role in a range of non-communicable diseases, especially respiratory and
cardiovascular diseases (Evangelopoulos et al., 2019; Fuller, 2019; Fuller et al.,
2022). Air pollution is addressed in several Sustainable Development Goals
(SDGs), including SDG 3 (Good Health and Well-being), SDG 11 (Sustainable
Cities and Communities), and SDG 13 (Climate Action), highlighting its im-
pact on health, urban environments, and climate systems (WHO, 2025). In
the UK, the Committee on the Medical Effects of Air Pollutants (COMEAP)!
has been reviewing the toxicological and epidemiological evidence, advising the
government and informing the research needs on the health effects associated
with exposure to air pollution.

Particulate matter (PM), defined as any particle smaller than a certain size
(e.g. PMjp, PMz5) has been recognised as one of the most dangerous pol-
lutants (WHO, 2021). PM contains a mixture of contaminants from different
sources, nevertheless the majority of epidemiological studies are still considering
the totality of PM when assessing a link with health outcomes. Several recent
studies have questioned whether a more meaningful approach is to studying the
source composition of PM concentration, to account for the fact that different
sources might have different harmful effects (see for instance Park et al. 2014;
Hackstadt and Peng 2014; Pirani et al. 2015; Samoli et al. 2016; Boogaard et al.
2022; COMEAP 2022). This perspective also allows policy-makers to more di-
rectly connect research outcomes to interventions.

In this perspective, source apportionment (SA) refers to a class of methods
aimed at partitioning pollution to the sources from which it was emitted. SA
has been an active area of research in the last thirty years (Hopke, 2016; Yu

Thttps://www.gov.uk/government /groups,/committee-on-the-medical-effects-of-air-
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et al., 2022). Two main approaches can be considered: i) source-oriented deter-
ministic models; and ii) receptor models (Viana et al., 2008). The former relies
on knowledge of emissions and transport processes to predict the concentrations
of pollutants at a receptor site; the latter is based on statistical procedures to
identify and quantify the sources of pollutants based on the mixture of chemicals
measured at the receptor sites. Receptor models have become popular as they
do not require prior knowledge on the emission sources; additionally, software
for this type of analysis is widely available.

To perform SA, compositional data with information on the different chem-
ical components within PM concentration are needed to disentangle the total
PM into sources. However, this type of data is expensive to collect and not
widely available at monitoring site networks. As an alternative, measurement
of particle number concentration (PNC) and related particle number size dis-
tribution (PNSD) have recently received much attention as a way to investigate
PM sources (Hopke, 2016; Garcia-Marles et al., 2024). This consists of mea-
suring a wide range of particle sizes, ranging from 10nm to 2500nm diameter,
spanning both ultrafine (< 100nm diameter) and fine (100 - 2500nm diameter)
particle ranges. In particular, PNC represents the total number of particles
per unit volume of air, often dominated by ultrafine particles (< 100 nm), while
PNSD describes how particle numbers are distributed across particle size ranges,
revealing distinct modes, nucleation, Aitken, and accumulation, that are asso-
ciated with different sources and atmospheric processes (Garcia-Marlés et al.,
2024).

Similar results have been reported when comparing sources from composi-
tional data and PNSD, particularly for long-range transport sources (Gu et al.,
2011). In the UK, Martinez-Herndndez et al. (2025) proposed a functional
factor model for hourly PNSD collected at a background station in Greater
London, while Baerenbold et al. (2023) proposed a dependent Dirichlet pro-
cess mixture model to apportion PNSD collected at a monitoring station near
London Gatwick airport. Other studies relied on the popular Positive Matrix
Factorization (PMF) to separate airborne PNSD into sources (Beddows et al.,
2015; Beddows and Harrison, 2019; Tremper et al., 2022). Furthermore, a re-
cent study applied PMF to analyze the air pollution mixture in four European
cities, including London, identifying common sources of PNSD in cities while
also distinguishing location-specific ones (Rivas et al., 2020).

A recent review on receptor modelling methods for air pollution SA, under-
lined that deterministic models do not provide accurate representations of the
variability of species and concentrations observed in the atmosphere (Hopke,
2016), while other authors have recommended the use of a Bayesian approach
to overcome this issue (Park et al., 2015; Molitor et al., 2016; Pirani et al., 2015).
For example Hackstadt and Peng (2014) was one of the first studies to propose
a Bayesian factor model for source attribution, using national databases to pro-
vide prior information on source emissions.

The Bayesian paradigm has also been advocated as a natural framework for



ensemble-based SA methods, which try to overcome limitations and uncertainty
associated with individual standard SA models (Park and Oh, 2015; Tang et al.,
2020), along with specific computational packages (Park et al., 2021). Bayesian
approaches provide a principled way to incorporate prior knowledge, handle
temporal and spatial correlations, enforce constraints such as nonnegativity,
and propagate uncertainty in both model parameters and source contributions
(Park et al., 2001; Rusanen et al., 2023; Dai et al., 2024; Frigeri et al., 2025).
These contributions highlighted the need for additional work to better under-
stand the potential of Bayesian approaches in receptor modelling. For instance,
Park et al. (2001) included in the model an autoregressive component to ac-
count for temporal correlation in the data, while Park and Oh (2015) explicitly
accounted for nonnegativity constraints on the source contributions and source
compositions, in both parameter and model uncertainty estimation. Similarly,
recent studies have demonstrated the flexibility of Bayesian frameworks in hier-
archical models to integrate multiple sources of information and better quantify
uncertainty in urban and regional air pollution source apportionment (Tang
et al., 2020; Rusanen et al., 2023; Dai et al., 2024).

An additional and related challenge arises when evaluating the health ef-
fects of pollutant mixtures. The typical epidemiological approach consists of
two-stages: the source profiles are estimated, and then they are plugged into a
health regression model (see for instance Samoli et al. 2016; Bell et al. 2014; Ri-
vas et al. 2021). Recently, statisticians have been advocating that uncertainty
in the exposure estimates needs to be taken into account in the health-effect
model. While several contributions have considered a joint approach, where the
source profiles are estimated at the same time as their impact on health out-
comes (Park et al., 2014; Molitor et al., 2016), this approach has been criticised
as it potentially introduces feedback from the health endpoint into the source
estimation (Szpiro and Paciorek, 2013).

Framed in this perspective, here we propose a two-stage model to apportion
PNSD; the first stage allows for a data driven selection of the number of sources
based on prior knowledge of sources characterization, and explicitly accounts for
nonnegativity constraints on the source contributions and source compositions.
Additionally, it includes an autoregressive component to account for temporal
correlation in the data. The second stage links the apportioned sources to health
outcomes; in particular, we evaluate the effect of the estimated sources on res-
piratory hospital admissions in children. To propagate the uncertainty from
the first stage (SA) to the second stage (health model), we select a number of
samples from the first stage, to represent the sources posterior multivariate dis-
tribution; we then run the second stage and combine the effect estimates using
weights based on the likelihood of each of the selected first stage samples. We
finally compare the results with that of a classic two-stage model which plugs-in
point estimates only from the first stage.

The remainder of the paper is structured as follows: in section 2 we present
the data and the proposed statistical approach. Then, in section 3, we describe



the results of the two-stage model, including the choice of the number of sources
and their interpretation, as well as comparing the epidemiological results when
we include or do not include the uncertainty propagation. Finally, in section
4 we provide some discussion points on the model specification, on the results
and on the policy implications.

2 Material and methods

2.1 Data
2.1.1 Sampling site and PNSD data

The air quality data analysed in this study consist of PNSD that have been
measured during the years 2014-2016. These PNSD data were collected from an
urban background monitoring site located in a residential area of London (North
Kensington, 51° 31’ 16” North, 0° 12’ 48" West). This station is part of both
the London Air Quality Network and the national Automatic Urban and Rural
Network, and is located on the grounds of Sion Manning School. The closest
road, St Charles Square, is a quiet residential street located approximately 5 m
from the monitoring site, within a predominantly residential area. The nearest
major paved roads are the B450, 100 m to the east, and the heavily trafficked
A40, 400 m to the south. Data were acquired using a Scanning Mobility Par-
ticle Sizer (SMPS; TSI 3080) coupled with a Condensation Particle Counter
(CPC; TSI 3775) equipped with a long Differential Mobility Analyzer (DMA)
and a diffusion dryer. These measurements adhered to the EUSAAR/ACTRIS
protocol recommendations (Wiedensohler et al., 2012) and were subsequently
corrected for diffusional losses. PNSD data were measured over 51 size bins,
ranging between 17 and 604 nm. For this study, we aggregated the hourly data
to obtain mean daily time series.

The North Kensington site was selected because it is a well-established urban
background location widely used in previous aerosol studies to represent popu-
lation exposure under typical London conditions (Beddows et al., 2015; Crilley
et al., 2017; Harrison et al., 2019). Unlike roadside stations, it is minimally
affected by local traffic turbulence and hence suitable for assessing temporal
variations and source contributions at the city scale.

2.1.2 Gaseous pollutants and meteorological data

We collected daily time series concentration data for various gaseous pollutants,
including carbon monoxide (COj; ppb), nitrogen oxides (NOy; ppb), nitrogen
dioxide (NOg; ppb), nitric oxide (NOj; ppb), ozone (Os; ppb), and sulfur diox-
ide (SOs; ppb), using the R package openair (Carslaw and Ropkins, 2012).
Meteorological data, such as daily mean temperature (°C), atmospheric pres-
sure (hPa), visibility (m), and relative humidity (%), were also obtained via
the same package. Black carbon (BCir; pgm~2 and BCyy; pgm=3) are mea-
sured through the magee aethalometer two wavelength at the North Kensington



monitoring station, while BCyoodq (1gm™2) is computed from the previous two
measurements following Font et al. (2022). In addition, wind speed (m/s) and di-
rection (angle) data were retrieved from the NOAA Integrated Surface Database
for the London Heathrow site using the R package worldmet (Carslaw, 2023),
as commonly done in previous studies (Harrison et al., 2019). These data were
chosen because the Heathrow station provides high-quality, continuous meteoro-
logical records with standardized quality control, and its location offers reliable
representation of regional air mass movement across Greater London, being
minimally influenced by local urban structures or microclimatic effects.

2.1.3 Hospitalisation data

The data related to hospital admission for respiratory diseases (ICD 10 codes:
J00-J99) among children (<16 years of age) were available from the registry of
the Hospital Episode Statistics within the UK Small Area Health Statistics Unit
(SAHSU) and cover all children resident within the Greater London boundaries.
For the purpose of this analysis, we assumed that children residing across
Greater London were uniformly exposed to the urban background air pollution
conditions represented by the North Kensington monitoring site. This assump-
tion is consistent with previous time-series epidemiological studies, where tem-
poral variations in regional background concentrations are considered to dom-
inate over intra-urban spatial differences (Crilley et al., 2017; Harrison et al.,
2019).

2.2 Two-stages modelling approach

Our modelling approach consists of two stages. In the first stage, we specify a
dynamic factor model to estimate the latent air particles sources and their asso-
ciated uncertainty. In the second stage we link the identified pollution sources to
the number of hospital admissions for respiratory causes in children in Greater
London.

The two-stages model is specified in details in the following sections. Both
stages are implemented using an MCMC algorithm within the rjags package
(Finley, 2013) in R version 4.2.1. For the first stage we considered 2 chains
with 50000 iterations as burnin and 50000 as posterior sample thinned by 10,
and 10000 as adaptation sample which required approximately 2.5 hours per
chain on a standard desktop computer. Convergence of the Bayesian models
was assessed by inspecting trace plots and calculating the Gelman-Rubin R-hat
statistic for key parameters. For the second stage we considered 2 chains with
40000 iterations as burnin and 10000 as posterior distribution, thinned by 20,
so that the final posterior sample was 1000 across the two chains, which re-
quired approximately 1.5 hours per chain on a standard desktop computer. The
convergence to the stationary distribution was evaluated using traceplots and
the Rhat analytical tool (Gelman et al., 2013). The R scripts used for sources



apportionment are available on GitHub at https://github.com/Georges3/
Source-apportionment.
2.2.1 Bayesian dynamic factor model for source apportionment

We propose a Bayesian dynamic multivariate receptor model to estimate PNSD
source profiles and their temporal contributions. Let

Xt = (thaXtQa cee 7X1‘,D)

be a vector of particle size bins of dimension D measured at time ¢, for ¢ =
1,...,T. The model is defined as:

Xy = FA + ¢, (1)

Ft NN(thflaonmass)I(Ft > 0)7 (2)

¢ ~N(0,%), ¥ =diag(o?,03,...,05), (3)

with the initial condition F; ~ N(0,04)I(F; > 0). While, ¢, = (e1,...,€D)
represents the measurement error. In this formulation, Fy = (Fyq, ..., Fix) rep-
resents the source contribution vector at time t (¢t =1,...,T) for each of the K

unobserved sources, while A denotes the source composition matriz of dimen-
sion K x D. Each row of A, denoted A = (Ag1,...,Agxp), corresponds to the
relative contributions of each size bin to source k. The term €, = (€:1,...,€p)
accounts for measurement errors.

For model identifiability, we followed the conditions described by Park et al.
(2021): (i) each row of A contains at least K — 1 zero elements; (ii) for each
k=1,...,K, the rank of A(k) is K — 1; and (iii) 25:1 Agrq = 1 for each k.
Unlike traditional receptor models that assume static source contributions, our
model incorporates a first-order autoregressive process (AR(1)) for the latent
factors F}, governed by the parameter |p| < 1. This extension explicitly captures
the temporal autocorrelation inherent in time-resolved PNSD data, providing a
more realistic representation of dynamic source behavior.

Following Park et al. (2021), for A, a point mass at zero is assigned to
K(K — 1) preselected elements to satisfy the identifiability constraint (i). For
the (nonzero) free elements of A, we assign a truncated multivariate normal
distribution. The truncation restricts values to be non-negative, in accordance
with the physical reality that particle source contributions cannot take negative
values:

vec(AT) ~ Npr—k(k—1)(1o, o)l (vec(AT) > 0),

where vec(A™) denotes the vector of the free elements of A (for which zeros are
not preasssigned) stacked columnwise; p = DK — K(K — 1) is the number of
free elements in A; ug is an p-dimensional vector and X is an p X p-dimensional
diagonal matrix, which are prespecified mean vector and diagonal covariance
matrix, respectively. Incompatible bins were selected based on prior knowledge



from previous studies (Rivas et al., 2020) and the physical-chemical character-
istics of the sources: for example, particles in the nucleation mode are unlikely
to contribute to larger particle size bins typical of traffic or secondary sources.
This ensures that each source profile is distinguishable and interpretable. Hence,
bins incompatible with a given source k are fixed at zero, while the remaining
elements are initialized with nonnegative values (typically between 0 and 1); we
used 0.5 as a neutral starting point.

To complete the Bayesian specification, prior distributions are assigned to
all unknown parameters. The variance components, from equation (3), follow
inverse-Gamma priors:

0;? ~ Gamma '(1,0.01),d =1,...,D,
2 ~ Gamma*(1,0.01),
o2 ~ Gamma '(1,0.01),

which are weakly informative and allow the data to dominate the posterior in-
ference while maintaining inferential stability and the autoregressive parameter
follows a uniform prior,

p ~ Uniform(0, 1),

reflecting minimal prior knowledge about temporal autocorrelation (Mezzetti
et al., 2023). Overall, this specification balances prior information and identifi-
ability constraints, extending traditional PMF by embedding temporal depen-
dence in the latent source factors within a fully Bayesian framework.

This Bayesian dynamic factor model therefore extends traditional PMF and
receptor modelling frameworks by embedding temporal dependence in the la-
tent source factors, enabling both source identification and time-evolving source
contribution estimation in a unified probabilistic structure.

Although only X, is directly observed, estimation of the latent source contribu-
tions F'; and source profiles A is feasible within the Bayesian hierarchical frame-
work through data augmentation and iterative posterior sampling. Specifically,
the model treats F; and A as unobserved random variables linked to the obser-
vations through the likelihood X; = F;A + €;. Inference proceeds by iteratively
updating the conditional posterior distributions of all unknown quantities—FY,
A, p, Omass, and X—using a Markov Chain Monte Carlo (MCMC) algorithm.
This allows simultaneous estimation of the source profiles and their temporal
contributions from the measured particle size distributions. Conceptually, this
approach follows the receptor modelling framework, in which the observed con-
centrations are expressed as mixtures of unobserved sources, while the Bayesian
formulation enables probabilistic quantification of uncertainty and incorpora-
tion of prior knowledge and identifiability constraints. The joint estimation of
F; and A thus proceeds by alternately sampling from their respective full con-
ditional distributions until convergence, as implemented in the rjags package.



2.2.2 Selection of the number of sources

The number of sources K needs to be defined a priori. A common approach
consists of running multiple models with different values of K and inspecting the
resulting sources in terms of temporal profiles, correlation with other gaseous
pollutants (e.g., O3, NOz), and meteorological conditions (e.g., temperature,
wind speed, and direction) to choose the most 'reasonable’ configuration. In
our study, we considered a set of models My, with ¢ = 3,4,5,6, correspond-
ing to different choices of K—specifically K = 3,4,5, 6—which were informed
by previous studies on particle number size distribution source apportionment
(Beddows and Harrison, 2019; Rivas et al., 2020). This allowed us to systemati-
cally compare model performance across different plausible source configurations
and select the most appropriate number of latent sources based on model fit cri-
teria.

It is worth noting that Bayesian nonparametric approaches can relax this as-
sumption by inferring K directly from the data. Examples include Dirichlet
Process mixture models and infinite factor models (Grazian, 2023; Wade, 2023;
Baerenbold et al., 2023; Aiello et al., 2025), which have recently been explored in
the context of environmental and air pollution applications. These approaches
offer a flexible framework for automatically determining the effective number
of latent sources, while requiring more complex modelling and higher computa-
tional resources. Here, we employ an alternative principled approach, by means
of two criteria: the posterior Bayesian R squared and the Bayesian p-value.

Following Gelman et al. (2019), Bayesian R? generalizes the classical R? to
the Bayesian setting by partitioning total variance into explained and residual
components. The explained variance (V') reflects systematic patterns captured
by the model, while the residual variance (var.s) captures uncertainty due to
measurement error and parameter estimation. The ratio R? = V/(V + varyes)
thus represents the proportion of variability explained by the model, fully ac-
counting for uncertainty.

We denote the observed data by X, the model under consideration by M,
and the vector of unknown model parameters by 6. After fitting the model using
MCMC, we obtain m posterior draws of the parameters: 6; for i = 1,...,m.
For each draw ;, we generate a vector of predicted values XP'di of length
L =T x D from the posterior predictive distribution, representing one possible
realization of the model given the observed data. Here, L =T x D denotes the
total number of observed data points, i.e., all time points across all particle size
bins.

The explained variance V quantifies the variation in the posterior mean
predictions across observations:

1 _ _ 2
_ pred red
V_LllZ;(Xl - X )
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where X% = L3 XP"% is the posterior mean prediction for observation

[, and Xpred — %Ele )_(lp red i the overall mean of the posterior predictive
means.

The residual variance var,es captures the variability of the predictions around
the posterior mean for each observation:

. 1 1 - pred; v pred 2
e = g g 20 0 (T - )
=1 =1
The Bayesian R? is then calculated as:
v
Bayesian R* = ———
ayesian Ta—

which represents the fraction of total variability in the observed data explained
by the model while accounting for uncertainty in parameter estimates. By eval-
uating this quantity on all posterior draws, we obtain a distribution of Bayesian
R? values, providing a comprehensive measure of the fit of the model.

We also calculate posterior predictive p-values (Gelman et al., 2013), which
quantify the probability, given the model, that a predicted observation exceeds

the observed value. Specifically, for each element | = 1,...,L and for each
posterior draw ¢ = 1,...,m, we compute
1 m
= P(X; < XP% M) = -~ 1(XP% > X)),
i=1

where 1(-) is the indicator function, equal to 1 if the condition is true and 0
otherwise. The quantity p; represents the proportion of predictive posterior
draws that are greater than or equal to the observed data point Xj.

The set of values p;, I = 1,..., L, was visualized in a histogram to assess
the fit of the model. If the model adequately represents the data, the histogram
should be approximately uniform; deviations from uniformity indicate potential
model mis-specification.

2.2.3 Health model

In the second stage, we link the estimated sources to health data through a
Poisson regression model. We considered a lag window of 0-5 days for exposure
to capture both immediate and delayed effects of particle exposure on respira-
tory hospitalisations. This choice is consistent with previous time-series studies
(Rivas et al., 2021; Atkinson et al., 2010) and reflects the biological plausibility
that air pollution can trigger both acute responses and delayed exacerbations
of respiratory conditions. This stage assesses the association between sources
and hospital admissions for respiratory causes in children through the following
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specification (which from now on we refer to as the health model):
}/; ~ POiS()\tEt) (4)
log(A\e) = o + FiB+ Y 5(Zse, ) + 61,

where Y; is the health outcome at time ¢; 3y is the general baseline risk of health
outcome; B = (f1,...,0Kk) is the vector of parameters describing the effect
of each source-specific exposure on the risk of hospitalisation for respiratory
conditions;

The nonlinear functions s(Z., 1.) in the health model represent smooth ef-
fects of daily average temperature and time, included to adjust for seasonality
and long-term trends. These functions were modelled using low-rank thin plate
regression splines, which provide a flexible and computationally efficient approx-
imation to full thin plate splines. Thin plate splines define smooth functions by
minimizing a bending-energy penalty, and their low-rank formulation avoids the
need to choose knot locations explicitly while ensuring numerical stability and
reducing the risk of overfitting (Wood, 2017). Following standard practice in
environmental time-series modelling, we selected modest basis dimensions, i.e.
four basis functions for temperature and nine for time, guided by preliminary
exploratory analysis and consistent with methodological recommendations for
avoiding excessive flexibility in temporal smooths (Crainiceanu et al., 2005; Per-
peroglou et al., 2019; Pirani et al., 2016; Blangiardo et al., 2019). These smooth
terms act as confounder adjustments and influence the source-health effect es-
timates only indirectly through improved model fit. Finally, the term d;, is an
indicator variable that classifies the days of the week according to workday or
holiday.

The priors for the health model parameters were specified as follows: [y ~
N(0,1),and B8 ~ Nk (0,1). On the log-relative risk scale, these priors are weakly
informative, roughly constraining most prior mass to relative risks between
exp(—2) = 0.14 and exp(2) & 7.4, which is a reasonable range for epidemio-
logical studies (Gelman et al., 2008) especially in the non communicable disease
context. At the same time, this choice prevents extreme values in the posterior,
while allowing the estimates to be data driven. In the context of our Poisson
regression linking source-specific particulate exposures to paediatric hospital
admissions, these priors provide sufficient flexibility to capture plausible health
effects while ensuring numerical stability and avoiding unrealistic associations.
The same N(0,1) prior was assigned to the weekday/holiday indicator term 0,
reflecting a weakly informative assumption that the day-of-week effect is un-
likely to induce very large changes in relative risk, but still allowing the data to
inform its estimation.

2.3 Uncertainty propagation

An important aspect of the model consists of the propagation of the uncertainty
on the apportioned sources (first stage) into the health model (second stage).
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In this context, we explored two approaches; in the first we estimated source-
specific health effects by plugging in the posterior mean of the F}; in the health
model (called plug-in model). This is the approach typically used in environ-
mental epidemiology, consisting in synthesizing the posterior distribution of the
exposure through the posterior mean and then plugging this in the health model
(see for instance Rivas et al. (2021)). The second approach takes advantage of
the whole posterior distribution of F; generated in stage one and employs the
following steps:

1. We selected a sample of dimension I = 1000 from the posterior distribu-
tion for the matrix F', chosen after having explored the density plots to ensure
no bimodality as well as fixing the Monte Carlo error to be less than 5% of the
posterior standard deviation for all the parameters. This leads to 1000 vectors
with length T' x K and we calculate the joint posterior density using a Normal
approximation F; | X ~ MV N (pfp,f] F) with gF and S the posterior mean
vector and variance-covariance matrix.

2. We synthesize the I values into a computationally more manageable
number G; we considered the deciles of the densities w = (w1, ..., w;, ..., wy),
with w; = f(F = F; | X) which guarantee a limited number of re-running of
the second stage, while allowing us to explore the whole distribution.

3. We run the health model G = 9 times, each one selecting F' as the matrix
of posterior values where the joint density corresponds to wg,g =1,...,G.

While step 1-3 are in line with previous work on uncertainty propagation in
two-stage models (see for example Blangiardo et al. 2016; Lee et al. 2017; Villejo
et al. 2023), here we combine each 8 = {f1,..., 8k} using a density-weighted
mixture of the resulting stage 2 posteriors of the G runs, each weighted by the
wy value (weighted approach). Note that each weight wg is wy « p(Fy | X)
and w are normalised, so that pooling the stage 2 betas results in a model
averaging strategy.

Additionally, we considered a unweighted approach, which consists of com-
bining the posterior distribution for the vector of 8 from each of the the G
samples all with equal weights. This is the approach used in Blangiardo et al.
(2016); Lee et al. (2017); Villejo et al. (2023). Accounting for the uncertainty in
the estimated source contributions F} is essential, as neglecting it may lead to
overly narrow credible intervals and biased estimates in the health model. By
propagating the full posterior distribution of F}, our approach ensures that the
uncertainty in the source apportionment stage is appropriately reflected in the
health effect estimates, leading to more robust and interpretable inference.

Mathematically, the weighted approach can be summarized as an approxi-
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mation to the marginal posterior of the health effects,

G
p(B1Y.X) = [ 0B Y.F)p(F | X)dF ~ 3" w,p(B] Y.F,),
g=1
G
wy x p(Fgy | X), ng =1.
g=1
where {Fg}gzl are G representative matrices selected from the posterior of
F, and p(B | Y,F,) denotes the posterior distribution of the health model
conditional on Fy,.

3 Results

Figure 1 plots the correlation matrix across bin sizes, showing a strong depen-
dence from bins close in size, with values even larger than 0.97. This stresses
the importance of considering bin size dependence in the model formulation.

300-
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1 08097)
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-
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. ||
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Particle size (nm)

Particle size (nm)
=

Figure 1: Correlation matrix across particle size bins. It refers to the inter-
bin correlations across particle number size distribution (PNSD) measurements.
Strong correlations (often exceeding 0.97) are observed between adjacent size
bins, highlighting the need to account for bin-size dependence in the model
formulation.

The daily paediatric hospitalisations for respiratory causes range from 20 to
221 in the study period, with an average of 92.6 which we used as F; in the
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Figure 2: Exploratory plots of mean daily temperature and paediatric hospital
admissions (left); time series of paediatric hospital admissions (right). The
red line shows a fitted spline highlighting non-linearity, used to guide model
specification.

health model. As illustrated in Figure 2, hospital admissions exhibit a clear
seasonal pattern and vary nonlinearly with daily temperature.

3.1 Model selection

We ran the multivariate factor model multiple times, specifying a different num-
ber of factors (sources), ranging from 3 to 6, with the aim of finding the model
most supported by the data. Figure 3 presents the plot of the Bayesian p-values
and the R? values for each model. The ones with 4 and 5 sources have the same
value for R? but the p-values are more in line with a uniform distribution for
the model with 4 sources. To better distinguish between these two solutions,
we also considered the plausibility of the profiles, i.e. their ability to cover the
entire range of particle sizes, as well as the correlation with other pollutants
and meteorological variables. We did not find substantial differences in terms of
correlation (Figure 5 here and Figure 1 in Supplementary Material); however,
considering 5 factors seems to lead to a split of one source found in the 4 factor
solution into two, resulting in a large overlap with another one. Due to this
and the slightly better behaviour from a statistical perspective, we chose the
solution with 4 sources as our final model.
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Figure 3: Model selection metrics: Model selection diagnostics for the Bayesian
dynamic factor model. The figure shows Bayesian p-values and R? values for
models with 3 to 6 sources. The 4-source model provides the best balance
between model fit and posterior predictive performance, with Bayesian p-values
closest to a uniform distribution and plausible source profiles consistent with
particle size coverage and correlations with other pollutants and meteorological
variables.

3.2 Bayesian dynamic factor model results

The next step consists in interpreting the sources, giving them a label based on
their profiles, their temporal patterns and their correlation with other gasses
and meteorological variables. We present source profiles in Figure 4, consisting
of the proportion of particle concentration by bin sizes for each source.

Source 1 is characterized by a high concentration of particles in the smaller
bins, ranging from 19.5 to 42.5 nm (mode equals to 19.5nm). We label this
source as nucleation, referring to the process by which tiny particles form
from gaseous precursors in the atmosphere. It could represent emissions from
Heathrow Airport, particularly due to the prevalence of strong south-westerly
winds (Figure 7). This source is more prevalent during summer and winter
(Figure 6), but it does not show a strong correlation with any of the gases or
meteorological variables (Figure 5). The estimated autoregressive parameter for
Source 1, p1, was 0.957 (95% CI: 0.933 — 0.983).

Source 2 has the highest particle concentration of sized around 48-563nm
(mode equals to 273.90 nm). This source shows strong seasonality, with peaks
in March-April and then in September-October (Figure 6) and has the strongest
correlation with NO,, NO; and CO, but also a negative correlation with visi-
bility and Os. It is characterised by a weak wind coming from East (Figure 7).
We label this secondary, as it could represent particles that are not directly
emitted but are formed in the atmosphere through chemical reactions between
primary pollutants and other atmospheric compounds, for instance from reac-
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tions between sulfur dioxide, nitrogen oxides, and ammonia. The estimated
autoregressive parameter for source 2, p2, was of 0.979 (95%CI: 0.962 - 0.996).
Additionally, the observed correlations, seasonality, and wind direction suggest
that secondary may include contributions from long-range transport, such as
agricultural emissions or continental Europe.

Source 3 has the highest particle concentration of bins sized around 20.55-
93.05nm (mode equals to 45.30nm), with values close to 0 from 100nm and
above. This source is slightly lower during winter and shows a moderate corre-
lation with CO, NO,, SO> and atmospheric pressure. Looking at the wind, we
can see that it is characterised by low speed and a North-East direction (Figure
7). We label this traffic, as is likely to represent the emissions coming from
vehicles. The estimated autoregressive parameter for source 3, p3, was of 0.965
(95%CT: 0.942 - 0.988).

Source 4 has a peak in the particle concentration of sized between 31.65 and
254.90( mode equals to 75.05nm), but is characterised by a large variability.
This source is lower in Spring and correlated moderately with NO2 (positively)
and with O3 (negatively). It is characterised by Easterly wind (Figure 7) and we
label this urban, as this behavior is consistent with emissions arising from urban
activities besides transportation, for instance including heating and cooking,
waste burning, energy production, constructions and demolitions and chemical
uses in households and businesses. The estimated autoregressive parameter for
source 4, pg, was of 0.974 (95%CTI: 0.955 - 0.994).

3.3 Health model: phase 2

Figure 8 presents the point estimates and 95% credible intervals (95%CI) for
the log relative risk of the four sources and lag 0 to 5. The green lines represent
the results from the model without uncertainty (plugged-in), where we included
the posterior mean of the daily sources contributions as exposure, while the
orange lines visualise the results for the model with uncertainty propagated,
obtained repeating the analysis 9 times, each time drawing and weighting the
values of the four sources from their distributions obtained from the phase 1
model (weighted).

Overall, there is also a shift towards 0 for most of the effects when un-
certainty propagation is considered. Secondary sources appear to have more
consistent and positive effects, with higher coefficients across lags, particularly
for lag 4 when the model estimates an increase of 0.7% (95%CI 0.2%-1%) in
the risk of hospitalisation, for one standard deviation increase in the source
concentration. The remaining sources show the largest difference between the
model without and with uncertainty. For instance, in the former, nucleation has
a positive association with risk of hospitalisations across all lags, while when
uncertainty is considered evidence of an association remains only for lag 1 and
lag 4, with 0.4% (95%CI 0.1%-0.6%) and 0.39% (95%CI 0.1%-0.7%) increases
in the risk of hospital admissions for one sd increase in the source concentration
respectively. Higher concentration of the urban source is associated with lower
risk of hospitalisation in the model without uncertainty across all the lags, while
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Figure 4: Results of Particle size distribution for the 4 sources identified by the
model.

when uncertainty is propagated from the stage 1 model there is no evidence of
an association anymore, except for lag 2 where the effect switch from negative
to positive, equal to 0.38% (95%CI 0.07%-0.57%) increase in the risk of hospital
admission for one standard deviation increase in the concentration.

These results highlight the temporal dynamics of exposure effects, explicitly
evaluating lagged associations. By considering lags 0-5, the model captures
both immediate (lag 0) and short-delayed effects (e.g., secondary sources at lag
4), directly addressing the timing of health impacts.

The comparison of the weighted model with the unweighted one, obtained com-
bining the full posterior distributions of each element of the 3 using the G
samples from the first stage model but without weighting them, is presented
in Figure 9. Most of the point estimates are in agreement with the weighted
model ones, except for Nucleation, where across all lags the unweighted model
show negative estimates, while the weighted ones are mostly on the positive
side.Nevertheless, across all the sources and lags, the unweighted approach is
characterised by a large uncertainty, with likely values of 3 estimates ranging
from -0.05 and 0.05. Incorporation of stage 1 uncertainty is crucial to avoid
overestimation or misleading effects, particularly for sources with weaker sig-

17



Traffic -

cor

Urban -

Sources

Nucleation -

Secondary -

Figure 5: Correlation between the estimated sources and other air pollutants.

Secondary Nucleation
- -
70- i - —_— ——
-
—_ —=
60-
50-
40-
5 —=
-
2 - -
5 - -
2 30- —-— = —0— - -
< :
3 Urban Traffic
©
e
3 70-
o
(2]
60~ —gm ——
- —= -
- - -
50-
40-
—— = ——
T == --— e
30- - -
S S T ) N S S S
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
Month

Figure 6: Estimated sources and average contributions per month.

18



Secondary Nucleation

N N
12
10 80 34
® 6w 70 32
4
W E 60 - 30
[ 50 - 28
L
40 & 26
S 30 S 24
Traffic

N 40
60 28
55 36
\ € ) 34
W, E 50 A 32
g | T 30
45 28
26
40 ' 24
S 35 S 22

Figure 7: Polar plots showing how the estimated sources are affected by daily
wind direction and wind velocity. The concentration scale of each source is
reported in the legend.

19



nals. Posterior probability visualizations provide an intuitive interpretation of
the likelihood of positive associations across lags.

95% Credible Intervals and Posterior Probabilities
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Figure 8: Results of the stage 2 model (plugged-in and weighted). The figure
shows the log transformed relative risks and 95%CI for the lags 0 to 5 across
the four air pollution sources for the model without uncertainty from stage 1
(plugged-in) (green lines) and with uncertainty propagated through a weighted
combination of the posterior distributions (orange lines). Additionally, on the
left and of the right end sides we present the posterior probability that the
corresponding effect is above 0, indicating a positive association between the
source and the risk of paediatric hospital admission in London.

4 Discussion

This paper proposes a novel approach to SA and health risk assessment of air
pollution using a two-stage Bayesian factor analysis. The methodology is applied
to apportion PNSD and assess their health impacts. The first stage employs
a Bayesian dynamic factor model with autoregressive components to estimate
latent air pollution sources while enforcing nonnegativity constraints on source
contributions and compositions. The second stage links these sources to respi-
ratory hospital admissions in children through a Poisson regression model, with
uncertainty from the first stage fully propagated into the health model.
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Figure 9: Results of the stage 2 model (unweighted and weighted). The figure
shows the log transformed relative risks and 95%CI for the lags 0 to 5 across
the four air pollution sources for the model where the uncertainty from stage 1
is incorporated through a simple pooling of the posterior distributions for each
element in the 8 vector (unweighted - green lines) and through a weighted com-
bination of the posterior distributions (weighted - orange lines). Additionally,
on the left and of the right end sides we present the posterior probability that
the corresponding effect is above 0, indicating a positive association between
the source and the risk of paediatric hospital admission in London.

Our two-stage Bayesian framework integrates uncertainty propagation from
source apportionment into health effect estimation, providing a coherent struc-
ture for quantifying the contribution of specific particle sources to respiratory
hospital admissions. The model also accounts for short-term exposure lags (0-5
days) to capture both immediate and delayed effects.

COMEAP in its statement published in 2022 (COMEAP, 2022) concluded that
although the toxicological and epidemiological evidence shows that different
constituents are likely to have different toxicological actions, there was no con-
sistent indication of specific particle components that are more toxic than others;
therefore they recommended research to address some outstanding issues, such
as conducting epidemiological studies incorporating source apportionment data
and designs of studies that can distinguish the effects of correlated exposures.
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This study aimed to address some of these by examining the intersection of
air quality, health, and pollution sources, providing a science-driven pathway
for achieving multiple SDGs while maintaining a strong focus on urban public
health.

In support of SDG 3, which focuses on good health and well-being, it high-
lights the impact of air pollution on child health. It also contributes to SDG
11, aimed at promoting sustainable cities and communities, by identifying key
urban pollution sources and informing targeted mitigation strategies. The im-
plementation of policies aiming to improve air quality (e.g., electric cars) has
been affecting the particle composition in the atmosphere, and it would be
important to understand the different health impacts of the various particle
components. Lastly, the research emphasizes the disproportionate impact of
air pollution on vulnerable populations, particularly children in urban areas,
thereby contributing to SDG 10, which seeks to reduce inequalities.

Air pollution, especially PM, poses significant health risks, yet traditional
epidemiological studies often overlook the heterogeneity of PM sources. By
using PNSD data, which captures both ultrafine and fine particles, this study
addresses a critical gap in source identification. A key advantage of the Bayesian
approach is that it integrates uncertainty directly into the estimation of source
profiles and contributions. In contrast, methods like PMF require the analyst
to provide a priori estimates of measurement uncertainty to run the model.
Also, while post hoc techniques such as bootstrapping can assess the stability
of source profiles from PMF, in the Bayesian approach, we rely on an integrated
treatment of uncertainty taking advantage of the full posterior distribution,
which enhances the reliability of health impact estimates.

Through this analysis, four main pollution sources were identified: nucle-
ation, traffic, urban activities, and secondary sources, each distinguished by
unique particle size profiles and temporal patterns. These are in line with pre-
vious literature (Rivas et al., 2020; Pandolfi et al., 2020; Garcia-Marles et al.,
2024). Among the apportioned sources, traffic and secondary factors exhibit
the strongest and most consistent associations with respiratory health risks.
Notably, the inclusion of uncertainty in the model highlights potential overesti-
mates in traditional approaches that fail to incorporate uncertainty propagation.

These findings align with previous research on PNSD and health effects. Ri-
vas et al. (2021) assessed the impact of ultrafine sources on daily mortality in
Barcelona, Helsinki, London, and Zurich. In London, they found associations
between nucleation, secondary sources, and traffic emissions with respiratory
outcomes. However, in our study, when models were run without propaga-
tion of uncertainty, an unexpected inverse relationship (negative estimates) was
found for urban sources, which disappeared when uncertainty was considered,
emphasizing the importance of accounting for uncertainty in epidemiological
models. Branis et al. (2010) analyzed the association of particle number and
PMs 5 concentrations with mortality and cardiorespiratory hospital admissions
in Prague while Halonen et al. (2009) examined associations between different
particle size modes and mortality/hospital admissions among 65+ in Helsinki,
Finland. While in these studies no association was found between air pollution
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and daily mortality, Branis$ et al. (2010) identified a link between concentration
of submicron particles 15-487nm and respiratory admissions.

Our findings underscore the need for targeted mitigation strategies, partic-
ularly for vehicular emissions and secondary pollutants. The proposed method-
ological framework is adaptable to other regions and pollutants, providing a
versatile tool for air quality management and health risk assessment.

Like most studies, this research has several limitations. One key considera-
tion is the reliance on specific modelling assumptions. Although uncertainty has
been accounted for, some significant associations may still be due to chance. The
exposure model has been run on daily time series, while the typical approach
in the source apportionment context would be to use hourly data, which are
able to fully exploit the temporal variability in the air pollution concentration.
However, our choice was dictated by the health data, which are only available at
a daily resolution, making it not feasible to model hourly data. This could have
an impact on the correlation between the sources and the pollutants or meteoro-
logical variables, resulting in values closer to zero. Another limitation pertains
to exposure misclassification, as the data are derived from a single monitoring
station, which may not fully capture the spatial heterogeneity of ultrafine par-
ticles. However, this should be interpreted within the context of the time-series
design, which focuses on estimating associations driven by temporal rather than
spatial variability in exposure and health outcomes. Nevertheless, this limita-
tion could still affect the accuracy of the estimated health risks. In addition,
the temporal and spatial variability of air pollution further complicates the in-
terpretation of health risk estimates, particularly in large urban environments
where pollution levels fluctuate considerably.

To address these limitations, future studies should (i) develop an approach
which allows to estimate sources using hourly data which can then be upscaled
at the daily level in the epidemiological model; (ii) incorporate data from mul-
tiple monitoring stations to better account for spatial variability. Additionally,
expanding the analysis to include additional health outcomes, such as asthma
and cardiovascular diseases, could provide a more comprehensive understanding
of the health effects of air pollution. Furthermore, investigating long-term expo-
sure effects and interactions between different particle sources may yield deeper
insights into their cumulative impacts on public health. The proposed modelling
framework could also be extended to incorporate more advanced temporal struc-
tures, such as distributed lag models (DLMs) or distributed lag non-linear mod-
els (DLNMs), to better capture cumulative and correlated exposure-response
relationships (Gasparrini et al., 2010). Finally, simulation studies should be de-
signed to evaluate the performance of the proposed two-stage Bayesian approach
under controlled, realistic data-generating scenarios. Such analyses would help
assess the model’s ability to recover known source contributions and health ef-
fect estimates, and to explore different strategies for choosing the latent factors,
such as weighted sampling directly from the posterior distribution.

This paper advances air pollution research by integrating cutting-edge Bayesian
techniques with real-world health data. The findings provide valuable insights
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for policymakers and establish a strong foundation for future interdisciplinary
studies in environmental health.
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