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A B S T R A C T

Outdoor air pollution is a significant risk factor for tracheal, bronchus, and lung (TBL) cancer. This study
employs a Bayesian approach to evaluate TBL cancer mortality due to air pollution in Tuscany, Central Italy,
in 2023. Using locally validated data, we assessed the impact of fine particulate matter (PM10 and PM2.5) and
nitrogen dioxide (NO2) in terms of attributable deaths and years of life lost (YLL). Our three-step methodology
included: (1) Bayesian modeling to derive posterior distributions for life expectancy, pollution levels, mortality
rates, and exposure-response functions (inputs); (2) Monte Carlo simulations to propagate uncertainty from the
inputs to the impact metrics (outputs); and (3) Global Sensitivity Analysis (GSA) to quantify the influence of
each input on the outputs. The largest impact was estimated for PM2.5, with 432 deaths (50% CrI: 174;705)
and 6,500 YLL (50% CrI: 2,624;10,613) in the region due to annual average concentrations exceeding the WHO
threshold of 5 μg/m3. Central districts, with higher exposure levels, were particularly affected, reporting 14
attributable deaths and 207 attributable YLL per 100,000 inhabitants. The GSA indicated that uncertainty
in exposure-response functions and annual average concentrations of air pollutants significantly affected
outcomes, highlighting the need to strengthen the regional air quality network and conduct local studies to
address effects heterogeneity. Our findings highlight the value of high-quality local health assessments for
identifying critical areas, setting intervention priorities, and informing context-specific action plans.
1. Introduction

Among the various risk factors for tracheal, bronchus, and lung
(TBL) cancer, outdoor air pollution, defined as the complex mixture of
gaseous pollutants and particles originating from natural and anthro-
pogenic sources, is a significant contributor (Malhotra et al., 2016). The
evidence of a causal relationship between exposure to air pollutants
and lung cancer incidence is clear since 2013, when the International
Agency for Research on Cancer (IARC) classified air pollution as car-
cinogenic to humans. This awareness has strengthened over the years,
thanks to numerous large cohort studies conducted in Europe, North
America, and Asia, that have reported consistent results (Hamra et al.,
2014; Brauer et al., 2022; Brunekreef et al., 2021).

∗ Corresponding author at: Department of Statistics, Computer Science, Applications ‘‘Giuseppe Parenti’’ (DiSIA) - University of Florence, Viale Giovanni Battista
Morgagni 59, Florence, 50134, Italy.

E-mail address: michela.baccini@unifi.it (M. Baccini).

Within the Global Burden of Diseases, Injuries, and Risk Factors
Study (GBD) (GBD 2019 Risk Factors Collaborators, 2020; GBD 2021
Diseases and Injuries Collaborators, 2024; Murray, 2022), it was es-
timated that in Italy in 2019 exposure to ambient particulate matter
and ozone pollution was responsible for 6.94 (95% Uncertainty Inter-
val: 4.92;9.42) deaths from TBL cancer and 128.51 (95% Uncertainty
Interval: 91.21;173.91) years of life lost per 100,000 inhabitants (Conti
et al., 2023). These estimates were approximately confirmed for 2021:
out of the 36,685 deaths from TBL, 3,826 were caused by environmen-
tal pollution (https://vizhub.healthdata.org/gbd-results/).

In this paper, we propose a complete Bayesian approach to assess,
at a sub-regional level, the TBL cancer mortality caused by air pollution
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Fig. 1. The Tuscany region with the 26 health districts belonging to the three Local Health Authorities (LHA) (Center LHA: districts 1–8; North-West LHA: districts 9–18; South-East
LHA: districts 19–26).
exposure in Tuscany, a region of Central Italy, in the year 2023.
Tuscany is the fifth largest Italian region, covering an area of 22,990
km2 and hosting a population of 3,737,000 inhabitants (data for 2018).
It is characterized by hilly terrain, with mountain peaks in the inner and
Northern areas and the few plains situated along the coast and to the
South. The region shows important disparities in air pollution levels.
According to the Regional Agency for Environmental Protection of Tus-
cany (ARPAT), the most polluted area includes the densely populated
provinces of Lucca, Florence, Pistoia, and Prato, in the Northwest of
the region. This heavily urbanized area, characterized by the presence
of an airport, highway, waste collection facilities, high concentration
of industrial settlements, and agriculturally intensive activities, ranks
among the most critical in Italy in terms of air pollutant concentrations.

We focused on exposure to fine particles, i.e. particles with diameter
less than 2.5 μm (PM2.5) and less than 10 μm (PM10), and nitrogen
dioxide (NO2), and quantified their impact in terms of attributable TBL
cancer deaths and years of life lost (YLL), adopting a pipeline that
develops through three steps. After obtaining via Bayesian modeling
the posterior distributions of inputs quantities including air pollution
levels, mortality rates, mortality relative risk and life expectancy (step
1), we propagated the uncertainty from them to the attributable im-
pact metrics (outputs) through Monte Carlo (MC) simulations (step
2). Finally, with the aim to enhance comprehension of the mecha-
nisms underlying results construction, we conducted a probabilistic
Global Sensitivity Analysis (GSA) quantifying the relative influence of
each input on the outputs by computing variance-based indexes (step
3) (Saltelli et al., 2008).

It should be noted that, although seldom used in disease burden
assessment, the Bayesian approach provides a natural framework for
quantifying and projecting impacts while taking into account uncer-
tainties of various kinds, such as epistemic and sampling uncertainty,
heterogeneity, and inherent variability (Spiegelhalter and Best, 2003).
Similarly, GSA can help identify the most relevant sources of outcome
uncertainty so that future research and actions can be prioritized
through targeted knowledge improvement.

2. Data

Tuscany’s health services are organized into three areas, each man-
aged by a Local Health Authority (LHA): Center, North-West, and
2 
South-East. Each LHA area is further divided into sanitary districts: 8
in the Center, 10 in the North-West, 8 in the South-East. In this paper,
we performed analyses at the health district level, thus considering in
total 26 sub-regional areas (Fig. 1).

2.1. Mortality and demographic data

Since cause-specific mortality data for 2023 were unavailable at
the time of writing this paper, we collected from the Italian National
Institute of Statistics (ISTAT) mortality data by sex, age, cause of death
and district of residence for the period 2016–2018. Then we used this
data to make predictions of the number of deaths from TBL cancer for
2023 (International Classification of Diseases [ICD] 10 codes: C33.0-
C34.9, D02.1-D02.3, D14.2-D14.3, D38.1) (Fig. B.1). When the cause
of death in the mortality records was ill-defined, a process of redistri-
bution of the events was applied (Monasta et al., 2022). Additionally,
we used mortality from all causes among females in the period 2016–
2018 for life expectancy estimation. We collected also population data
by sex, age and district of residence for the years 2016–2018 and 2023
(www.istat.it), as well as population size on a 4 × 4 km grid in 2015,
obtained from the Population Grid of the World, Version 4 (Center for
International Earth Science Information Network, 2021).

2.2. Environmental data

In order to account for the latency time between exposure and
mortality (Berg et al., 2023), we estimated the health impact in 2023
with reference to regional exposures in 2015. In particular, we collected
air pollution data for the year 2015 from two different sources:

• Annual average concentrations of PM2.5, PM10 and NO2 for the
Tuscany region, defined on a 2 × 2 km grid, estimated through de-
terministic modeling by the Environmental Monitoring and Mod-
eling Laboratory for the Sustainable Development (LaMMA). The
model accounts for meteorological and atmospheric factors, land
use, and pollutant emissions derived from the regional inventory;

• Annual average concentrations of PM2.5, PM10 and NO2 measured
by the monitoring stations belonging to the regional air quality
monitoring network of ARPAT. Specifically, we obtained data

http://www.istat.it
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Environmental Pollution 368 (2025) 125682 
from 37 monitors, for a total of 13, 30 and 32 sensors for PM2.5,
PM10 and NO2, respectively.

3. Methods

3.1. Metrics definition

The aim of this study was separately quantifying the impact of
M2.5, PM10 and NO2 on mortality from TBL cancer in terms of at-

tributable deaths (AD) and attributable YLL (AYLL). YLL are a measure
of premature mortality, which is computed assigning a weight to each
death based on the age at which it occurred. Usually the weight
corresponds to the life expectancy at the age of death, derived from
local or national life tables, or, sometimes, from an ideal life table,
such as the theoretical minimum risk life table adopted by GBD (GBD
021 Diseases and Injuries Collaborators, 2024). We computed YLL

by using the life expectancy of the Tuscany female population as
reflecting a regional ideal condition to be applied also to males. For
ach combination of sex 𝑠 and district of residence 𝑟, YLL from TBL
ancer in 2023 are thus defined as:

𝑌 𝐿𝐿(𝑠, 𝑟) =
∑

𝑎
𝐷(𝑠, 𝑟, 𝑎) × 𝐿𝐸(𝑎), (1)

where 𝐷(𝑠, 𝑟, 𝑎) is the number of TBL deaths of age 𝑎 and sex 𝑠 in district
𝑟 in 2023, and 𝐿𝐸(𝑎) is the age-specific regional female life expectancy.

Under the assumption that the dose–response function describing
the long-term relationship between air pollutant concentration and

ortality from TBL cancer is linear on a log scale, the number of TBL
ancer deaths in district 𝑟, attributable to values of the air pollutant
xceeding a threshold 𝑥0, can be calculated as follows:

𝐴𝐷(𝑟) =
∑

𝑠,𝑎
𝐷(𝑠, 𝑟, 𝑎)

(

1 − 1
exp(𝛽(𝑥(𝑟) − 𝑥0)𝐼(𝑥(𝑟) > 𝑥0))

)

, (2)

where 𝑥(𝑟) is the average level of the air pollutant in 2015 in health
district 𝑟, 𝛽 is the logarithm of the relative risk when the air pollutant
oncentration changes from a generic level 𝑥 to 𝑥+ 1, and 𝐼(𝑥(𝑟) > 𝑥0) is

a indicator function that is equal to one if 𝑥(𝑟) > 𝑥0, and zero otherwise.
Similarly, the attributable YLL are:

𝐴𝑌 𝐿𝐿(𝑟) =
∑

𝑠
𝑌 𝐿𝐿(𝑠, 𝑟)

(

1 − 1
exp(𝛽(𝑥(𝑟) − 𝑥0)𝐼(𝑥(𝑟) > 𝑥0))

)

. (3)

In our analysis, we fixed the threshold 𝑥0 to the WHO recommended
limit for the annual average concentration of the air pollutant, corre-
sponding to 5 μg∕m3 for PM2.5, 15 μg∕m3 for PM10 and 10 μg∕m3 for
NO2 (World Health Organization, 2021), and, in a second analysis, to
 minimum annual concentration across districts estimated for the year
015. As relative metrics allowing the comparison between areas with
ifferent population sizes, we computed the Attributable Fraction (AF),
s the ratio between AD and the total number of TBL cancer deaths, the

number of AD per 100,000 inhabitants, called Attributable Community
Rate (ACR), and the number of AYLL per 100,000 inhabitants.

3.2. Bayesian analysis on the inputs (step 1) and uncertainty propagation
(step 2)

The input quantities involved in the computation of the outputs AD
nd AYLL are the following: annual average level of the air pollutant
n 2015 by health district, relative risk of mortality from TBL cancer
y level of pollutant, age-specific life expectancy, number of deaths
rom TBL cancer in 2023 by health district. For each of these inputs,
e obtained via Bayesian methods a posterior distribution (step 1).
hen, we repeatedly and independently sampled from the posterior
istributions of the inputs and, for each combination of the inputs,
e used Eqs. (1)–(3), to compute the outputs (step 2). In this way,
e obtained for each air pollutant an entire sample from the posterior
istribution of the impacts by district, LHA, and for the region as
3 
a whole. The study workflow is represented in Fig. A.1. Note that
e set AD and AYLL to 0 when a relative risk lower than 0 was

sampled, in order to avoid paradoxical negative numbers of attributable
events. Therefore, the posterior distributions of the outputs exhibit a
probability mass in the null (Baccini et al., 2015).

Below, we briefly describe the Bayesian procedures used to obtain
he posterior distributions of the inputs.

3.2.1. Life expectancy
We estimated in a flexible way the age-specific life expectancy

𝐿𝐸(𝑎), 𝑎 = 0, 1,… , 100, by specifying a Bayesian generalized additive
model on the age-specific mortality rates for females in the period
2016–2018. The sample from the posterior distribution of the age-
specific rates, obtained via MCMC through the rjags package of R,
was then used to calculate the age-specific life expectancies 𝐿𝐸(𝑎)
according to the usual life table procedure (Cutler and Ederer, 1958).

ote that, in this way, we obtained an entire sample from the posterior
distribution of 𝐿𝐸(𝑎). See Section Life expectancy, Appendix A for
details.

3.2.2. Number of deaths
As data on mortality in 2023 were still unavailable at the time we

performed the analysis, we obtained a sample of 𝐷(𝑠, 𝑟, 𝑎) adopting,
separately by LHA and sex, the following procedure:

• For each health district 𝑟 in the LHA, we modeled the age-
specific mortality rates for the period 2016–2018 with a Bayesian
penalized regression spline;

• We combined these first-stage district-specific rates in a Bayesian
multivariate random effects meta-analysis and applied a shrink-
age procedure to derive second-stage posterior distributions of the
district-specific rates (Röver, 2020). The second-stage estimates
take advantage of the information from all districts in the LHA,
preserving at the same time between-district heterogeneity;

• We combined the rates obtained at the previous point with the
observed population in 2023 to derive a posterior distribution of
the expected number of TBL cancer deaths at the district level for
the year 2023;

• Following a Poisson distribution, we sampled around the ex-
pected number of deaths, obtaining a sample from the posterior
predictive distribution of the terms 𝐷(𝑠, 𝑟, 𝑎).

The Bayesian analyses were performed via MCMC by using rjags
and the mvma.bayesian command of the altmeta package of R
software. A detailed description of the method is reported in Section
Number of deaths, Appendix A.

3.2.3. Effect of air pollution on tracheal, bronchus, and lung cancer mor-
tality

The effect estimates for the three air pollutants were obtained by
ombining in separate Bayesian random-effects meta-analyses results
rom the literature. Specifically, for PM2.5 and NO2 we considered the
elative risks of TBL cancer mortality arising from the seven cohorts
ncluded in the European multicenter study conducted by Stafoggia

et al. (2022). These cohorts were enrolled between 2000 and 2011 and
followed up until 2011–17. On the contrary, for PM10, we collected
and combined the studies included in three recent meta-analyses (Kim
t al., 2018; Chen and Hoek, 2020; Yu et al., 2021). In both cases, the

relative risks have been estimated under the assumption of a constant
effect of the air pollutant on a logarithmic scale. Through Bayesian
meta-analysis, we obtained for each of the three air pollutants a sample
of the posterior predictive distribution of the overall log-relative risk 𝛽
to be used in Eqs. (2) and (3). This posterior distribution incorporates
oth sampling variability and heterogeneity between cohorts or stud-
es (Riley et al., 2011). The amount of heterogeneity was quantified

using the I2 index, that measures the percentage of total variance due to
heterogeneity. Details on data collection and meta-analysis techniques
are reported in Section Air pollutant effect, Appendix A.
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3.2.4. Exposure levels
To assess exposure in the region, we adopted an approach that

ntegrated information from monitors and models on PM2.5, PM10, and
O2 concentrations. In particular, we jointly estimated the average
nnual concentration surfaces of the three air pollutants along with
heir associated uncertainties on a 4 × 4 km grid covering the whole
egion (note that, for computational reasons, we produced predic-
ions at a lower resolution than the original one of 2 × 2 km). This
as achieved through a Bayesian multivariate geostatistical model,

ntegrating sensor measurements with the results of the deterministic
odel developed by LaMMA. Specifically, we defined a multivariate
ormal model on the vector of the annual NO2, PM10 and PM2.5 means
easured by the sensors, considering as covariates the values of the

hree pollutants estimated by the deterministic model in the cells where
he monitors were located. The model accounts for correlation between
ollutants and spatial correlation, defined as a function of the distance
etween the monitors. It also includes an unstructured heterogeneity
omponent. Informative priors have been defined on the parameters
f the distance function, while uninformative priors have been elicited
n the other parameters of the model. Inference was conducted via
CMC with the software WinBUGS. After obtaining a sample from the

joint posterior distribution of the model parameters, we used the air
pollutants levels from the LaMMA deterministic model to obtain the
posterior distribution of the predictions at the centroid of 4 × 4 km
cells. Finally, for each air pollutant, we averaged the cell predictions
within each health district, weighting each cell according to the size
of the resident population. In the end, after marginalizing over the
posterior distribution of the model parameters, this procedure produced
a sample from the joint posterior predictive distribution of the average
concentrations of the three pollutants in each health district. Details on
the Bayesian multivariate geostatistical model are reported in Section
Exposure model, Appendix A.

3.3. Probabilistic global sensitivity analysis (step 3)

The contribution of each input to the outputs variance was quan-
tified by calculating the first order variance indexes and the total
variance indexes.

Let (𝑋1, 𝑋2,… , 𝑋𝐾𝑋 ) be 𝐾𝑋 mutually independent inputs and 𝑓 (⋅) a
unction which, given the inputs, returns one output 𝑌 . The first-order
ariance index 𝑆𝑗 for the input 𝑋𝑗 is defined as:

𝑆𝑗 =
𝑉𝑋𝑗 (𝐸𝑿∼𝑗

(𝑌 |𝑋𝑗 ))

𝑉 (𝑌 )
,

where 𝑿∼𝑗 = (𝑋1, 𝑋2,… , 𝑋𝑗−1, 𝑋𝑗+1,… , 𝑋𝐾𝑋 ). The index 𝑆𝑗 represents
he main effect contribution of 𝑋𝑗 to the variance of the output, and
t measures the expected reduction of the variance that would be
chieved if the factor 𝑋𝑗 could be fixed (Sobol, 1994). 𝑆𝑗 does not
ccount for the variance explained by the interaction of 𝑋𝑗 with the
ther inputs. On the contrary, the total variance index 𝑆𝑡𝑜𝑡𝑗 measures
he overall effect of 𝑋𝑗 on 𝑌 , including all the interactions of 𝑋𝑗 with
he other inputs. This index corresponds to the expected variance of
𝑌 that would be left on average when all the parameters but 𝑋𝑗 , 𝑋∼𝑗 ,
were fixed:

𝑆𝑡𝑜𝑡𝑗 =
𝐸𝑿∼𝑗

(𝑉𝑋𝑗 (𝑌 |𝑿∼𝑗 ))

𝑉 (𝑌 )
.

A total variance index close to zero indicates that the parameter 𝑋𝑗
oes not influence 𝑌 . Conversely, a large total variance index indicates
hat the parameter does impact on the output. If 𝑆𝑗 and 𝑆𝑡𝑜𝑡𝑗 are similar
here is no interaction effect, while if 𝑆𝑡𝑜𝑡𝑗 is much larger that 𝑆𝑗 , there
s strong interaction between 𝑋𝑗 and the other inputs. Note that, while
𝑗 𝑆𝑗 ≤ 1, the sum of the total variance indexes over all inputs can be

arger than 1.
In our analysis, the outputs AD and AYLL are related to the inputs

via Eqs. (2) and (3). We computed the variance indices for the whole
egion, by LHA and district, following the design matrix-based method
 i

4 
proposed in Saltelli et al. (2008). According to this design, starting from
the simulation of 20,000 samples from each input, we calculated the
nputs relying on the results from 120,000 procedures of uncertainty

propagation.

4. Results

Applying the shrinkage mortality rates for the years 2016–2018
Figs. B.2–B.4, Appendix B) to the population size in 2023, we obtained
he posterior predictive distributions of the number of deaths from TBL
ancer in 2023, by district. Their means range from a few dozen (Elba
sland, 31,351 inhabitants) to more than 300 deaths (Florence district,
62,742 inhabitants) (Fig. B.5). Overall, TBL cancer is expected to be
esponsible in the region of 2’660 (90% CrI: 2,500;2,824) deaths in
023, that, combined with the life expectancy estimated for women for
he period 2016–2018 in the region (left panel of Fig. B.6), generate

40’064 YLL (90% CrI: 37,306;42,950). The largest amount of YLL
from TBL cancer is expected in the Center, with 17,691 (90% CrI:
16,194;19,263) years of life lost over 1,604,409 inhabitants, the lowest
n the South-East LHA, with 8’268 (90% CrI: 7,242;9,357) years of life
ost over 811,242 inhabitants (right panel of Fig. B.6, and Table B.1).
he TBL cancer burden is higher among men than among women
Table B.1).

Fig. 2 shows, at a 2 × 2 km resolution, the annual average levels
of the three air pollutants estimated for 2015 by the deterministic
model developed by LaMMA, together with the locations of the sen-
sors belonging to the regional air quality monitoring network. Note
that the sensors are concentrated in the Northern-Central part of the
region that, according to the LaMMa model, is the most polluted,
leaving the Southern part mostly uncovered. Combining these two
sources of information, we obtained for each air pollutant a predictive
posterior distribution for the concentration surface over a 4 × 4 km
grid (Fig. B.7), then a posterior predictive distribution of the density-
weighted average concentration for each health district (Fig. B.8 shows
he density levels in 2015 used in the weighting). Fig. 3 summarizes

these distributions in terms of mean and coefficient of variation. The
argest exposures are in districts belonging to the Center and North-

est LHAs: the surrounding of the provincial capitals of Florence,
rato, Lucca, Pistoia, Livorno and Pisa, the Val di Nievole area, and the
puan Alps area. As expected, the uncertainty is larger in those districts

where in 2015 there were few or no monitors: the South-East areas
including Siena, Val d’Orcia and Colline di Albegna (Albegna Hills),
and the North-West areas of Lunigiana and Serchio Valley.

The posterior predictive distributions of the relative risks express-
ing the effect of the three air pollutants on TBL cancer mortality
exhibit a quite large variability (Fig. 4), that directly derives from the
act that we are predicting effects in a new area in the presence of
trong heterogeneity among studies (posterior median of the I2 equal to
4.0%, 76.8% and 95.2% for PM2.5, PM10 and NO2, respectively). The
osterior distributions of the relative risks arising from the Bayesian
eta-analyses are summarized in Table B.2.

The upper panel of Fig. 5 shows, for each air pollutant and by health
district, the expected number of deaths from TBL cancer in 2023 that
are attributable to annual average concentrations that exceeded in 2015
the WHO recommended thresholds. To obtain conservative summaries
that are not affected by setting to 0 the negative AD values arising from
Eqs. (2) and (3), we summarized the posterior distributions using the
median instead of the mean. We also computed 50% and 80% CrI, and
the posterior probability of a positive number of AD. As detailed in
Table 1, where for brevity we have reported only 50% CrI, the highest
mpact in both absolute and relative terms is expected in the LHA

of the Center and for PM2.5. In the region as a whole, we estimated
that annual average values of this air pollutant exceeding 5 μg/m3

are responsible of 432 TBL cancer deaths (16.3% of the total number
of TBL cancer deaths). This corresponds to 12 deaths every 100,000
nhabitants and 176 years of life lost every 100,000 inhabitants (1



M. Baccini et al.

W
h

i

c
a
t
R
T

Environmental Pollution 368 (2025) 125682 
Fig. 2. Average concentrations of PM2.5 (a), PM10 (b) and NO2 (c) in the year 2015, measured by the stations belonging to the regional air quality monitoring network (red dots),
and estimated at a 2 × 2 km resolution by the deterministic model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)
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year lost every 568 inhabitants). The probability that PM2.5 above the
HO threshold causes at least one death is higher than 80% in most

ealth districts (lower panel of Fig. 5). Limiting to the whole region,
Table 1 reports also the impact when the counterfactual threshold is
set, for each air pollutant, to the minimum exposure predicted over
the 26 health districts. With this threshold, the impact for PM2.5 is
lower (the regional minimum is, in fact, higher than 5 μg/m3), but still
important. On the contrary, the impact is higher for PM10 and NO2,
being the regional minimum lower than the WHO limits. The impact of
air pollution among males is twice as high as among women, as showed
by the results reported in Table B.3.

In order to enhance comparisons among health districts, maps
n Fig. 6 illustrate the posterior medians of the district-specific At-

tributable Community Rates (ACR) with the corresponding posterior
coefficient of quartile variation. The highest ACRs are predicted for
the areas of Florence, Prato, Pistoia, Lucca and Nievole Valley, the
lowest for the districts of Upper Elsa Valley, Siena, Albegna Hills, and
Elba Island. The uncertainty around the predictions was larger in the
districts where the estimated impact was relatively low.

To investigate the relative importance of different inputs in impact
omputation, we calculated the Sobol’s variance indices. The first-order
nd total variance indexes for the outcomes AD and AYLL, referred
o the region as a whole, are reported in Table 2, limited to PM2.5.
esults are very similar regardless of the counterfactual threshold used.
he most influential input is the air pollutant effect estimate, with
 t

5 
𝑆𝑡𝑜𝑡 greater than 93%, followed by air pollution exposure, with 𝑆𝑡𝑜𝑡
round 14% when fixing the threshold to the WHO limit and 23%
hen the threshold is sampled from the marginal distribution of the

egional minimum. Life expectancy and the number of deaths explain
 negligible portion of the outputs variability. Comparing first-order

and total variance indexes reveals an interaction between air pollution
exposure and both the threshold and relative risk. When we look at
he total variance indexes calculated by health district (Fig. 7), the

importance of the number of deaths is confirmed. However, a strong
impact of air pollution exposure also emerges for districts in the South-
ast LHA and, more generally, for districts not covered by the regional
ir quality monitoring network.

5. Discussion and conclusions

We provided an assessment of the impact of air pollution on mor-
tality from TBL cancer in Tuscany at a sub-regional level, mainly based
on local validated data. Compared to studies that focus on results at
the country level using estimates from the GBD initiative (Conti et al.,
2023), we obtained results at the district level, which are particu-
arly useful for detecting critical situations in the region, establishing
ntervention priorities, and suggesting context-specific action plans.

The Bayesian approach allowed us to account for all sources of
variability by obtaining samples from the predictive posterior distribu-
ions of the metrics of interest, which completely describe the studied
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Fig. 3. Means (left maps) and coefficients of variation (right maps) of the posterior predictive distributions of PM2.5, PM10 and NO2 average concentrations for the year 2015 in
the 26 districts of Tuscany, obtained weighting the exposure predicted over the 4 × 4 km cells by the population density. The bold outlines indicate the Local Health Authorities:
Center (1–8), North-West (9–18), South-East (19–26).
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phenomenon along with its uncertainty. Additionally, by sampling from
he joint posterior distributions of exposure and number of deaths from
BL cancer across areas in the region, we generated reliable credibility

ntervals that account for correlation among districts.
Despite having the joint distribution of the annual average con-

centrations of PM2.5, PM10, and NO2 from the Bayesian geostatistical
model, we chose to quantify the impacts of PM2.5, PM10, and NO2 sep-
arately. Determining an overall comprehensive estimate of the number
of deaths attributable to particulate matter and NO2 levels exceeding
recommended thresholds would require strong assumptions about their
potential synergistic effects on TBL cancer mortality, or reliable es-

timates of effect from the literature that account for the interaction C

6 
between the two exposures, estimates that are not available. For this
reason, we have kept the assessments separate. However, it can be
argued that, unless unlikely negative interaction effects are present,
he overall impact cannot be lower than the highest observed, which
orresponds to the impact of PM2.5. For this air pollutant, we estimated
or 2023 an important impact both in terms of deaths and years of life
ost attributable to average annual level concentrations exceeding the

HO limit of 5 μg/m3: 432 AD (50% CrI: 174;705) and 6500 AYLL
50%CrI: 2,624;10,613), that corresponds to about 15 years of life lost
or each deceased. Reflecting a level of exposure to particles well above
hat of the rest of the region, districts belonging to the LHA of the
enter were the most affected by air pollution, with 14 AD (50% CrI:
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Fig. 4. Predictive posterior distributions of the relative risks of mortality from tracheal, bronchus, and lung cancer associate with an increase of 5 μg/m3 for PM2.5, and with an
ncrease of 10 μg/m3 for PM10 and NO2.
Table 1
Posterior median and 50% credibility interval (CrI) of the number of Attributable Deaths (AD) and Attributable Years of Life Lost (AYLL) from tracheal, bronchus, and lung cancer
expected in 2023 in Tuscany, due to annual levels of air pollutant (PM2.5, PM10, NO2) exceeding the WHO recommended threshold, by Local Health Authority (LHA). The impact
is also reported in terms of Attributable Fraction (AF), Attributable Community Rate (ACR), and AYLL per 100,000 inhabitants. For the entire region, the impact is computed
considering both the WHO recommended thresholds and the minimum annual average concentration in 2015 predicted across the districts.

Air pollutant Threshold AD AF (×100) ACR (×100, 000) AYLL AYLL (×100, 000)

Median (50% CrI) Median (50% CrI) Median (50% CrI) Median (50% CrI) Median (50% CrI)

Center LHA PM2.5 5 μg/m3 224 (90;351) 19.1 (7.7;29.7) 14 (6;22) 3,347 (1,349;5,259) 207 (84;326)
PM10 15 μg/m3 76 (0;150) 6.5 (0;12.8) 5 (0;9) 1,141 (0;2,241) 71 (0;139)
NO2 10 μg/m3 133 (79;188) 11.3 (6.7;15.9) 8 (5;12) 1,961 (1,165;2,783) 121 (72;172)

North-West LHA PM2.5 5 μg/m3 147 (57;242) 15.7 (6.2;25.9) 12 (5;19) 2,221 (869;3,655) 176 (69;290)
PM10 15 μg/m3 46 (0;93) 5.0 (0;9.9) 4 (0;7) 696 (0;1,399) 55 (0;111)
NO2 10 μg/m3 68 (40;97) 7.3 (4.2;10.4) 5 (3;8) 1,021 (593;1,449) 81 (47;115)

South-East LHA PM2.5 5 μg/m3 51 (12;113) 9.3 (2.3;20.8) 6 (1;14) 773 (189;1,720) 93 (23;208)
PM10 15 μg/m3 7 (0;18) 1.2 (0;3.4) 1 (0;2) 102 (0;282) 12 (0;34)
NO2 10 μg/m3 4 (1;7) 0.7 (0.3;1.4) 0.4 (0;1) 56 (21;111) 7 (2;13)

All region PM2.5 5 μg/m3 432 (174;705) 16.3 (6.6;26.5) 12 (5;19) 6,500 (2,624;10,613) 176 (71;287)
PM10 15 μg/m3 134 (0;264) 5.0 (0;9.9) 4 (0;7) 2,010 (0;3,972) 54 (0;107)
NO2 10 μg/m3 207 (123;291) 7.8 (4.6;10.9) 6 (3;8) 3,084 (1,821;4,348) 83 (49;117)
PM2.5 minimum 368 (144;588) 13.9 (5.4;22.1) 10 (4;16) 5,521 (2,173;8,846) 149 (59;239)
PM10 minimum 204 (0;402) 7.7 (0;15.1) 5 (0;11) 3,078 (0;6,049) 83 (0;163)
NO2 minimum 304 (181;422) 11.5 (6.8;15.9) 8 (5;11) 4,546 (2,715;6,316) 123 (73;171)
Table 2
First-order (𝑆𝑖) and total variance indexes (𝑆𝑡𝑜𝑡) describing the impact of each model inputa on attributable deaths (AD) and years of life lost
(AYLL) due to annual levels of PM2.5 exceeding 5 μg/m3 or exceeding the minimum regional concentration, for the region as a whole. Negative
indexes are due to poor approximation.

Reference scenario Input Output

AD AYLL

𝑆𝑖 (x100) 𝑆𝑡𝑜𝑡(𝑥100) 𝑆𝑖 (x100) 𝑆𝑡𝑜𝑡(𝑥100)

WHO

Deaths 0.3 0.4 0.5 0.5
RR 83.8 93.9 83.6 93.9
PM2.5 < 0.01 13.8 < 0.01 13.9
LE – – 0.0 0.0

Minimum

Deaths 0.3 0.4 0.5 0.6
RR 87.6 93.4 87.5 93.5
PM2.5 < 0.01 22.7 < 0.01 23.0
𝑥0 18.0 17.6 17.9 17.5
LE – – 0.0 0.0

a Deaths: Number of tracheal, bronchus and lung cancer deaths; RR: de-response function; LE: Life expectancy.
6;22) and 207 attributable years of life lost (50% CrI: 84;326) every
00,000 inhabitants. On the other hand, it should be noted that the
mpact estimates in this LHA are more precise than in the others, with
 probability of a positive number of attributable events always larger
han 80% in every district, due to the majority of monitoring stations
eing located there.
7 
The formulation of a multivariate Bayesian geostatistical model on
the measured concentrations of PM2.5, PM10, and NO2 allowed us to
utilize all available information about these air pollutants to infer the
posterior predictive distribution of each. This multivariate approach,
sometimes called co-kriging, is not new in the literature (Brown et al.,
1994; Furrer and Genton, 2011), but it is not commonly used for jointly
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Fig. 5. Posterior median (black circle) and credibility intervals (80% CrI: black dashed interval; 50% CrI: red solid interval) of the number of deaths from tracheal, bronchus
nd lung cancer in 2023 in Tuscany attributable to annual levels of air pollutant (PM2.5, PM10, NO2) exceeding the WHO recommended threshold (upper panel), and posterior
robability of a positive number of attributable deaths (lower panel), by district. (For interpretation of the references to color in this figure legend, the reader is referred to the
eb version of this article.)
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Fig. 6. Posterior medians of the Attributable Community Rates expected for the year
023 in the 26 districts of Tuscany, setting to 5 μg/m3 the counterfactual threshold
or the annual average concentration of PM2.5 (a), and the corresponding posterior
oefficient of quartile variation (CQV) (b). The bold outlines indicate the Local Health
uthorities: Center (1–8), North-West (9–18), South-East (19–26).

modeling multiple air pollutant exposures. A drawback of co-kriging
s the need to specify cross-covariances between model outputs – air
ollutants’ annual average concentrations in our case – at different
ocations, which may lead to a complex model with many unknown
8 
parameters. In our application, we introduced constraints in the model
to reduce the number of parameters to be estimated.

The specification of a multivariate kriging model partially addressed
the issue of the limited number of sensors, particularly those measuring
PM2.5. However, the problem of the non-homogeneous distribution of
monitoring stations across the territory remains, with a prevalence of
sensors in areas expected to be the most polluted in the region based
on modeling. An approach that accounts for this preferential sampling
could be employed to obtain more reliable spatial distributions of air
pollutant concentrations (Diggle et al., 2010; Cecconi et al., 2016).

The GSA suggests that the uncertainty around the predicted im-
pacts could be significantly reduced by improving our knowledge of
the exposure-response function describing the relationship between air
pollution and mortality from TBL cancer in the study area. In the
absence of local results on the effect of air pollution, we derived the
elative risks from the literature and accounted for both sampling

variability and between-study heterogeneity of the effects by sampling
from the posterior predictive distributions. It is worth noting that the
etween-study heterogeneity was very high for all air pollutants, possi-

bly reflecting both artefactual differences, such as those arising from
iscrepancies in study design and statistical analysis, and biological
ifferences, such as variations in particle composition or population
railty. For PM2.5 and NO2, it was possible to rely on recent estimates
f long-term effects on mortality derived from seven European cohorts,
ncluding one Italian cohort (Stafoggia et al., 2022). The same was not
ossible for PM10, for which we performed an umbrella meta-analysis.

Note that the choice to use, when possible, estimates obtained in
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Fig. 7. Total variance indexes describing the impact of each model input on deaths attributable to annual levels of PM2.5 exceeding 5 μg/m3 or exceeding the minimum regional
concentration, by district.
contexts similar to the one of interest – rather than extending the meta-
analysis to different locations around the world – was specifically aimed
at addressing the complex issue of effect heterogeneity. In principle,
the optimum would be to obtain local effect estimates, but this would
require individual georeferenced longitudinal data that, unfortunately,
at the moment are not available for Tuscany.

A possible source of heterogeneity in RR meta-analyses was the
air pollution levels observed in the study areas. However, it can be
very difficult to disentangle the contribution of this factor from that
of socio-economic conditions or demographics, especially when com-
bining results from a small number of studies, as in our case. For this
reason, we preferred to use the overall meta-analytic effect, correctly
accounting for heterogeneity between cohorts (or studies), instead of
selecting RRs estimated in areas where the air pollution levels were
similar to those observed in Tuscany, or adopting meta-regression
approaches.

The GSA suggests that the uncertainty around the exposure also
strongly affects the output variance, especially in the Southern districts.
This is another direct consequence of the non-homogeneous distribu-
tion of air quality monitoring stations in the region. Implementing a
more homogeneous monitoring design in the region, based on a larger
number of monitoring stations, would allow for more precise predic-
tions of air pollutant levels and more accurate impact assessments,
in addition to providing data for calibrating models such as the one
developed by LaMMA. It should be noted that the issue of inadequate
monitoring in the Southern areas of the region has not been resolved
over the years. In fact, the number and location of monitoring stations
in the region have remained almost the same from 2015 to today.

An interesting aspect of the proposed approach is that it can be
used, as in this application, to perform medium-term predictions of the
impact of air pollution on cause-specific mortality when mortality data
9 
for the year of interest are not yet available. However, it should be
stressed that the approach relies on the assumption that mortality rates
are heterogeneous among areas but constant over time. Age-period-
cohort models should be applied to mortality data to obtain valid
longer-term predictions of the number of cause-specific deaths (Su,
2023).

A limitation of our study is that we did not account for residence
changes in the individual histories of the population and assigned the
same average level of exposure to all subjects residing in the same
district. Considering finer spatial aggregates might lead to more specific
exposure assessments, but at the cost of unstable predictions of deaths
from TBL cancer. Furthermore, we assumed a latency time of 8 years –
defined as a compromise between data availability and epidemiological
considerations – without accounting for cumulative exposure from
2015 to 2023. It is worth underlying that the definition of exposure
in our analysis derives from the consideration that in health impact
assessment it is important that there is consistency between effect mea-
sure and exposure indicator. Since we used published effect estimates,
we preferred to be in line and coherent with the design of the studies
from which they were derived, rather than considering more complex
exposure definitions. For example, the ELAPSE project (Stafoggia et al.,
2022) did not consider cumulative exposure, but calculated the effect
on mortality of average exposures measured during a reference year.
Similarly, we did not consider cumulative exposure, but the level of air
pollution in 2015 as a proxy for the exposure of interest. We chose 2015
because for this year both predictions from the deterministic model
developed by LaMMA and air pollution measurements from a sufficient
number of air quality monitors were available. Note that the yearly av-
erage exposure at the health district level has not changed that rapidly
over time. For example, the average level of PM2.5 calculated at the
available monitoring stations was 15.8 μg/m3 in 2010 and 17.2 μg/m3
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Environmental Pollution 368 (2025) 125682 
in 2015, with a correlation between years equal to 0.965.
Another potential limitation concerns our assumption of a log-linear

exposure-response function. If this assumption is strongly violated, our
impact estimates could be underestimated or overestimated, depending
on the actual shape of the curve. The log-linearity could be relaxed by
sing meta-analytic methods that allow for the estimation of a nonlin-

ear exposure-response relationship. For example, the meta-regression
Bayesian, regularized, and trimmed (MR-BRT) method combines esti-
mates from published studies conducted in different locations around
the world into a flexible exposure-response relationship while imposing
constraints on the overall shape of the curve (Yang et al., 2022; Zheng
et al., 2021). However, the MR-BRT model requires including a large
umber of studies in the meta-regression, which contrasts with our
hoice to focus, when possible, on recent European results.

When interpreting our YLL estimates, it should be considered that
e used female life expectancy for both sexes. This choice was guided
y the goal of reflecting the maximum potential for years of life
ost, following practices used in global disease burden studies, where
 benchmark of aspirational life expectancy is often used to ensure
omparability across populations (von der Lippe et al., 2020). However,

this may have led to an overestimation of YLL among males, especially
because the gap in life expectancy between the sexes is mainly driven
by factors that are not related to air pollution. For a more nuanced per-
spective, sex-specific life expectancy benchmarks should be employed
in YLL computation.

Finally, although this study focuses on the impact of air pollution
on TBL cancer mortality, it is important to recognize that smoking is a

ell-established major risk factor for TBL occurrence. The interaction
etween smoking and air pollution exposure may compound the risk,
uggesting that individuals who are current or former smokers and
ive in highly polluted areas could be at even greater risk (Li et al.,

2023). This potential synergistic effect underscores the importance of
considering both factors in health impact assessment and planning of
public health strategies.

In conclusion, the study suggests that the impact of previous ex-
posure to air pollution on mortality from TBL cancer primarily affects
eople residing in densely populated and industrialized urban districts
f the Center and North-West LHAs. Possible interventions in these

areas could include actions aimed at reducing air pollution (e.g., pro-
moting public transport, educating the population, providing incentives
for renewable energy, implementing traffic restrictions, and urban
green plans) to reduce exposure load going forward. The introduction
of lung cancer screening programs for early tumor detection, such as
those based on low-dose computed tomography proposed within the
ITALUNG clinical trial (Mascalchi et al., 2023), could also be evaluated,
targeting high-risk groups such as current or former smokers, especially
n areas with high levels of air pollution.

Another important message from our analysis is the need to strengthe
he air quality monitoring network in the region, with special attention
o areas where coverage is currently poor. There is also a need for
urther investigation into the effects of air pollution through local
ohort studies and exploration of the reasons for the high between-
rea heterogeneity reported in the literature. Finally, it is important to
ncourage high-quality health impact assessments at the local level as

an essential complement to global-level assessments.
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Appendix A. Supplemental methods

A.1. Life expectancy

We estimated in a flexible way the age-specific life expectancy for
females 𝐿𝐸(𝑎), 𝑎 = 0, 1,… , 100, based on the mortality and population
data in the period 2016–2018, by using a Bayesian generalized additive
model (Wood, 2016). We assumed that the total number of deaths at
age 𝑎 observed during the three years 2016–2018 among women in
Tuscany, 𝑑𝐹𝑎 , followed a Poisson distribution with mean 𝜆𝐹 (𝑎) and offset
given by the female population during the three years, 𝑁𝐹

𝑎 :

𝑑𝐹𝑎 ∼ 𝑃 𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝐹 (𝑎)) log 𝜆𝐹 (𝑎) = 𝑠𝐹 (𝑎) + log𝑁𝐹
𝑎 , (A.1)

where 𝑠𝐹 (𝑎) is a penalized thin plate regression spline on age (Wood,
2006, 2016). The spline can be written as a linear combination of 𝐾
basis functions 𝐵𝐹𝑘 (𝑎):

𝑠(𝑎) =
𝐾
∑

𝑘=1
𝛼𝐹𝑘 𝐵

𝐹
𝑘 (𝑎),

where 𝜶𝐹 = {𝛼𝐹1 ,… 𝛼𝐹𝐾} is a vector of unknown spline coefficients on
which a constraint is defined according to the parametrization proposed
in Wood (2016). In our analysis we set 𝐾 = 10. We assumed an uninfor-
mative multivariate Normal prior distribution on 𝜶𝐹 , then we obtained
a sample from its posterior distribution via the algorithm implemented
in the rjags library of R software, after specifying the model through
the jagam function of the mgcv library. For each vector of coefficients
sampled from the posterior distribution of 𝜶𝐹 , a spline was computed,
as well as the corresponding age-specific rates exp(𝑠𝐹 (𝑎)), successively
used to calculate the life expectancies 𝐿𝐸(𝑎) (Cutler and Ederer, 1958).

ote that, in this way, for each sample from the posterior distribution
of 𝜶𝐹 , we obtained a sample from the posterior distribution of the life
expectancies vector.

A.2. Number of deaths

In order to compute YLL, one can plug in the number of deaths
from trachea, bronchus, and lung (TBL) cancer, into Eq. (1). However,
eing mortality data for the year 2023 still unavailable at the time we

carried out the analyses, we sampled the values 𝐷(𝑠, 𝑟, 𝑎) from their
posterior predictive distribution by adopting, separately by sex and
LHA the following procedure:

http://www.acab-toscana.it
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Fig. A.1. Workflow of the study. TBL: Tracheal, broncus and lung; HD: Health district; YLL: Years of Life Lost.
Table A.1
Estimates of the Relative Risks (RR) of lung cancer mortality associated with an increase of 5 μg/m3 of PM2.5 and to an
increase of 10 μg/m3 NO2 with their 95% Confidence Intervals (95% CI), in the seven cohorts of the European multicenter
study by Stafoggia et al. (2022).
Cohort PM2.5 NO2

RR 95% CI se RR 95% CI se

Belgian cohort 0.983 (0.950;1.017) 0.017386 1.060 (1.042;1.078) 0.008665
Danish cohort 1.214 (1.165;1.265) 0.021008 1.178 (1.153;1.203) 0.010830
Dutch cohort 1.169 (1.121;1.218) 0.021171 1.091 (1.069;1.114) 0.010519
English cohort 1.043 (0.960;1.133) 0.042269 1.039 (1.001;1.078) 0.018905
Norwegian cohort 1.180 (1.143;1.219) 0.016422 1.121 (1.094;1.148) 0.012291
Rome cohort 1.013 (0.940;1.091) 0.038003 1.027 (0.999;1.056) 0.014156
Swiss cohort 1.113 (1.078;1.150) 0.016494 1.138 (1.113;1.164) 0.011430
• We defined for each health district 𝑟 in the LHA a Bayesian
Poisson additive model as the one in Eq. (A.1) on the total number
of deaths from TBL cancer by age, 𝑑𝑎, observed during the period
2016-2018:

𝑑𝑎 ∼ 𝑃 𝑜𝑖𝑠𝑠𝑜𝑛(𝜆(𝑎)) log 𝜆(𝑎) = 𝑠(𝑎) + log𝑁𝑎,

where 𝑠(𝑎) = ∑𝐾
𝑘=1 𝛼𝑘𝐵𝑘(𝑎) is a thin plate regression spline on age,

with constrained parameters 𝜶 = {𝛼1,… 𝛼𝐾} (Wood, 2016);
• We combined in a Bayesian multivariate random effects meta-

analysis the results of the inference obtained at the previous
step. Let 𝜶̂ be the posterior mean of the vector of the 10
𝑟

11 
spline coefficients for the district 𝑟 and 𝛴𝑟 the corresponding
variance–covariance matrix. We specified the following meta-
analysis model:

𝜶̂𝑟 ∣ 𝜽𝑟, 𝛴𝑟 ∼ 𝑁(𝜽𝑟, 𝛴𝑟) 𝜽𝑟 ∣ 𝝁,T ∼ 𝑁(𝝁,T),

where 𝝁 and T are unknown hyperparameters representing re-
spectively the overall meta-analytic vector of the spline param-
eters and the between-district variance–covariance matrix. After
defining uninformative distribution on the model hyperparam-
eters, we obtained a sample from the posterior distribution of
𝝁 and T via Markov Chain Monte Carlo (MCMC), by using the
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Table A.2
Studies included in the Bayesian random effects meta-analysis on the long-term effect of PM10 on lung cancer mortality.
For each study, the table reports: relative risk (RR) associated to a 10 μg/m3 increase of air pollutant concentration, 95%
Confidence Interval (95% CI), inclusion in the meta-analyses by Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021).

Study RR 95% CI Included in
Abbey 1999a 1.377 (1.095;1.731) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Carey 2013 1.034 (0.876;1.219) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Chen 2016 1.047 (1.034;1.060) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Fischer 2015 1.260 (1.216;1.306) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Hales 2012 1.160 (1.041;1.293) Kim et al. (2018), Yu et al. (2021)
Hart 2011 0.998 (0.873;1.142) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Heinrich 2013 2.389 (1.348;4.234) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Hansell 2016 1.600 (1.288;1.987) Chen and Hoek (2020)
Huss 2010 1.050 (1.035;1.065) Chen and Hoek (2020)
Katanoda 2011 1.160 (1.068;1.260) Chen and Hoek (2020)
Kim 2017 0.960 (0.818;1.127) Chen and Hoek (2020)
Lipsett 2011 0.930 (0.809;1.069) Kim et al. (2018), Chen and Hoek (2020), Yu et al. (2021)
Nishiwaki 2013 0.910 (0.773;1.071) Chen and Hoek (2020)
Pope 2002b 0.980 (0.950;1.010) Yu et al. (2021)
Zhou 2014 1.010 (0.991;1.030) Chen and Hoek (2020)

a Result of a weighted average between RRs for males and females.
b The study by Pope et al. (2002) refers to the effect of PM2.5−15.
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mvma.bayesian command of the altmeta package of R soft-
ware. Note that we modified the output of the original function
in order to obtain the whole sample of the posterior distribution
of the spline coefficients;

• We derived the posterior distribution of the second-stage district-
specific spline coefficients 𝜽𝑟 through a shrinkage formula that
combines the posterior mean of overall meta-analytic vector 𝝁̂
with the first-stage vectors 𝜶̂𝑟, giving them different weights,
defined according to the relative importance of sampling variabil-
ity and between-district heterogeneity (Röver, 2020).1 Note that
the second-stage district-specific splines, having coefficients 𝜽𝑟,
update the first-stage ones taking advantage of the information
from all districts in the LHA;

• We used the joint posterior distribution of the district-specific
parameters 𝜽𝑟, combined with the observed population, to derive
a posterior distribution of the expected number of deaths from
TBL cancer at the district level for the year 𝑡;

• Following a Poisson distribution, we sampled around the values
from the district-specific posterior distributions obtained at the
previous step. This process resulted in a sample from the posterior
predictive distribution of the number of deaths 𝐷(𝑠, 𝑟, 𝑡, 𝑎).

A.3. Air pollutant effect

We conducted separate Bayesian random effects meta-analysis for
ach pollutant, after collecting information on the log relative risks
rom the literature. Specifically, for PM2.5 and NO2, we combined the

effects estimated in the seven European cohorts included in a recent
two-stage multicenter study (Stafoggia et al., 2022) (Table A.1). On the
contrary, for PM10 we conducted a rapid umbrella review, detecting
hree main recent meta-analyses that included published studies on the

effect of PM10 on lung cancer mortality: the meta-analysis of cohort and
ase-control studies in Chen and Hoek (2020), and the meta-analyses

of cohort studies in Kim et al. (2018) and Yu et al. (2021). We included
n our Bayesian meta-analysis all those studies that were present in at
east one of the three meta-analyses and that focused on PM10 exposure

1 The 𝜽𝑟 are Normally distributed with the following mean and
variance–covariance matrix:

𝐸[𝜃𝑟 ∣ T,𝜶𝑟, 𝛴𝑟] =
(

𝛴−1
𝑟 𝜶𝑟 + T−1𝝁̂

)

𝐴−1
𝑟

[𝜃𝑟 ∣ T,𝜶𝑟, 𝛴𝑟] = 𝐴−1
𝑟 +

(

𝛴
1
2
𝑟 T−1𝐴−1

𝑟

)𝑇 (𝛴
1
2
𝑖 T

−1𝐴−1
𝑟

)

here 𝐴𝑟 =
(

𝛴𝑟 + T).
12 
and lung cancer mortality, excluding those that investigated survival
in cancer patients (Table A.2). Note that, while Stafoggia et al. (2022)
focus on TBL cancer (ICD-9: 162) and Chen and Hoek (2020) on all
malignant neoplasms of the respiratory and intrathoracic organs (ICD
10: C30–C39), Kim et al. (2018) and Yu et al. (2021) refer generically
to lung cancer, without reporting specific ICD codes.

Let (𝑏1,… , 𝑏𝐽 ) and (𝑠𝑒1,… , 𝑠𝑒𝐽 ) be the effect estimates (log RRs)
nd the estimated standard errors of the 𝐽 studies that we decided to

include in the meta-analysis for a specific air pollutant. We assumed
the following Normal-Normal meta-analytic model:

𝑏𝑗 = 𝛽 + 𝜁𝑗 + 𝑒𝑗 𝜁𝑗 ∼ 𝑁(0, 𝜏2) 𝑒𝑗 ∼ 𝑁(0, 𝑠𝑒𝑗2), (A.2)

In Eq. (A.2), 𝛽 and 𝜏2 are model hyperparameters representing the
verall meta-analytic effect and the heterogeneity variance, respec-
ively; 𝜁𝑗 , 𝑗 = 1,… , 𝐽 are independent study-specific random effects,

and 𝑒𝑗 , 𝑗 = 1,… , 𝐽 independent error terms, such that 𝜁𝑗 ⟂ 𝑒𝑘 ∀𝑗 , 𝑘.
After specifying uninformative distributions on 𝛽 and 𝜏2, 𝛽 ∼ 𝑁(0, 103)
nd 𝜏2 ∼ 𝐼 𝐺(10−3, 10−3), we obtained a sample of size 20,000 from

their joint posterior distribution via MCMC, after a burnin of 5,000
iterations, by using the bayesmh function of STATA (version 17.0).
Finally, a sample from the posterior predictive distribution of 𝛽 was
achieved, to account for the uncertainty in predicting the air pollutant
effect in a new study or area (Riley et al., 2011).

A.4. Exposure model

We label with 𝑠 the monitors in the study area, 𝑠 = 1, 2, 3,… , 𝑆,
nd with 𝑖 the air pollutants of interest, 𝑖 = 1, 2, 3 (PM10, PM2.5 e NO2,
espectively).

Let 𝑥𝑠𝑖 be the level of the air pollutant 𝑖 measured by monitor 𝑠, and
𝑧𝑠𝑖 the logarithm of the average level of the air pollutant 𝑖 as estimated
y the deterministic model developed by LaMMA in the cell which the

monitor 𝑠 belongs to. For each 𝑖, the following linear regression model
is defined:

log(𝑥𝑠𝑖) = 𝛾0𝑖 + 𝛾
(1)
𝑖 𝑧𝑠1 + 𝛾

(2)
𝑖 𝑧𝑠2 + 𝛾

(3)
𝑖 𝑧𝑠3 + 𝑢𝑠𝑖 + 𝜙𝑠 + 𝜖𝑠𝑖, (A.3)

where 𝛾 (0)𝑖 , 𝛾 (1)𝑖 , 𝛾 (2)𝑖 , 𝛾 (3)𝑖 are unknown coefficients; 𝜖𝑠𝑖 ∼ 𝑁(0, 𝜉2𝑖 ) are
rror terms, such that 𝜖𝑠𝑖 ⟂ 𝜖𝑡𝑗 if 𝑖 ≠ 𝑗 or 𝑠 ≠ 𝑡; 𝜙𝑠 ∼ 𝑁(0, 𝜉𝜙2)
re monitor-specific random effects describing the unstructured hetero-
eneity among monitors, such that 𝜙𝑠 ⟂ 𝜙𝑡 if 𝑠 ≠ 𝑡; 𝑢𝑠𝑖 are random
ffects describing the structured spatial heterogeneity. In particular,
ndicating with 𝐮𝑖 the vector of the random terms 𝑢1𝑖,… , 𝑢𝑆 𝑖 for the
ollutant 𝑖, we assume the following multivariate Normal distribution:

𝐮 =
⎡

⎢

⎢

𝐮𝟏
𝐮𝟐
⎤

⎥

⎥

= 𝑁
⎛

⎜

⎜

⎡

⎢

⎢

𝟎
𝟎
⎤

⎥

⎥

,
⎡
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⎢
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Fig. B.1. Number of deaths from tracheal, bronchus and lung cancer observed in the three Health Local Authorities in the period 2016–2018, by sex.
Fig. B.2. Shrinkage estimates of the age-specific mortality rates (posterior mean and 90% CrI bands) in the 8 health districts belonging to the Central Local Health Authority and
in the area as a whole for the years 2016–2018, by sex (red lines for females, black lines for males). (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
where 𝛴𝑖𝑖 is the 𝑆 × 𝑆 variance–covariance matrix of the levels of the
air pollutant 𝑖 measured by different stations, and 𝛴𝑖𝑗 with 𝑖 ≠ 𝑗 is the
𝑆 × 𝑆 variance–covariance matrix of the levels of the air pollutants 𝑖
and 𝑗 measured by different stations. The 𝑠th element of the diagonal of
𝛴𝑖𝑖, 𝛴𝑖𝑖(𝑠, 𝑠) = 𝜎2𝑖(𝑠) , is the variance of the value of the air pollutant 𝑖 in
the monitor 𝑠, while the element outside the diagonal 𝛴𝑖𝑖(𝑠, 𝑡) = 𝜎𝑖(𝑠)𝑖(𝑡)
is the covariance between the levels of 𝑖 measured by the monitors 𝑠
and 𝑡. The 𝑠th element of the diagonal of 𝛴𝑖𝑗 , 𝛴𝑖𝑗 (𝑠, 𝑠) = 𝜎𝑖(𝑠)𝑗(𝑠) , is the
covariance between the levels of 𝑖 and 𝑗 measured by the monitor 𝑠,
while the element 𝛴𝑖𝑗 (𝑠, 𝑡) = 𝜎𝑖(𝑠)𝑗(𝑡) is the covariance between the level
of 𝑖 measured by the monitor 𝑠 and the level of 𝑗 measured by the
monitors 𝑡. Under the hypothesis that the correlation between monitors
decreases with the distance, we assume:
𝜎𝑖(𝑠)𝑗(𝑡) = 𝜌𝑖𝑗𝜎𝑖(𝑠)𝜎𝑗(𝑡)𝑓 (𝑑(𝑠, 𝑡), 𝑘, 𝜓𝑖),
13 
where 𝜌𝑖𝑗 is the correlation coefficient between 𝑖 and 𝑗 when measured
by the same monitor (𝜌𝑖𝑖 = 1), and 𝑓 (𝑑(𝑠, 𝑡), 𝑘, 𝜓𝑖) is a function that
describes how the correlation between values of the same pollutant or
between values of different pollutants measured by different monitors
declines with the distance between monitors, 𝑑(𝑠, 𝑡). In particular, we
assume that the distance declines according to a spatial exponential
model:

𝑓 (𝑑(𝑠, 𝑡), 𝑘, 𝜓) = exp(−(𝑑(𝑠, 𝑡)𝜓𝑖)𝑘),

where 𝜓𝑖 is the parameter that tunes the velocity of decline of the
correlation as the distance increases for the pollutant 𝑖, and 𝑘 ∈ (0, 2]
is the parameter, shared by all pollutant, that controls the amount of
spatial smoothing. We set 𝑘 = 1 and fix 𝜓𝑖 to a value calculated based on
the max and min distances in the region. Notice that 𝑓 (𝑑(𝑠, 𝑡), 𝑘, 𝜓𝑖) = 1
if 𝑠 = 𝑡 and that 𝑓 (𝑑(𝑠, 𝑡), 𝑘, 𝜓 ) tends to 0 for large 𝑑(𝑠, 𝑡).
𝑖



M. Baccini et al.

Fig. B.3. Shrinkage estimates of the age-specific mortality rates (posterior mean and 90% CrI bands) in the 10 health districts belonging to the North-West Local Health Authority
and in the area as a whole for the years 2016–2018, by sex (red lines for females, black lines for males). (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

Fig. B.4. Shrinkage estimates of the age-specific mortality rates (posterior mean and 90% CrI bands) in the 8 health districts belonging to the South-East Local Health Authority
for the years 2016–2018, by sex (red lines for females, black lines for males). (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)

Fig. B.5. Posterior predictive distributions of the number of deaths in 2023, by health district. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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Fig. B.6. Posterior mean and 99% point-wise credibility bands of the age-specific life expectancy for female in Tuscany (2016–2018) (left panel) and posterior predictive distribution
of the Years of Life Lost due to tracheal, bronchus, and lung cancer in Tuscany in 2023, by Local Health Authority (LHA) (right panel).

Fig. B.7. Means (left maps) and coefficients of variation (right maps) of the posterior predictive distributions of PM2.5, PM10 and NO2 average concentrations for the year 2015
by 4 × 4 km cells.
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Fig. B.8. Population size in Tuscany in 2015 by 4 × 4 km cells.
Table B.1
Posterior mean and 90% credibility interval (CrI) of the number of deaths and YLL from tracheal, bronchus, and lung cancer expected in 2023
in Tuscany, by sex and Local Health Authority (LHA) (population in 2013 in the first columns).

Sex Population Deaths YLL

Mean 90% CrI Mean 90% CrI

Center LHA Males 777,338 788 (735;842) 11,714 (10,807;12,658)
Females 827,071 392 (354;430) 5,977 (5,291;6,707)
All 1,604,409 1,180 (1,093;1,269) 17,691 (16,194;19,263)

North-West LHA Males 604,577 626 (578;675) 9,250 (8,442;10,094)
Females 641,753 309 (276;343) 4,855 (4,221;5,528)
All 1,246,330 935 (858;1,013) 14,104 (12,757;15,516)

South-East LHA Males 394,983 379 (343;418) 5,608 (4,977;6,274)
Females 416,259 166 (142;192) 2,661 (2,184;3,176)
All 811,242 546 (487;605) 8,268 (7,242;9,357)

All region Males 1,776,898 1,793 (1,695;1,893) 26,572 (24,913;28,310)
Females 1,885,083 867 (800;936) 13,492 (12,224;14,818)
All 3,661,981 2,660 (2,500;2,824) 40,064 (37,306;42,950)
Table B.2
Mean, 5th and 95th percentiles of the posterior distribution and of the posterior predictive distribution of relative risks of
mortality from tracheal, bronchus, and lung cancer associated with an increase of 5 μg/m3 in the annual average concentration
of PM2.5, and with an increase of 10 μg/m3 in the annual average concentrations of PM10 and NO2, with the corresponding
I2 indices (posterior median and 90% Credibility Interval), arising from Bayesian random-effects meta-analyses.
Air pollutant Relative Risk I2 index

Mean (90% CrI) (predictive 90% CrI) Median (90% CrI)

PM2.5 1.103 (1.037;1.169) (0.930;1.301) 94.0 (85.7;98.2)
PM10 1.090 (1.026;1.166) (0.868;1.370) 76.8 (55.9;90.1)
NO2 1.093 (1.054;1.133) (0.988;1.210) 95.2 (88.5;98.6)
Table B.3
Posterior median and 50% credibility interval (CrI) of the number of deaths and Years of Life Lost (YLL) from tracheal, bronchus, and lung cancer expected in 2023 in Tuscany,
attributable to annual average levels of PM2.5 exceeding the WHO recommended threshold, by Local Health Authority (LHA) and sex. The impact is also reported in terms of
Attributable Fraction (AF), Attributable Community Rate (ACR), and Attributable YLL (AYLL) per 100,000 inhabitants. For the entire region, the impact is computed also setting
the threshold to the minimum annual average concentration in 2015 predicted across the districts.

Sex Threshold AD AF (×100) ACR (×100, 000) AYLL ACRYLL (×100, 000)

Median (90% CrI) Median (50% CrI) Median (50% CrI) Median (50% CrI) Median (50% CrI)

Center Males 5 μg/m3 149 (60;234) 19.0 (7.7;29.7) 19 (8;30) 2,213 (894;3,474) 285 (115;447)
Females 5 μg/m3 75 (30;117) 19.1 (7.7;29.9) 9 (4;14) 1135 (456;1,784) 136 (55;213)

NW Males 5 μg/m3 98 (38;161) 15.7 (6.2;25.8) 16 (6;26) 1448 (566,2,392) 237 (93,392)
Females 5 μg/m3 49 (19;81) 15.8 (6.2;26.1) 8 (3;12) 770 (301;1,264) 118 (46;194)

SE Males 5 μg/m3 35 (9;79) 9.3 (2.3;20.8) 9 (2;20) 523 (128;1,161) 130 (32;290)
Females 5 μg/m3 15 (4;34) 9.4 (2.3;20.8) 4 (1;8) 249 (61;552) 58 (14;130)

All region Males 5 μg/m3 290 (117;473) 16.2 (6.5;26.4) 16 (7;26) 4,287 (1,732;7,017) 240 (97;392)
Females 5 μg/m3 143 (58;232) 16.5 (6.7;26.7) 7 (3;12) 2,207 (891;3,599) 115 (47;188)
Males minimum 179 (68;316) 10.0 (3.8;17.6) 10 (4;18) 2,659 (1,010;4,687) 149 (56;262)
Females minimum 89 (34;156) 10.3 (3.9;18.0) 5 (2;8) 1,378 (527;2,412) 72 (28;126)
16 
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It should be noticed that in our model the correlation coefficient 𝜌𝑖𝑗
does not vary with the monitor. Similarly, the rate of decline of the
correlation does not vary with the air pollutants. If additionally we set
𝜎2𝑖(𝑠) = 𝜎2𝑖 , the following parametrization applies:

𝛴𝑖𝑖 = 𝜎2𝑖 𝛥 𝛴𝑖𝑗 = 𝜌𝑖𝑗𝜎𝑖𝜎𝑗𝛥,

where 𝛥 is a 𝑆×𝑆 distance matrix with elements 𝛿(𝑠, 𝑡) = exp(−(𝑑(𝑠, 𝑡)𝜓𝑖)𝑘

Priors on the hyperparameters and Bayesian inference

We specified the following priors on the model hyper-parameters:

• 𝜉𝜙2 ∼ InvGamma(0.1, 0.1)
• 𝜉2𝑖 ∼ InvGamma(0.1, 0.1) ∀𝑖 ∈ {1, 2, 3}
• 𝛾0𝑖 ∼ N(0, 103) ∀𝑖 ∈ {1, 2, 3}
• 𝛾 (𝑗)𝑖 ∼ 𝑁(0, 1000) ∀𝑖, 𝑗 ∈ {1, 2, 3}
• 𝜎2𝑖 ∼ InvGamma(0.1, 0.1) ∀𝑖 ∈ {1, 2, 3}
• 𝜌𝑖𝑗 ∼ 𝑈 (𝑎, 𝑏) ∀𝑗 > 𝑖 𝑖 ∈ {1, 2, 3}.
We obtained a sample from the joint posterior distribution of the

model parameters via MCMC, by using WinBUGS 1.4 and the R soft-
ware interface R2WinBUGS. Two chains of 100,000 iterations were
generated with a burnin of 50,000 samples. One sample over 5 was
elected, in order to reduce the autocorrelation among samples. Visual

inspection of chains convergence was performed to assess the stability
and reliability of the MCMC simulations, ensuring that the chains had
sufficiently mixed and reached stationarity.

Air pollutants predictions

After reducing the resolution of the LaMMA deterministic model
to a 4 × 4 km grid by averaging the original values of the 2 × 2 km
ells, the joint posterior predictive distribution of the annual average
oncentrations of the three air pollutants at the centroid of each 4 × 4
m cell was derived by using these values as predictors in Eq. (A.3),

and marginalizing over the posterior distribution of the model param-
eters. For each cell and air pollutant, the posterior distribution of the
predicted values has been summarized in terms of mean and coefficient
of variation. Note that reducing the resolution of the predictions was
ecessary for computational reasons, but at the same time produced a
rid consistent with that of the population size (Center for International
arth Science Information Network, 2021), which was subsequently
sed to calculate the weighted average of air pollution levels at health
istrict level.

Appendix B. Supplemental results

See Figs. B.1–B.8 and Tables B.1–B.3

Data availability

Data will be made available on request.
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