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H I G H L I G H T S

• The health outcome and air quality in a
small city were correlated using a novel
spatial approach.

• Lichens (n = 83) served as air-quality
proxies, due to the lack of air-
monitoring stations (n=1).

• The ordinary Kriging (OK) and regres-
sion Kriging (RK) methods were used
to predict exposures.

• OK and RK were used in sequential sim-
ulation to address the spatial uncer-
tainty of exposures.

• RK was a more effective method for
correlating health with air quality in
an urban environment.
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Inmost studies correlating health outcomeswith air pollution, personal exposure assignments are based onmea-
surements collected at air-qualitymonitoring stations not coincidingwith health data locations. In such cases, in-
terpolators are needed to predict air quality in unsampled locations and to assign personal exposures. Moreover,
a measure of the spatial uncertainty of exposures should be incorporated, especially in urban areas where con-
centrations vary at short distances due to changes in land use and pollution intensity. These studies are limited
by the lack of literature comparing exposure uncertainty derived from distinct spatial interpolators.
Here, we addressed these issues with two interpolation methods: regression Kriging (RK) and ordinary Kriging
(OK). These methods were used to generate air-quality simulations with a geostatistical algorithm. For each
method, the geostatistical uncertainty was drawn from generalized linear model (GLM) analysis. We analyzed
the association between air quality and birthweight. Personal health data (n=227) and exposure datawere col-
lected in Sines (Portugal) during 2007–2010. Because air-qualitymonitoring stations in the city do not offer high-
spatial-resolution measurements (n= 1), we used lichen data as an ecological indicator of air quality (n= 83).
We found no significant difference in the fit of GLMs with any of the geostatistical methods. With RK, however,
the models tended to fit better more often and worse less often. Moreover, the geostatistical uncertainty results
showed a marginally higher mean and precision with RK. Combined with lichen data and land-use data of high
spatial resolution, RK is a more effective geostatistical method for relating health outcomes with air quality in
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urban areas. This is particularly important in small cities, which generally do not have expensive air-qualitymon-
itoring stations with high spatial resolution. Further, alternative ways of linking human activities with their en-
vironment are needed to improve human well-being.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Poor air quality is a pertinent public health issue, as the incidence of
adverse health outcomes (such as respiratory diseases and lung cancer)
increases with exposure at different life stages, ranging from prenatal
period to adult life (European Environment Agency, 2013). These
major public health concerns are commonly related to anthropogenic
sources of air pollution such as motor vehicles and industrial facilities,
or to natural sources such as forest fires. These sources are responsible
for emissions of air pollutants such as particulate matter,
benzo(a)pyrene, carbon monoxide, ozone, nitrogen dioxide, and sulfur
dioxide. Developingmodels to assess air pollution exposure in environ-
mental epidemiology studies at the urban scale has been prioritized
(Brunekreef and Holgate, 2002). This is because the majority of the
global population is expected to live in urban areas in the coming de-
cades, as is currently the case three-fourths of the European population
(European Environment Agency, 2012). With the recent advances in
geographic information systems (GIS) and spatial modeling methods,
several air pollution models for assessing individual exposure in envi-
ronmental epidemiology studies at the urban scale have been consid-
ered (Liao et al., 2006; Nuckols et al., 2004).

Proximity models use distance buffers to measure the associations
between health outcomes and sources of air pollution emission, but
this approach is limited by the assumption that individuals within a
given buffer distance of an emission source are equally exposed (Ryan
et al., 2006). Dispersionmodels generally rely on Gaussian plume equa-
tions and incorporate data on meteorology and topography; however,
they need a relatively expensive data input (Jerrett et al., 2005). Land-
use regression employs least square regressions to combine geographic
data collected on air pollution and on predictor variables (e.g., land use,
length of roads, or traffic intensity) spatially distributed in the study
area to construct an air pollution map. This represents a relatively
cheap and practical approach for predicting air pollution exposure in
urban settings. Thus, these maps have been increasingly used in the
past few years for environmental epidemiology studies at the urban
scale (Briggs et al., 2000; de Hoogh et al., 2014). However, land-use re-
gression models fail to provide an uncertainty measure of predictions
throughout the unsampled spatial domain.

The Kriging geostatistical methods (Lee et al., 2012) are interpola-
tion methods that were originally developed for fields such as mining
engineering and other geosciences (Cressie, 1993). These methods can
account for spatial trends and spatial autocorrelation of air pollution
concentrations measured at the available network of sampling sites in
the study area. Themost frequent type of Krigingmodel used in practice
is ordinary Kriging (OK) (Webster and Oliver, 2007), which assumes a
constant trend and a spatially homogeneous variation of air pollution
concentrations. At the national and regional scales, this method has
been used to assess air pollution exposure in environmental epidemiol-
ogy studies (Augusto et al., 2012; Paustenbach, 2010). However, some
authors have reported the limitations of using this interpolator at an
urban, local scale (Aguilera and Sunyer, 2008; Gulliver et al., 2011), as
OK tends to over-smooth air pollution predictions in an environment
expected to abrupt variations in concentrations at short distances. In
urban areas, air pollution concentrations are highly susceptible to
changes in land use over very short distances, whereas OK modeling
only takes into consideration spatial autocorrelation of air pollution
concentrations generally collected from a sparse network of monitoring
stations (O'Leary and Lemke, 2014).

To overcome the limitation imposed by the lack of air-quality mon-
itoring stations, lichen diversity biomonitoring programs can be consid-
ered. Lichens are living symbiotic organisms consisting of fungi and
algae or cyanobacteria, which tend to decline in frequency and diversity
in polluted areas as a physiological response to the long-term cumula-
tive adverse effects of both detected and undetected air pollutants. In
urban areas, lichens have beenmostly used as biomonitors of air quality
(Llop et al., 2012; Paoli et al., 2015), and their associations with human
health have been explored by Cislaghi and Nimis (Cislaghi and Nimis,
1997) and Ribeiro et al. (Ribeiro et al., 2013). However, both studies
were conducted at a regional scale, so the correlations in urban settings
remain unexplored. With an increased sample density provided by a li-
chen diversity biomonitoring network, a more flexible geostatistical ap-
proach can be achieved in urban settings using regression Kriging (RK)
(Hengl et al., 2007). The RKmethod can incorporate predictor variables
(e.g., land use) to model the relationship with air pollution data using
multiple linear regression, while modeling the residual as a stationary
random spatial function (Fortin et al., 2012) to predict air pollution con-
centrations at unsampled locations, using known values of predictors at
those locations. Moreover, although Kriging methods do not provide a
measure of spatial uncertainty (Isaaks and Srivastava, 1989), they can
be used for simulations that provide several maps from which a mea-
sure of spatial uncertainty can be drawn (Waller and Gotway, 2004).

The aim of this study was to evaluate alternative cost-effective and
useful ways of assessing spatial exposure uncertainty with high-
resolution mapping of air quality using a relevant ecological indicator,
to measure associations with the health outcome birth weight. Birth
weight is usually used as a proxy for infant mortality or morbidity
(Kramer, 2003); it has been comprehensively used to measure associa-
tions with air pollution. In Europe, the impact of air pollution on birth
weight tends to be weak, as the exposure levels are generally below
the standards set by national environmental agencies to prevent ad-
verse health effects in the population (Dockery, 1993). Nevertheless,
some recent studies (Pedersen et al., 2013; Winckelmans et al., 2015)
analyzing the exposure of pregnant women to air pollutants have re-
vealed such impacts on birth weight. Environmental and individual
health data used in this study were collected in Sines (Portugal) under
the Gestão Integrada da Saúde e Ambiente project (GISA project) devel-
oped during 2007–2010, to measure the associations between air qual-
ity and birth weight in amuch broader area. To overcome the limitation
imposed by the low spatial resolution of air-quality data in the city (only
one air-quality monitoring station is located within the city limits), we
used a sampling network of lichens (n = 83) as ecological indicators
of air quality. To predict air quality in unsampled locations, we used
OK and RK models. To incorporate variations in concentrations at very
short distances, we included land-use data, to be used with the RK
model. We also incorporated a measure of spatial uncertainty of pre-
dicted exposures with a geostatistical simulation algorithm (Sequential
Gaussian Simulation (Deutsch and Journel, 1998)). To compare the in-
terpolation results of the two geostatistical methods, we measured the
mean error (ME) and root mean square error (RMSE). For both
methods, the uncertainty of exposure was drawn from generalized lin-
earmodels (GLM) fitted to data controlling the effect of other health co-
variates known to be associated with variations in birth weight.
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