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ABSTRACT: Spatiotemporally resolved particulate matter
(PM) estimates are essential for reconstructing long and
short-term exposures in epidemiological research. Improved
estimates of PM2.5 and PM10 concentrations were produced
over Italy for 2013−2015 using satellite remote-sensing data
and an ensemble modeling approach. The following modeling
stages were used: (1) missing values of the satellite-based
aerosol optical depth (AOD) product were imputed using a
spatiotemporal land-use random-forest (RF) model incorporating AOD data from atmospheric ensemble models; (2)
daily PM estimations were produced using four modeling
approaches: linear mixed eﬀects, RF, extreme gradient
boosting, and a chemical transport model, the ﬂexible air
quality regional model. The ﬁlled-in MAIAC AOD together with additional spatial and temporal predictors were used as inputs
in the three ﬁrst models; (3) a geographically weighted generalized additive model (GAM) ensemble model was used to fuse
the estimations from the four models by allowing the weights of each model to vary over space and time. The GAM ensemble
model outperformed the four separate models, decreasing the cross-validated root mean squared error by 1−42%, depending on
the model. The spatiotemporally resolved PM estimations produced by the suggested model can be applied in future
epidemiological studies across Italy.

1. INTRODUCTION
Particulate matter (PM) concentrations are regularly monitored worldwide inter alia because of associations that were
found between long-term and short-term exposures to PM and
adverse health eﬀects. PM was ranked as the sixth leading
cause of death in the Global Burden of Diseases study.1
Assessing exposure to PM concentrations measured at
monitoring stations that are spread sparsely and mainly in
urban areas presents a limitation for health studies, especially
for considering the exposure of rural and suburban
populations. During the last years, diﬀerent models have
been developed to allow spatially and temporally continuous
© 2019 American Chemical Society

air pollution estimations, thus extending beyond the limited
network of air pollution monitors. Satellite-based aerosol
optical depth (AOD) products have been used in many recent
studies as a predictor of PM,2 as AOD constitutes a real
physical measurement of the amount of light absorbed or
scattered by suspended particles along the vertical atmospheric
column. A mixed eﬀects modeling approach was used to
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estimate PM3−8 because of its ability to allow the relationship
between PM and AOD to vary from day to day and produce
accurate estimates of PM in diﬀerent regions. These studies
had to address AOD data not being spatially and temporally
continuous because of various reasons such as cloud coverage,
water/snow glint reﬂectance, and satellite calibration. For
instance, the percent of missing data might range between ∼65
and 85% over Italy,3 depending on the season and the
geographic location. This issue led to the development of
diﬀerent interpolation and smoothing approaches to account
for the missing data.4−8 A recent study by Stafoggia et al.
(2019) presented a novel approach for imputing missing AOD
data over Italy from the Multiangle Implementation of
Atmospheric Correction (MAIAC) algorithm by applying a
random-forest (RF) model that uses modeled AOD estimates
from atmospheric ensemble models as a predictor. The
imputed MAIAC AOD estimation from this approach can be
used as a predictor in any chosen modeling approach, allowing
spatially and temporally continuous PM estimation.
Another modeling approach includes chemical transport
models (CTMs) that have proved to be capable to reproduce
atmospheric pollution phenomena and their reliability has
been demonstrated by several single and multimodel
evaluation studies. Nevertheless, there are many sources of
uncertainty in their use for operational applications:9,10 in
emission data, in meteorological predictions, and an incomplete representation of the physical/chemical mechanisms that
determine pollutant concentrations. These uncertainties can
determine model errors11,12 and consequently failures in air
quality predictions. Moreover, CTMs have space resolution
limitations that do not permit reproduction of subgrid-scale
features that can determine hot-spot concentrations. For these
reasons, CTM concentration estimations can be compared
positively with rural and urban background air quality stations,
whereas concentrations measured at traﬃc stations and in
small towns can hardly be reconstructed. To overcome the
above model limitations and uncertainties, diﬀerent solutions
were adopted like data fusion, assimilation techniques, or
ensemble modeling.13,14
Recently, more studies in the ﬁeld of air pollution
modeling3,15−19 have applied ensemble models because of
their ability to incorporate predictions from multiple base
learners, which allows combining their predictive power and
create a ﬁnal prediction that outperforms the predictions from
each base learner. Stafoggia et al. (2019) used an RF approach
to produce spatially and temporally continuous PM2.5 and
PM10 predictions using the ﬁlled in AOD and additional
spatiotemporal predictors, showing promising results that add
to recent studies16,20−23 that presented the advantage of
ensemble machine learning for air pollution modeling.
Previous air pollution modeling studies usually applied a single
modeling approach throughout the diﬀerent stages, such as
mixed eﬀects modeling,4−8 machine learning ensemble
model,3,20 or explored the performance of several models
using eventually the one that performed the best.17 The
novelty of this research is the use of PM estimations from
multiple diﬀerent modeling approaches (called learners) in one
ensemble model that accounts for geographical variation in the
performance of these models, for the ﬁrst time in Italy. The
underlying assumption of this research is that each modeling
approach has its merits and limitations, and an ensemble
model that incorporates the PM predictions from a
heterogeneous set of base learners generated from diﬀerent

modeling approaches is beneﬁcial. The ensemble model used
in this research applied a geographically weighted generalized
additive model (GAM) to produce PM 10 and PM 2.5
concentration estimates. In contrast to the standard approach
for ensemble averaging, which uses a linear regression to
estimate ﬁxed weights for each learner, the GAM approach that
was used here allows the weights for each learner to vary
spatially, and also by concentration. For example, one learner
may ﬁt better at high PM concentrations and another at low
concentrations. Or one learner may ﬁt better in one region of
Italy, and another in a diﬀerent region. Italy is characterized by
complex conditions for air pollution modeling because of its
diverse geo-climatic zones and the complex mixture of
anthropogenic and natural sources of air pollution. Therefore,
the ensemble approach can be suitable for such areas, where
the diﬀerent models might have diﬀerent performances
throughout space and time. The primary objective of this
research is to improve the estimation of daily concentrations of
PM10 and PM2.5 over Italy for the years 2013−2015 using a
geographically weighted GAM ensemble model that incorporates the predictions from a unique combination of models
[linear mixed eﬀects model (LMM), machine-learning models,
and CTM].
The study has been conducted within the project BEEP,
“Big Data in Environmental and Occupational Epidemiology”,
funded by the National Institute for Insurance of Work-related
Injuries (INAIL) and aimed at developing large-scale
spatiotemporal estimates of environmental exposures for the
evaluation of the short-term eﬀects of air pollution and extreme
temperatures on mortality and hospitalizations in Italy.

2. MATERIALS AND METHODS
2.1. Study Domain. Italy is a boot-shaped peninsula
located in southern Europe with a total area is 307 635 km2
(Figure S1). It is characterized by diverse geoclimatic areas,
with two major mountain ranges (Alps and Apennines), one
large plain (the Po valley), a long coastal line, and many
medium-sized urban areas (46 municipalities above 100,000
inhabitants, 99 between 50,000 and 100,000, 165 between
30,000 and 50,000). Big metropolitan areas are also located
along the territory with a population of over 500,000
inhabitants. Its wide variety of landscapes and climatic zones
combined with a complex mixture of anthropogenic and
natural sources of air pollution aﬀect air quality diﬀerently
across space (north to south, on the mountains vs coastal
areas) and over seasons. Italy is aﬀected by high concentrations
of PM, particularly in the Po valley and in the main
metropolitan areas, where concentrations often exceed the
EU legal limit of PM10.
2.2. Data. 2.2.1. PM10 and PM2.5 Monitoring Data. Daily
(24 h mean) PM2.5 and PM10 concentrations were obtained
from the Italian Institute for Environmental Protection and
Research (ISPRA). As there were considerably fewer PM2.5
monitors before 2013, in this study the period 2013−2015 was
considered, during which data were available from:
• * 198, 221, and 229 monitoring stations measuring
PM2.5 and PM10, respectively, for the years 2013, 2014,
and 2015;
• * 308, 298, and 295 monitoring stations measuring only
PM10, respectively, for the years 2013, 2014, and 2015.
2.2.2. AOD Data. AOD is a measure of the extinction of the
solar beam by aerosol particles; it is a dimensionless number
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years. Predictions on testing monitors were unbiased with
intercepts close to 0 and slopes close to 1.
Satellite-based AOD data are often missing because of
cloudiness and other limitations. MAIAC AOD were ﬁlled
using a spatiotemporal land-use RF model based on modeled
AOD data from the Copernicus Atmosphere Monitoring
Service (CAMS), available from the European Centre for
Medium-Range Weather Forecasts (ECMWF).28 A separate
model was applied for each year considering daily 1 km2
MAIAC AOD as the target variable and the following as
predictors: co-located multiband 3 h AOD estimates from
CAMS, day of the year, and geographical coordinates. After
ﬁtting the RF model on locations where MAIAC AOD data are
available, the same model was used to estimate MAIAC AOD
at locations where satellite observations were absent, thus
producing a continuous spatiotemporal surface of MAIAC
AOD. The performance at this stage was very good with low
variability between the years, cross-validated R2 close to 0.95,
low RMSE (0.02−0.03), an intercept of 0 and a slope very
close to 1. The ﬁlled-in MAIAC AOD data alongside
additional spatial and temporal predictors are used as inputs
in three models (RF, XGBoost, and LMM) applied in this
study, allowing spatially and temporally continuous estimation
of PM on the next stage. A detailed description of PM2.5 and
the MAIAC AOD imputation process can be found in
Stafoggia et al. (2019).
2.5. Stage 2: Estimating PM Using Diﬀerent Models.
2.5.1. Linear Mixed Eﬀects Model. The LMM calibrates the
AOD grid-level observations to the PM2.5 or PM10 air quality
monitoring stations using all daily observations with the closest
available AOD value within 1 km during the study period,
while adjusting for spatial and temporal predictors. Speciﬁcally,
the following LMM (calibration stage) is used:

that is related to the amount of aerosol in the vertical column
of atmosphere over a given location and is therefore useful to
estimate PM concentrations. The AOD product calculated by
the MAIAC algorithm24 based on collection 6 MODIS Aqua
L1B data were downloaded for the period of research (2013−
2015). This product was chosen because of its spatial
resolution (1 km), temporal resolution (daily), long time
coverage (2003−present for Aqua), and improved retrieval
accuracy.25 AOD observations were pre-processed to ﬁlter
unreliable data as detailed in Stafoggia et al. (2017).
2.2.3. Spatial and Spatiotemporal Predictors. Various
spatial and spatiotemporal predictors were computed for each
1 × 1 km2 grid cell: (1) spatial predictors: geo-climatic zones,
administrative regions, resident population, pollutants’ emission data, mean elevation, impervious surface area, light at
night data, land cover data, road density data, and distance
from the closest road, airports, ports, sea, lakes; (2)
spatiotemporal predictors: meteorological predictors (daily
mean air temperature, sea-level barometric pressure, precipitations, relative humidity, wind speed, wind direction, and
planetary boundary layer (PBL) height), normalized diﬀerence
vegetation index (NDVI) at monthly temporal resolution,
desert dust advection days,26 and emission estimates (PM10,
PM25, and NOx) from traﬃc and heating. For a detailed
description of these predictors, see Table S1.
2.3. Statistical Methods. An ensemble model, based on
the combination of PM2.5 estimations provided by diﬀerent
modeling approaches, has been developed to exploit the
advantages of each model and to construct a ﬁnal
spatiotemporally resolved model, which will potentially
outperform the individual models’ results. The following
three stages (Figure S2) have been used to develop the
ensemble model: (1) increasing the observational PM2.5
network and ﬁlling missing MAIAC AOD data; (2) estimating
PM concentration using four models: LMM, RF, extreme
gradient boosting (XGBoost), and the Italian CTM, namely
the ﬂexible air quality regional model (FARM); (3) ﬁtting a
GAM ensemble model based on the cross-validated PM
estimations from the four models and producing spatiotemporally continuous estimations of PM for whole Italy. The
framework for PM10 is similar except that the measured values
are used as inputs for stage 2. All statistical analyses have been
performed with the R statistical software, version 3.4.4.27
2.4. Stage 1: Data ImputationIncreasing the
Observational PM2.5 Network and Filling of Missing
AOD Data. Two imputed data-sets from a previous work by
Stafoggia et al. (2019) were used in this study: PM2.5
concentrations (in PM10 monitoring sites) and MAIAC AOD
across Italy. Because of the limited spread of PM2.5 monitors
across Italy, an RF model has been used to estimate daily mean
PM2.5 concentrations at locations where only PM10 measurements were available. A separate model was applied for each
year where daily PM2.5 concentrations were the target variable,
and co-located PM10 concentrations were the main predictor.
Additional predictors were monitoring location (traﬃc,
industrial, or background), month, day of the week, and
geographical coordinates. After ﬁtting the model on monitors
where both PM10 and PM2.5 measurements were available,
PM2.5 concentrations were estimated at locations where only
PM10 concentrations were measured, thus increasing the
observational PM2.5 network. This stage of the model
performed well with a cross-validated R2 of 0.87−0.90 and
root mean squared error (RMSE) of 4.24−4.7 for the diﬀerent

11

PMij = (α + uj) + (β1 + vj)AODij +

∑ γ1mX1mi
m=1

10

+

∑ γ2mX 2mij + εij
m=1

(1)

where PMij is the measured PM10 or PM2.5 concentration at
site i on day j; α and uj are the ﬁxed and random (day-speciﬁc)
intercepts, respectively; AODij is the AOD value at the grid cell
corresponding to site i on day j; and β1 and vj are the ﬁxed and
day-speciﬁc random slopes, respectively. X1mi is the value of the
m-th spatial predictor at site i (i.e., elevation, light at night,
population density, percent of certain land cover type, road
density, total emissions, distance from water bodies, from
airports, and from points emissions), and γ1m is the
corresponding ﬁxed-eﬀects slope of the m-th spatial predictor.
X2mij is the value of the m-th spatiotemporal predictor at site i,
on day j (i.e., daily mean air temperature, sea-level, barometric
pressure, precipitation, relative humidity, wind speed, wind
direction, PBL height, NDVI, traﬃc- or heating-related
emissions, dust classiﬁcation) and γ2m is the corresponding
ﬁxed-eﬀects slope of the m-th spatiotemporal predictor.
2.5.2. Machine-Learning Ensemble Models (RF and
XGBoost). RF29 and XGBoost30 are examples of ensemble
learning methods that train multiple decision trees for one
dataset and construct an ensemble of those trees using
diﬀerent approaches. The randomness in the RF is reﬂected in
the fact that each tree is built using a bootstrap sample of the
data, and each node of the tree is split according to the best of
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a subset of randomly chosen predictors.31 After training the
desirable number of trees, an average of their outputs is used to
get a ﬁnal RF ensemble prediction. XGBoost implements the
gradient boosting decision tree algorithm. As opposed to RF,
where trees are independent, in XGBoost the individual trees
are dependent because each tree focuses its learning on what
has not been well modeled by the previous tree, as each new
tree is created to predict the residuals or errors of prior trees
and then added together to make the ﬁnal prediction. RF is
relatively simple to use with only three hyper-parameters
available for tuning compared to XGBoost, which has
additional tuning parameters related to regularization to
avoid overﬁtting of the boosted model. The ﬁrst stage of the
ensemble learning methods is the so-called hyper parameter
tuning (see the Supporting Information for further details).
The second stage of this modeling approach is to ﬁt a model
using the chosen hyper-parameters and the various spatial and
temporal predictors. The “Ranger” package32 was used to ﬁt
the RF model, and the “Caret”33 package was used for the
XGBoost model.
2.5.3. CTM FARM. A modeling system based on the CTM
FARM13 and on meteorology, emission, and boundarycondition modules has been used to perform high spatial
resolution (5 × 5 km) simulations over Italy of PM for a 3 year
period (2013−2015). This modeling system accounts for the
main processes involved in air quality, such as emission,
dispersion, transformation, and deposition. Conversely to the
above-described models, it adopts a deterministic approach to
estimate ground PM concentrations. Detailed descriptions of
this model and its inputs34−36are available in the Supporting
Information. The capability of the system to capture the
spatiotemporal distribution of PM10 and PM2.5 has been
assessed through a comparison with monitoring network data
(see Figure S4 for further details). The PM estimations from
the FARM model were averaged in each grid cell over 24 h and
downscaled to the 1 km AOD grid using the estimation from
the closest grid. Additional details of this model are available in
the Supporting Information.
2.6. Stage 3: GAM Ensemble Model. The geographically
weighted GAM ensemble model aims to produce an improved
PM estimation compared to the estimations from each base
learner (LMM\ RF\XGBoost\FARM). This model uses the
cross-validated PM estimations (i.e., at held out monitoring
sites) from the other models as predictors. The cross-validated
estimations are used, as opposed to estimations in the training
data, because they better approximate the predictive performance of the models in locations without data. The ensemble
stage is applied using GAM, which is suitable for cases where it
is desired to predict from complex, nonlinear, and possibly
interacting relationships. This approach allows ﬂexibility in the
weights that vary through space for each model and assigning
higher weights to a model that performs better for certain
locations. The model is based on the following relationship

RF, XGBoost, predFARM is the PM estimation from the FARM
model at monitor i and on day j, and εij is the error of the
model.
The GAM ensemble model uses the PM estimations from
the four models as predictors. Therefore, ﬁrst, PM estimations
are produced from these models for all the locations and days
using the models ﬁtted in stage 2 (Sections 2.5.1−2.5.3). The
GAM model that is ﬁtted in this stage is used for the ﬁnal PM
estimation over all Italy.
2.7. Model Performance Evaluation. The model
performance process was based on cross-validation (CV) by
monitors, for example, splitting of the monitors into training
and testing groups, with model evaluation done in the testing
only. As our modeling procedure entailed the ﬁtting of
individual learners ﬁrst, and the implementation of an
ensemble model afterward, our CV scheme was designed to
make sure data were not overﬁtted in any of these phases.
Speciﬁcally, the monitoring database was divided into 10
random groups of monitors. The process of CV is based on
two substages (Figure S5):
(1) This substage creates an out-of-sample prediction of the
three models (LMM, RF, and XGBoost). At each
iteration, the three models are trained on 80% of the
monitors and estimate PM for a separate test dataset,
which is another group of random 10% of the monitors.
The remaining 10% of the monitors (validation dataset)
is kept aside for later evaluation of the GAM model.
(2) At each iteration in this substage, the GAM ensemble
model is trained while using the out-of-sample
estimations of PM from the diﬀerent learners (which
are created in stage 1 of the CV). Then, it predicts for
the 10% validation set that was kept aside during stage 1.
This ensures that the GAM model is trained on unbiased
PM estimations and predicts for a dataset that was not
used during the training of the other learners, thus
simulating the prediction process in places with no
monitoring stations. The other learners are also trained
using the same training data (90% of the monitors) and
predicts for the validation set. The process is repeated 10
times until there is complete PM estimation for all the
monitors. After aggregating the entire out-of-sample
estimation of PM from a certain model, these
estimations were compared to the actual measurements
in the monitors and the following performance measures
were computed:
* Coeﬃcient of determination (R2): the observed and
predicted PM values were regressed and the percent of
explained variance was computed;
* RMSE: the square root of the mean quadratic
diﬀerences between observed and predicted PM values.
It is a summary measure of the prediction error, and it is
on the same scale as the measured observation (PM, μg/
m3);

GAM(PM)ij = s(X , Y , by = predLMM)ij + s
(X , Y , by = predRF)ij + s(X , Y , by = predXGBoost)ij
+ s(X , Y , by = predFARM)ij + εij

* Slope: the coeﬃcient from the linear regression
between PM observed and PM predicted. It represents
the multiplicative bias;

(2)

where PMij is the PM concentration on monitor i and in day j,
X and Y are the universal transverse mercator (UTM)
coordinates of each monitor i, whereas predLMM, predRF,
predXGBoost are the cross-validated estimations from the LMM,

* Intercept: the intercept from the linear regression
between PM observed and PM predicted. It represents
the additive bias in the model.
123

DOI: 10.1021/acs.est.9b04279
Environ. Sci. Technol. 2020, 54, 120−128

Article

Environmental Science & Technology

Figure 1. Variability in cross-validated RMSE of the three models across the nine climatic zones. The mean and sd of PM2.5 concentrations are
detailed for each zone.

Table 1. Performance Measures of the Diﬀerent Models for 2013−2015a
PM2.5

PM10

year

measure

GAM

XGBoost

RF

LMM

FARM

GAM

XGBoost

RF

LMM

FARM

2013

R2
RMSE
intercept
slope
R2
RMSE
intercept
slope
R2
RMSE
intercept
slope

0.79
6.56
0.13
0.99
0.79
5.29
0.18
0.99
0.81
6.34
0.47
0.99

0.78
6.66
−0.91
1.04
0.79
5.34
−0.8
1.04
0.8
6.46
−0.7
1.03

0.77
6.84
−1.49
1.07
0.77
5.49
−1.33
1.07
0.79
6.62
−1.53
1.07

0.71
7.73
−1.05
1.06
0.71
6.18
−0.84
1.04
0.72
7.67
0.06
1.06

0.44
10.67
7.32
0.76
0.36
9.21
7.73
0.64
0.48
10.42
8.61
0.72

0.73
9.42
0.25
0.99
0.74
8.54
0.59
0.98
0.76
8.95
0.62
0.98

0.71
9.73
−0.48
1.01
0.74
8.66
−0.66
1.02
0.75
9.07
−0.39
1.01

0.7
9.91
−3.14
1.1
0.73
8.74
−2.56
1.08
0.74
9.32
−2.2
1.07

0.65
10.74
−0.73
1.05
0.68
9.6
0.03
1.01
0.69
10.21
−0.62
1.04

0.36
14.56
13.57
0.82
0.24
14.72
14.48
0.7
0.42
13.9
15.03
0.79

2014

2015

a

The results for RF, XGBoost, and linear mixed model (LMM) are cross-validated, whereas those for the FARM model are not.

3. RESULTS AND DISCUSSION
The descriptive statistics of the PM10 and PM2.5 concentrations
as measured by monitors and the imputed PM2.5 from stage 1
are presented in Table S2. Observed mean concentrations
across Italy are between 24 and 27 μg/m3 for PM10 and 16−18
μg/m3 for PM2.5. The imputed PM2.5 concentrations show
similar descriptive statistics and these are the actual values that
are used as inputs in the following stages of the model.
To strengthen the hypothesis that the performance of the
diﬀerent models might vary across space and an ensemble
model is beneﬁcial, the CV performance of three modeling
approaches was compared for PM2.5 in the nine diﬀerent geoclimatic zones for the year 2015. Figure 1 shows the variability
in CV rmse of the LMM, the RF, and the XGBoost across the
geo-climatic zones, and the mean and standard deviation (sd)
of measured PM2.5 concentrations for each zone. The spread of
PM2.5 monitors within the geo-climatic zones can be found in
Figure S6. The varying performance of each model for the
diﬀerent geo-climatic areas across Italy supports the use of the
GAM for the ensemble model that provides diﬀerent weights
to the estimations from these models smoothly across space.
The spatial variation in the eﬀect of diﬀerent learners on PM2.5
concentrations within the GAM ensemble model is presented
in Figure S7 (from left to right), supporting the idea that
varying levels of the four learners eﬀect diﬀerently across space.
The CV performance of the diﬀerent models is summarized
in Table 1. The range of CV R2 results for the GAM ensemble
model was 0.73−0.76 for PM10 and 0.79−0.81 for PM2.5. In all

years, the ensemble model showed the best performance or at
least very similar to the XGBoost model, which performed the
best among the diﬀerent base learners in some years, with
highest R2, lowest rmse, an intercept that is closest to 0 and
slope that is closest to 1, indicating a minimum bias of this
model. The errors of the ensemble model are within a
reasonable range in comparison to the measured PM values,
with 50% of the model residuals ranging between −14 and
25% (percent out of the measured PM10 values), and between
−7 and 62% in the case of PM2.5 (Figure S8 and Table S3).
Moreover, the ensemble model shows an improved CV
performance in comparison to the previous models in Italy
that applied mixed eﬀects modeling4 or spatiotemporal landuse RF model.3 The FARM model showed the worst
performance, followed by the LMM, the RF, and the XGBoost.
Table S4 divides the performance by monitor type (traﬃc,
industrial, background) showing that in most cases and in all
types of monitors, the ensemble performs better than the single
learners with lowest RMSE and highest R2. This implies that
this modeling approach is preferable through diverse areas
where the PM is originated from diﬀerent pollution sources
and has diﬀerent chemical characteristics. These ﬁndings are in
line with the research assumption that ensemble learners might
have an advantage over other models because of their ability to
incorporate multiple predictions from diﬀerent learners. The
results presented here add up to a growing body of literature in
the ﬁeld of air pollution modeling, showing that ensemble
modeling is a strong tool that allows high predictive power.
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Other studies3,15−17 that implemented ensemble models
showed similar ﬁndings that strengthen the power of these
models to improve air pollution modeling. Several recent
studies3,20,37 applied machine-learning ensemble models (RF)
to predict PM concentration over diﬀerent regions (Italy,
China, and the US), showing high performance and an
advantage over the often used parametric regression models. A
study carried out in the Southeastern US by Murray et al.
(2018) showed that for estimating daily PM2.5 a Bayesian
ensemble approach outperformed other statistical downscalers
that use either AOD or CTM. Their ensemble approach
performs data fusion of multiple sources of information
(CTMs simulation or satellite AOD) to predict PM2.5
concentrations with complete spatiotemporal coverage. Diﬀerently from previous studies that use one or few modeling
approaches, the strength of the GAM ensemble methodology is
its ability to combine estimations from several diﬀerent
modeling approaches while accounting for geographical
diﬀerences in the performance of these models.
The FARM model is not a data-driven model, but a
deterministic model based on a priori equations accounting for
the transport, dispersion, chemical conversion, and deposition
of atmospheric pollutants. Therefore, it is expected that it will
show a diﬀerent performance compared to the other models.
Because of the lowest performance of the FARM model, a
sensitivity test was carried out for the ensemble model for year
2015 to explore if it is beneﬁcial to include the predictions
provided by this model as a base learner in the ensemble. The
CV results of this analysis are summarized in Table 2. This

concentration in these major metropolitan areas and their
surrounding industrial areas. More detailed maps of these areas
can be found in Figures S10 and S11.
Figure 3 shows the spatial pattern of the ﬁve models used in
this study. The three data-driven models (GAM, XGBoost, RF,
and LMM) show generally a similar pattern. RF and XGBoost
show very similar results, compared to LMM, which shows in
some area, lower PM estimations (Sicily, Sardinia, and over
major mountain ranges). The spatial pattern of the FARM
model is the most exceptional, showing high values of PM
focused in the main metropolitan areas and considerably less
variability in PM values through all other regions in
comparison to the other models. Such a diﬀerent pattern is
expected given its lowest performance and because of the
uncertainties in input data (mainly emission data) and in the
model assumptions and the adopted spatial resolution (5 km).
The GAM ensemble incorporates the PM estimations from the
three models (LMM, RF, and XGBoost) and its map shows
how in some areas there is distinct integration between the
spatial patterns of LMM and the two ensemble models (RF
and XGBoost).
Although the proposed GAM ensemble model showed
promising results and outperformed other learners, there are
some limitations that should be considered. First, in this study
daily mean PM concentrations are estimated, whereas the
MAIAC AOD product that is used as one of the main
predictors is derived from Aqua satellite that is characterized
by sun-synchronous orbit, meaning that measurements are
taken at a speciﬁc time of the day (afternoon overpass).
Deriving AOD products from a geostationary satellite
platforms, which image the same area all the time, allows
high spatial temporal resolution, with daytime availability of up
to every 15 min (i.e., the SEVIRI sensor onboard the Meteosat
satellite). Such products allow estimation of the daytime mean
AOD, which potentially might be a better predictor of daily
(24 h) mean PM. Second, the clustered spread of PM
monitors, mainly in proximity to populated areas means that
the model is trained and tested mainly on measurements taken
from urban areas with speciﬁc air pollution characteristics and
that remote rural areas are under-represented (Figure S9). This
limitation is marginally relevant for most epidemiological
studies that use data from populated areas. For other
implementations, a possible solution might be integration of
measurements from low-cost PM monitors and sensors that
will increase their spread to remote areas.
The presented approach has also many strengths. By the
integration of the diﬀerent models whose performance might
vary across space, the ensemble model exploits the advantages
of each model by allowing the weights of each model to vary
over space and time and constructs a more reliable
spatiotemporal PM estimation which outperforms the
individual models’ results. With respect to deterministic
models (e.g., the FARM model), which are widely used to
assess air quality impacts at diﬀerent spatial scales (from
continental to urban), the individual machine-learning
techniques and their ensemble approach have demonstrated,
when properly fed with spatiotemporal data, to better perform
in assessing air quality, particularly in areas where the
uncertainties in emissions are high as in rural areas. The
GAM ensemble model can be used to improve the accuracy of
air pollution models, and the estimations from such models
can be applied conﬁdently to study the association with health
outcomes.

Table 2. Analyzing the GAM Ensemble Model Performance
for the Year 2015 Depending on the Inclusion of the FARM
Model
PM2.5

R2
RMSE
intercept
slope

PM10

GAM with
FARM

GAM without
FARM

GAM with
FARM

GAM without
FARM

0.81
6.31
0.49
0.99

0.81
6.31
0.49
0.99

0.76
8.98
0.8
0.97

0.76
8.95
0.62
0.98

exploration shows that for PM2.5, the results of the ensemble
model with and without the FARM are identical, meaning that
the GAM model provides very low weights to this model.
Figure S7 presents the low eﬀect of the FARM estimations on
PM2.5 concentrations in comparison to other models. As for
PM10, there is a slight diﬀerence in RMSE, slope, and intercept,
which indicates that it is better to exclude the FARM
prediction from the ensemble.
The spatial patterns of the GAM ensemble model for the 3
years of modeling are presented in Figure 2. The general
spatial pattern is similar between the 3 years, showing the
highest concentrations of PM10 around the Po valley in the
northern part, and within the major cities of Rome, Milan,
Naples, and Turin, with the highest values encountered during
2015 in these locations. The mean annual PM2.5 concentrations show also the highest values around the Po valley and
in the city of Rome, as well as around Frosinone in proximity
to the Sacco river valley, with the highest values identiﬁed in
2013. These spatial patterns are similar to those derived from
model estimations developed by Stafoggia et al., (2019, 2017)
using LMM and RF models, showing the highest values of PM
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Figure 2. Mean concentrations (μg/m3) of PM10 (upper panel) and PM2.5 (lower panel) estimated by the GAM ensemble model for years 2013−
2015.

Figure 3. Maps of mean concentrations (μg/m3) of PM10 (upper panel) and PM2.5 (lower panel) for the year 2015 for the ﬁve diﬀerent models.
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