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Abstract
Background: The hypotheses we intended to contrast was, first, that the most
deprived neighbourhoods in Barcelona, Spain, present high exposure to
environmental hazards (differential exposure) and, secondly, that the health
effects of this greater exposure were higher in the most deprived
neighbourhoods (differential susceptibility).
Methods: We used a small area spatio-temporal ecological design. The
population studied corresponded to the individuals residing in the
neighbourhoods of Barcelona in the period 2007-2014. As response variables,
we considered total male and female mortality by neighbourhood. As
explanatory variables, we included variables related to environmental hazards
(air pollutants, environmental noise levels and land use variables) and
socioeconomic indicators. We specified the association between the relative
risk of death and the explanatory variables by means of spatio-temporal
ecological regressions, formulated as a generalized linear mixed model with
Poisson responses. We explicitly controlled for the problem of spatial
‘misalignment’ and performed a spatio-temporal adjustment.
Results: There was a differential exposure, which was higher in the most
deprived neighbourhoods in almost all the air pollutants considered, when taken
individually. The exposure was higher in the most affluent in the cases of
environmental noises, 10 micrometres diameter particulate matter (PM10) and
carbon monoxide (CO). Nevertheless, for both men and women, the risk of
dying due to environmental hazards in a very affluent neighbourhood is about
30% lower than in a very depressed neighbourhood.
Conclusion: The effect of environmental hazards was more harmful to the
residents of Barcelona’s most deprived neighbourhoods. This increased
susceptibility cannot be attributed to a single problem but rather to a set of
environmental hazards that, overall, a neighbourhood may present. On the
contrary, we would not venture to state that we have found a differential
exposure to environmental problems, at least taken individually.

Key words: exposure differential; susceptibility differential;
regression; spatial misalignment; spatio-temporal adjustment
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1.- Background
Today, there is abundant evidence that health inequalities exist[1]. Despite this
having already been established in the seminal Black Report[2], it was the
Acheson Report (Independent Inquiry into Inequalities in Health) that firmly
concluded that there is scientific evidence of health inequalities having a
socioeconomic explanation[3]. Nowadays, twenty years later, those relationships
have mostly been proven[1,4-6], with a not insignificant proportion of them being
caused by environmental problems[7]. These factors are usually, although not
uniquely, linked to socioeconomic conditions[7-12].
In general, environmental conditions can contribute to socioeconomic
inequalities in health in two ways i.e. independently or, more likely,
together[9,13,7,12]. The first is differential exposure: the most economically
disadvantaged groups present high exposure to environmental hazards,
including, but not limited to, air pollution, while the second is differential
susceptibility to exposure: having the major adverse health effects, resulting
from environmental problems, among the most economically disadvantaged
individuals, due to their greater vulnerability.
In this article, we are interested in assessing how both concepts lead to the
breach in the principle of environmental equity. We search for the exposure and
the susceptibility differentials in health that result from the environmental
hazards in the city of Barcelona, Spain, during 2007-2014. We adopt an
ecological perspective[1]), following the conventional approach to spatial
epidemiology. We use the neighbourhoods of Barcelona as our units of
analysis. While the ultimate reason for this decision was the non-availability of
data at the individual level, we proceeded with this approach because of the
existing broad consensus that not only are the variables at the individual level,
but also the area of residence of the individual is the actual socioeconomic
determinant of their health[14-16]. Thus, the hypotheses we intend to contrast is,
first, that the most deprived neighbourhoods in the city present high exposure to
environmental hazards (differential exposure) and, secondly, that the health
effects of this greater exposure are higher in the most deprived neighbourhoods
(differential susceptibility).
The health effects that we focus on are total mortality rates, stratified by gender.
We considered not only air pollution as an environmental problem, but also
environmental noise. For instance, in a large city, the single consequence of
traffic is not air pollution, as traffic also contributes to 80% of the city’s
environmental noise[17]. Although some authors question whether it is air
pollution, and not noise, which is associated with adverse health effects[18-20],
several studies have shown an independent association for both air pollution
and environmental noise on adverse health events[21-23].
The existing literature, mainly from North America and Europe, shows mostly,
but not unanimously[7,24-26], that the poorest individuals are more exposed to
environmental problems, especially to higher levels of air pollution. As regards
to environmental noise, and despite less scientific evidence here, the existence
of differential exposure, higher for economically disadvantaged individuals, has
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been demonstrated by some new papers[26-29]. Others, however, find that it is
not the poor but the intermediate groups (neither very rich nor very poor), who
are exposed to such traffic related environmental hazards[30,31].
For the hypothesis of differential susceptibility, the general pattern of the
existing evidence, and in this case almost unanimous, is that regardless of the
level of exposure to air pollutants, it is the poorest who experience the worst
health effects[7,25]. However, there is no evidence of a differential susceptibility
in the case of environmental noise.
In this paper, we intend to confirm the effect environmental problems have on
socioeconomic inequalities in health by using intra-urban geographical areas as
the units of analysis[16,32-37], given that these are already mostly clustered by
socioeconomic conditions[7,12]. What we add to what is already known, is that
we do this by using appropriate statistical methods that consider the spatial
design of the data currently used.
First, we control for the problem of ‘misalignment’. In fact, when using a design
for spatial data, it is often the case that the data exposure and the health
outcomes have different spatial locations, so they are spatially ‘misaligned’[38]
(this problem is also known as the ‘modifiable areal unit’ or the ‘change of
support’ problem[39,40]). Most studies address this problem (although not always
explicitly) using a two-stage modelling procedure or 'plug-in' approach. In this
method, predictions from an exposure model (first stage) are used as covariates
in a health model (second stage); this being the model of interest[41]. In very few
cases, predictions are obtained from exposure models that explicitly incorporate
the spatial structure of the data (i.e. kriging, spatial interpolation, etc.). However,
even in these situations, the plug-in approach does not consider the uncertainty
in the exposure predictions, leading to a complex form of measurement error,
which, if not properly controlled, results in the bias of the estimated health
effect[40-42].
Second, we explicitly perform a spatio-temporal adjustment. For this, on the one
hand, with spatial data it is necessary to distinguish between two sources of
extra variability, ‘spatial dependence’ or clustering (i.e. spatial autocorrelation),
and non-spatial heterogeneity (i.e. heteroskedasticity)[43,44]. Furthermore, when
the data have a temporal component, as is our case, there is time dependence
(i.e. autocorrelation). If those spatio-temporal extra variability (i.e. heterogeneity
and both, spatial and temporal dependencies) are not controlled for, not only
will the variances of the estimators be wrong, but estimators will be biased and
inconsistent[45]. This will be the case when the dependent variable is not
continuous (i.e., a counting variable, as the number of total deaths) and then
seriously compromising the inferences that might be made.
2.- Methods
2.1.- Data setting
We use a small area spatio-temporal ecological design. The population studied
corresponded to the individuals residing in the neighbourhoods of Barcelona in
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the period 2007-2014. According to the Statistical Institute of Catalonia
(IDESCAT), the population of Barcelona (January 1, 2015) was 1,604,555
inhabitants, 759,820 men (47.06%) and 845,035 women (52.94%)[46].
Barcelona is the second most populated city in Spain, after Madrid, and the
eleventh most populated in the European Union. The density of population is
very high, 15,839.6 hab./km2. It is a city with an aging population (21.62% of the
population are aged 65 years or more, 18.17% of the men and 24.97% of the
women, over total population). For administrative and statistical purposes, the
Barcelona City Council has divided the city into 73 neighbourhoods[47], and
these were used as the units of analysis. In 2014, the median of habitants per
neighbourhood was 20,184 (9,748 men and 10,436 women average with an
interquartile range equal to 10,381 -31,007), the median of the density of
population was 24,228,8 hab./km2 (with an interquartile rank equal to 11,459 –
35,058,5 hab./km2)[48]. Also in 2014, the neighbourhood with fewest inhabitants
was ‘La Clota’, with 529 inhabitants (259 men and 270 women), and the
neighbourhood with the most inhabitants was ‘La nova Esquerra de l’Eixample’
with 57,863 inhabitants (26,806 men and 31,057 women). The neighbourhood
with the least density was ‘La Marina del Prat Vermell’, with 80.60 hab./km2 and
‘Sants-Badal’ had the greatest density[48] with 59,134.15 hab./km2.
2.2.- Variables and information sources
Response variables
As response variables, we consider total male and female mortality by
neighbourhood (crude death rates). Mortality and population data, as well as
cartography, were obtained from the OpenDataBCN website of the Barcelona
City Council[48].
As explanatory variables, we include socioeconomic indicators and variables
related to environmental hazards.
Socioeconomic indicators
As socioeconomic indicators we considered disposable household income, the
percentage of foreigners from low income countries and housing prices (all by
neighbourhood) (source in all cases: OpenDataBCN website[48]).
Disposable household income is, in fact, an index (Barcelona = 100) obtained
from OpenDataBCN website[48], and constructed elsewhere[49] from five
socioeconomic indicators: i) unemployment rate (computed as unemployed
over resident population aged 16-65 years), ii) the percentage of resident
population (per neighbourhood) aged 25 years or more with a university degree,
iii) cars per 1000 over total resident population, iv) cars more than 16
horsepower (hp) but less than two years old, over the total number of cars less
than two years old, and v) private home resale prices[49].
Given that disposable household income is not likely to capture all the variability
contained in socioeconomic indicators, we include some aspects usually related
to deprivation such as the percentage of foreigners from low income countries
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in the neighbourhood (according to the 2014 United Nations Development
Programme (UNPD)’s human development index[50] stratified by gender.
With regard to foreigners from low income countries (i.e. immigrants), some
studies have shown that they may contribute to increased health inequalities
but only in relative terms, compared, for instance, with immigrants from other
areas of Spain also with a lower income than the Catalan average (NB:
Catalonia is the Autonomous Community to which Barcelona belongs)[51].
We also include housing prices in the neighbourhood with respect to the
average selling prices (€/m2)[48]. These prices were estimated as the sale prices
of resale properties[52]. In this case, our assumption is that those most deprived
neighbourhoods, and perhaps also the most polluted, present lower housing
prices.
Environmental hazard variables
Annual average daily levels for the period 2007-2014, of particulate matter (10
micrometres or less in diameter, PM10, and 2.5 micrometres or less in diameter,
PM2.5) nitrogen dioxide (NO2), sulphur dioxide (SO2), carbon monoxide (CO),
benzene and lead, were obtained from the Catalan Government’s Department
of Territory and Sustainability website[53]. In the period studied, 13 monitoring
stations pertaining to the Catalan Atmospheric Pollution Surveillance and
Control Network (XVPCA) were located within the city of Barcelona. In this
case, data were collected as point processes located at each of the stations.
As environmental noise data, we included annual average equivalent Aweighted sound pressure levels for daytime (7h-21h), evening-time (21h-23h)
and night-time (23h-7h), mapped as isolines, drawn every 5 decibels (db) (A),
on the strategic noise map for the ‘Barcelonès I’ agglomeration[54]. This
agglomeration includes the cities of Barcelona (with an area of 101.3 km2, 62
km2 of which corresponds to urban land) and Sant Adrià del Besos (3.87 km2 of
urban land located on the coast to the north of and surrounded by
Barcelona)[55]. Further information can be found elsewhere[41].
We attempted to control for other types of environmental exposures (i.e. other
air pollutants, environmental noise not related to traffic, etc.), including land use
variables (the source in all cases was the OpenDataBCN website[48]). We
believe that these variables, along with air pollutants and environmental noise,
would approximate traffic related air pollution more efficiently. In particular, we
included the percentages of the surface area of the neighbourhood intended for
public services, industries and infrastructures, roads, urban parks and forest
parks. In addition, we also included density of population that, although it is
often used as land use variable, it can also be considered as another
socioeconomic variable (a less densely populated neighbourhood will be more
affluent).
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2.3.- Statistical analysis
For each sex, we assumed the observed cases of deaths followed a Poisson
distribution,

Oit ~ Poisson(µ it Popit )
where Oit denoted the observed cases of death for a particular sex in the
neighbourhood i (i=1,…,73) in year t (t=2007,…, 2014) . µit was the relative risk
in the neighbourhood i in year t, and Popit was the population for a particular
gender in the neighbourhood i in year t.
In turn, the relative risk could be associated with the explanatory variables by
means of spatio-temporal ecological regression. In our case, this regression
was formulated as the following mixed model with two levels: neighbourhoods
(denoted by i) and year (denoted by t):
2

5

log (µit ) = α i + ∑ βq HI q,it + ∑θ1,l Foreignersl,it + θ 2 housing_pricesit +
l=1

q=2
3

6

γ1Pollutant it + ∑γ 2,l Noisel,it + ∑γ 3,l land_usel,it +
l=1

l=1

⎛ 5
⎞
∑ω1,q HI q,it : Pollutant it + ∑⎜⎜∑ω 2l,q HI q,it : Noisel,it ⎟⎟ +
⎠
q=2
l=1 ⎝ q=2
5

3

{1}

log ( Popit ) + δ1Pop4564it + δ2 Pop65it +
Si + Tt + ηit

where HIq,it denoted the q-th quintile of disposable household income in
neighbourhood i in year t (all the quintiles were constructed for each year
separately). The first quintile was taken as a reference value; Foreignersl,it was
the percentage of foreigners from low level income countries in the
neighbourhood i in year t of sex l (males, females); Pollutantit denoted the
annual average daily level of the pollutant (PM10, PM2.5, NO2, SO2, CO,
benzene and lead), in neighbourhood i and year t; Noisel,it the annual average
of environmental noise levels, per neighbourhood, year and for l-time
(l=daytime, evening-time and night-time); land_usel,it denoted the land use
variables (l= surface area in the neighbourhood corresponding to public
services, industries and infrastructures, roads, urban parks and forest parks,
and density of population), with the symbol ':' we denoted the interaction
between air pollutants and environmental noise variables and quintiles of
disposable household income; Popit denoted the population of the
neighbourhood i in year t,; Pop4564it denoted the percentage of the population
aged between 45 and 64 years (both inclusive), and Pop65it denoted the
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population over 65. To avoid any problems of collinearity with the other two age
groups, the first age group (≤ 44 years) was not included in the model. αi the
heterogeneity random effects, Si the spatial random effects, Tt the temporal
random effect (based on the temporal trend, t=2007, 2008, …, 2014), ηit the
spatio-temporal interaction random effects and β’s, γ’s, θ’s, ω’s and δ’s were
unknown parameters.
Note that in the specified models we use the crude death rate of the
neighbourhood (that is to say, we include population, male or female, as an
offset - denominator -), and the age structure of the population (i.e., Pop4664
and Pop65, in our case) as an additional regressor in order to avoid the ‘mutual
standardization problem’ (details can be found elsewhere[56]).
Spatio-temporal adjustment
To take this spatio-temporal extra-variability into account, we included several
vectors of random effects: i) one associated with the intercept and indexed by
neighbourhood ( α i ), to capture the heterogeneity, ii) another vector associated
with a Matérn structure explicitly constructed through stochastic partial
differential equations (SPDE)[57] indexed by the neighbourhood (Si), in order to
capture the spatial dependency and, iii) two vectors containing random walk
structures of order one[58], to approximate both, temporal dependency (indexed
by year, Ti) and spatio-temporal interaction (indexed by neighbourhood and
year, ηit).
Addressing the misalignment problem
Note that in our case health data (i.e. the response variables) observed at the
ecological level of neighbourhoods are misaligned with the two main
environmental hazard variables, air pollutants and environmental noise levels.
In fact, we had two types of misalignment[38], one between point locations and
areal units in the case of air pollutants, and another between the isolines and
areal units in the case of environmental noise.
In this paper we use a consistent and efficient fully Bayesian method to address
the misalignment issue[42,41]. As a result of computational problems, we did not
use Markov chain Monte Carlo (MCMC) but rather the Integrated Nested
Laplace Approximation (INLA)[59,60] which is a computationally efficient
alternative to MCMC. Specifically, instead of modelling exposure (i.e. air
pollutants and environmental noise) and health variables in separate steps and
plugging estimated exposures into the health model, we plug the whole model
for exposure into the health model and obtain a linear predictor defined on the
entire spatial domain[42,41]. The two parts of the joint model are estimated
simultaneously from the data[60,41,61] by the stochastic partial differential
equation INLA approach (SPDE INLA)[57].
As is known, in Bayesian analysis the choice of the prior may have a
considerable impact on the results. For this reason, we use penalising
complexity (PC) priors here. These priors are invariant to re-parameterisations
and have robustness properties[58].
8
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Assessing the exposure and susceptibility differentials
Note that the misalignment problem prevented us from directly assessing the
differential exposure. In fact, the levels of air pollutants and environmental noise
cannot be assigned, without error, to one or another neighbourhood in
Barcelona. However, model {1} can be used, in addition to directly assessing
the differential susceptibility by evaluating the estimates of the parameters ω, to
predict the air pollutants and the environmental noise levels in the location of
the response variables. Specifically, we use the correspondent parts of the
predictor matrix of the joint model to control for the misalignment problem to
project the posterior mean and the posterior variance of the environmental
hazard variables onto the health data locations (i.e. the neighbourhoods)[61].
To assess the exposure differential, we adopt two complementary strategies.
First, we use the posterior mean of each environmental hazard variable in
quintiles of disposable household income to test whether the samples
originated from the same distribution. Given that the distributions of the
predicted levels of environmental hazard variables were not symmetrical, we
use the Kruskal-Wallis H nonparametric test. However, the results of this
contrast did not inform us about the sign of the relationships, that is, if the most
economically deprived neighbourhoods had higher levels of environmental
hazard variables. For this reason, we estimate a generalized additive model
(GAM), foreseeing the possibility of a nonlinear relationship. The dependent
variable here is the posterior mean of each environmental hazard variable (i.e.
air pollutant and environmental noise) and the explanatory variable is the
disposable household income. We are very interested in the approximate
significance of the nonlinear smooth slope in the GAM[63] and, in the form of
such relationship, if any.
To evaluate the susceptibility differential, we take the predictions of the
environmental hazard variables in neighbourhoods to build an indicator of a
polluted neighbourhood. In particular, we consider that a neighbourhood is
polluted if the (predicted) levels of air pollutants (PM10, PM2.5, NO2, SO2, CO,
benzene and lead) and of the environmental noise variables (daytime, eveningtime and night-time) were in the fourth or fifth quintiles. In all cases, the quintiles
were constructed separately for each year.
Using this indicator, we estimate an additional (summary) model,
5

log (µit ) = α i + ∑ βq HI q,it + λ Polluted _ neighbourhoodit +
q=2
5

∑ω HI
q

q,it

: Polluted_neighbourhood it +

{2}

q=2
6

θ housing_pricesit + ∑γ l land_usel,it + log ( Popit ) + δ1Pop4564it + δ2 Pop65it +
l=1

Si + Tt + ηit
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In this case, the parameters of interest are β, λ and, above all, ω’s. These
parameters will indicate the presence and the relative importance of the
differential susceptibility.
All analyses, conducted separately for men and women[64], were performed with
the free software R (version 3.3.1)[65] made available through the INLA
package[59,65].
3.- Results
In Tables 1 and 2, and in Figures 1 and 2, we show the descriptive of the
variables analysed. There is significant asymmetry in the distribution of all of
them (note especially, land use), and some of the variables have an
interquartile range which is extremely large when compared to the median (i.e.
percentage of the surface of the neighbourhood planned for forest and urban
parks, and, above all, for industries and infrastructures), and, albeit to a much
lesser extent, socioeconomic variables (an interquartile range between 38%
and 46% of the median). Note that the variation was not as significant (in
relative terms) in the response variables (crude death rates), with an
interquartile range about 28-33% of the medians (see Table 1).
The dispersion of the environmental hazard variables was much lower than the
rest of explanatory variables, where only benzene had an interquartile range
near 100% of its median, while SO2, NO2 and CO were near 50% of their
medians and then the rest had much smaller dispersions (see Table 2). Despite
having many observation points in the city, the very low dispersion of
environmental noise variables should be noted.
Moreover, note that while the particles did not exceed the values set in World
Health Organisation (WHO) air quality guidelines (25 µg/m3 daily mean for
PM2.5 – 10 µg/m3 annual mean - and 50 µg/m3 for PM10 – 20 µg/m3 annual
mean -), NO2 exceeded them enough to be noted (40 µg/m3 annual mean)(see
Table 2). In terms of environmental noise, daytime and evening-time noise
exceeded the 55 dB threshold established by the European Union (to reduce
‘annoyance’) and the 50 dB threshold for night-time noise (to reduce sleep
disturbance). Furthermore, all of them are well beyond the WHO’s
recommended 40 dB threshold. Note that, for all three cases, more of 75% of
the observation points exceeded these limits, thus can be considered as having
an adverse effect on health[41].
The spatial distribution of disposable household income by neighbourhoods
(median of the period 2007-2014) is shown in Figure 1. Neighbourhoods with a
disposable household income located in the upper quartiles (fourth and fifth)
were concentrated around an axis with the origin being the city centre and one
end in the northwest. The spatial distribution for the median of death rates by
neighbourhoods in Barcelona (2007-2014), was very similar for men and for
women (Figures 2a and 2b). In both cases, there was an (imperfect) axis southnorth concentrating the neighbourhoods with death rates in the upper quartiles.
To better see potential associations, in the same Figures 2, we draw in scatter
10
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plots of death rates versus disposable household income for 2007-2014.
Although the dispersion was high, it was observed that the neighbourhood with
the highest disposable household income had the lowest death rates. This
association, however, seems to be less pronounced for women.
In all cases, we could not accept that samples of environmental hazard
variables originated from the same distribution (see Table 3). In particular, it
would seem that during 2007-2014, there was a differential exposure, which
was higher in the most deprived neighbourhoods in the case of PM2.5 (Figure
3a), NO2 (Figure 3b), benzene (Figure 3c), SO2 (Figure 3c) and lead (Figure
3d). In the latter two cases, we should note that the neighbourhoods in the fifth
quintile of disposable household income were exposed to lower levels of
contaminant and the first two quintiles were at the highest levels. Differential
exposure was also observed for PM10 (Figure 3a) and CO (Figure 3b), although
in these cases the neighbourhoods in the last two quintiles of disposable
household income (i.e. the most affluent) were those who were exposed to
higher levels of these two pollutants. This was much more evident in the case of
environmental noise (Figures 3d and 3e).
Table 4 depicts the results for differential susceptibility. For both men and
women, the risk of dying due to environmental hazards in a very affluent
neighbourhood (located on the fifth quintile of disposable household income) is
about 30% lower than in a very depressed neighbourhood (located in the first
quintile). Note that there is no difference in the risk of dying from pollution in
neighbourhoods located in the second quintile (i.e. the interaction was not
statistically significant).
With individual air pollutants, the behaviour for men and women appears to be
different (except for benzene)(see Table 4). For men, the risk of dying from CO,
benzene, NO2 and/or SO2 pollution (in decreasing order) is lower in the most
affluent neighbourhoods (located in the fifth quintile of disposable household
income). For women, the risk of dying because of benzene pollution is lower in
the most affluent neighbourhoods and higher for those neighbourhoods located
in the second quintile in the case of PM2.5. In the case of environmental noise,
for both men and women the risk of dying due to evening-time noise was higher
in the most affluent neighbourhoods (i.e. fifth quintile) and lower in the
neighbourhoods located in the second quintile. In the case of night-time noise,
the risk of dying is lower for the most affluent neighbourhoods, albeit only for
men. In the case of daytime noise, there are no differences in the risk by
quintiles for disposable household income.
The main effects of the explanatory variables of interest were to be expected.
There is a 25% risk (for men) of dying in a neighbourhood with serious
environmental hazard problems. This is 40% higher than in a neighbourhood
without such problems. Note, however, that not all air pollutants and all
environmental noise variables have an associated increased risk of dying (for
instance, benzene for both genders and PM10 for men, or evening-time and
daytime noise). For disposable household income, the higher the income
quintile the neighbourhood is in, the lower the risk of dying is.
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4.- Discussion
In summary, we have found evidence of differential susceptibility in that the
effect of environmental hazards was more harmful to the residents of
Barcelona’s most deprived neighbourhoods. Our results are consistent with
those found in most studies in Europe, as well as in some non-European
studies, about the existence of a differential susceptibility[7].
However, it appears that this increased susceptibility cannot be attributed to a
single problem but rather to a set of environmental hazards that, overall, a
neighbourhood may present. In fact, only in the case of benzene would there be
systematic behaviour. At any rate, both men and women living in the
neighbourhoods located in the fifth quintile of disposable household income,
presented a lower risk of dying (statistically significant) than those inhabitants of
neighbourhoods located in the first quintile.
In terms of the other environmental hazards, first, the relative risks for the fifth
quintile of disposable household income for some other air pollutants (i.e. NO2,
CO and SO2) were only statistically significant for men. Second, there appears
to be no differential susceptibility in the case of particles (at least when taken
individually). Finally, in the case of environmental noise and evening noise in
particular, it seems that there was an inverse differential susceptibility, that is to
say, the relative risks in the upper quintile were higher than the risks in the more
deprived neighbourhoods.
We believe that this heterogeneity in differential susceptibility to individual
environmental hazards, except perhaps in the case of benzene, is largely
related to the heterogeneity of the differential exposure to environmental
hazards, also taken individually (as shown in Figures 3). In fact, except in the
case of benzene, we would not venture to state that we have found a differential
exposure to environmental problems taken individually. In this sense, our
results are in line with those obtained by other European studies that analyse
air pollutants (above all) individually. That is to say, we also find mixed results
when we assess environmental problems individually, unlike most nonEuropean studies, especially in North America, which find a differential
exposure (higher in areas with low-socioeconomic status) to the air pollutants
criteria[12].
These discrepancies between the finding of a differential susceptibility and the
finding of a set of environmental problems that a neighbourhood may suffer,
along with the mixed results of differential susceptibility to individual
environmental hazards, could be explained by our most serious limitations. We
have used an ecological observational research design. By being observational,
this could mean there are unobserved, and therefore uncontrolled, confounders
that may contribute to a differential exposure beyond environmental hazards
which, in turn, might explain why there are modifiers of their effects[7]. Being
ecological, greater environmental problems in a neighbourhood do not
necessarily mean greater exposure for all its inhabitants. However, in our study,
we have controlled for unobserved confounding (both spatially or temporally
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structured as well as unstructured) and we have corrected other methodological
problems associated with exposure, such as spatial misalignment.
For all these reasons, we venture to conclude that the inequalities of health
hazards are hidden in the air we breathe and the noise we exposed to. Air and
noise quality depends on where we live and our day-to-day environment. Both
are related to some socioeconomic factors, of which some of the major issues
are the cost of housing and the kind of job we have and work we do. These may
well reinforce potential negative health impacts because of people needing to
have greater mobility, needing to use their vehicles to get from A to B quickly to
avoid losing valuable working/productive time, all the while increasing traffic
congestion and pollution levels. In these cases, deprivation is usually found in
the social determinants (e.g. distance to work, type of work, time to rest,
banlieues etc.). While rural areas may (for the moment) show a different
spectrum, at present the general trend is towards major urbanization
(particularly in Less Developed Countries (LDCs)) and to more specialized
zoning with concentrated malls and shopping centres on the city outskirts.
Again, this disregards jobs or goods and services within walking distance, in
favour of the car, and so often decreases physical activities.
City-level decision-makers usually neglect the former negative externalities
likely due to the socially unequal negative impacts. Today better zoning and
greater concern for healthier lifestyles are changing old perspectives which, in
turn, may even enhance a city’s attractiveness and achieve greater social
cohesion by reducing health inequalities and segregation. Out of genetics and
the proper healthcare access, the search for a better environment is a rather
endogenous health policy with a higher impact than spending on health and
social services. This is particularly important in LDCs, although the
heterogeneity observed in urban areas of Developed Countries (e.g. in the
neighbourhoods in Barcelona) also justify greater concern about the noise
levels we are exposed to and the quality of the air we breathe. Differential
exposure and incidence by income groups show the spatial nature of the
problem and analysis of such offers some clues for more evidence-based
environmental public health policies.
5.- Conclusions
The effect of environmental hazards was more harmful to the residents of
Barcelona’s most deprived neighbourhoods; that is to say, we have found
evidence of the existence of a differential susceptibility to exposure. This
increased susceptibility cannot be attributed to a single problem but rather to a
set of environmental hazards that, overall, a neighbourhood may present. On
the contrary, we would not venture to state that we have found a differential
exposure to environmental problems, at least taken individually. It is very likely
that this discrepancy may be due to the use of an ecological observational
research design.
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Key messages
- We have found evidence of differential susceptibility in that the effect of
environmental hazards was more harmful to the residents of Barcelona’s most
deprived neighbourhoods.
- It appears that this increased susceptibility cannot be attributed to a single
problem but rather to a set of environmental hazards that, overall, a
neighbourhood may present.
- The heterogeneity in differential susceptibility to individual environmental
hazards, except perhaps in the case of benzene, is largely related to the
heterogeneity of the differential exposure to environmental hazards, also taken
individually.
- These discrepancies between the finding of a differential susceptibility and the
finding of a set of environmental problems that a neighbourhood may suffer,
along with the mixed results of differential susceptibility to individual
environmental hazards, could be explained by the use of an ecological
observational research design.

14

CRES-UPF Working Paper #201803-107

Declarations
Ethics approval and consent to participate
Not applicable
Consent for publication
Not applicable
Availability of data and material
All data is available in open, mostly in OpenDataBCN. Open Data Service of the
City of Barcelona [Available at: http://opendata.bcn.cat/opendata/en/cataleg/,
last accessed on March 3, 2017] and the rest in different webs of the
Department of Territory and Sustainability. Catalan Government: air quality data
[Available at: http://dtes.gencat.cat/icqa/, last accessed on March 3, 2017];
strategic
noise
maps
[Available
at:
http://mediambient.gencat.cat/ca/05_ambits_dactuacio/atmosfera/contaminacio
_acustica/gestio_ambiental_del_soroll/mapes_de_soroll/mapes_estrategics_de
_soroll/mapes_estrategics_d_aglomeracions/mapes_estrategics_aglomeracion
s_2a_fase/ accessed on March 3, 2017]. The code used for statistical analysis
can be requested from the authors.
Competing Interest
There are no conflicts of interest for any of the authors. All authors will disclose
any actual or potential conflict of interest including any financial, personal or
other relationships with other people or organizations, within three years of
beginning the submitted work that could inappropriately influence or be
perceived to influence their work.
Funding
This work was partly funded by the CIBER of Epidemiology and Public Health
(CIBERESP) through the strategic subprogram ‘Crisis and Health’, by the
AGAUR, Catalan Government Project ‘Compositional and Spatial Analysis’
(COSDA), 2014SGR551 and by the Research Grant to Improve the Scientific
Productivity of the Research Groups of the University of Girona 2016-2018
(MPCUdG2016/69). Authors acknowledge the unrestricted grant from ‘Obra
Social de la Caixa’ 2016 to CRES-UPF.
Authors’ contributions
MS had the idea for the paper, requested data and performed the literature
search. MS and GLC wrote the introduction, results, discussion and
conclusions. MS made all the tables, performed the analysis and wrote the
methods. MS and GLC read and approved the final manuscript.
Acknowledgements
Not applicable

15

CRES-UPF Working Paper #201803-107

List of abbreviations
(A)
db
CO
GAM
IDESCAT
INLA
MCMC
NO2
PC-priors
PM2.5
PM10
SO2
SPDE
UNPD
WHO
XVPCA

A-weighted
Decibels
Carbon monoxide
Generalized Additive Models
Statistical Institute of Catalonia
Integrated Nested Laplace Approximation
Markov Chain Monte Carlo
Nitrogen dioxide
Penalising complexity priors
2.5 micrometres diameter particulate matter
10 micrometres diameter particulate matter
Sulphur dioxide
Stochastic partial differential equations
United Nations Development Programme
World Health Organisation
Catalan Atmospheric Pollution Surveillance and Control Network

16

CRES-UPF Working Paper #201803-107

References
1.- Bouchard L, Albertini M, Batista R, de Montigny J. Research on health
inequalities: A bibliometric analysis (1966-2014). Social Science & Medicine
2015; 141:100-108.
2.- Black D. Health inequalities. Report of a Research Working Group. London,
England: Department of Health and Social Security, 1980.
3.- Acheson D. Independent Inquiry into Inequalities in Health Report. London,
England:
The
Stationary
Office,
1998
[Available
at:
https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/2
65503/ih.pdf, last accessed on March 3, 2017].
4.- Marmot M. Social determinants of health inequalities. Lancet 2005;
365(9464):1099-1104.
5.- Kunst AE. Describing socioeconomic inequalities in health in European
countries: an overview of recent studies. Revue d’Epidemiologie et de Sante
Publique 2007;55:3–11.
6.- Mackenbach JP, Stirbu I, Roskam AJ, Schaap MM, Menvielle G, Leinsalu M,
Kunst AE. Socioeconomic inequalities in health in 22 European countries. New
England Journal of Medicine 2008; 358(23):2468-2481.
7.- Deguen S, Zmirou-Navier D. Social inequalities resulting from health risks
related to ambient air quality – A European review. European Journal of Public
Health 2010; 28(1):27-35.
8.- Bowen W. An analytical review of environmental justice research: what do
we really know? Environmental Management 2002; 29(1):3-15.
9.- Evans GW, Kantrowitz E. Socioeconomic status and health: the potential
role of environmental risk exposure. Annual Review of Public Health 2002;
23:303-331.
10.- Brulle RJ, Pellow DN. Environmental justice: human health and
environmental inequalities. Annual Review of Public Health 2006; 27:103-124.
11.- Laurent O, Bard D, Filleul L, Segala C. Effect of socioeconomic status on
the relationship between atmospheric pollution and mortality. Journal of
Epidemiology and Community Health 2007; 61(8):665-675.
12.- Hajat A, Hsia C, O’Neill MS. Socioeconomic disparities and air pollution
exposure: A global review. Current Environmental Health Reports 2015;
2(4):440-450.
13.- O‘Neill MS, McMichael AJ, Schwartz J, Wartenberg D. Poverty,
environment, and health: the role of environmental epidemiology and
environmental epidemiologists. Epidemiology 2007;18:664–668.

17

CRES-UPF Working Paper #201803-107

14.- Mackenbach JP, Kulhánova I, Menvielle G, Bopp M, Borrell C, Costa G,
Deboosere P, Esnaola S, Kalediene R, Kovacs K, Leinsalu M, Martikainen P,
Regidor E, Rodríguez-Sanz M, Strand BH, Hoffmann R, Eikemo TA, Östergren
O, Lundberg O, Eurothine and EURO-GBD-SE consortiums. Trends in
inequalities in premature mortality: a study of 3.2 million deaths in 13 European
countries. Journal of Epidemiology and Community Health 2015; 69(3):207-217.
15.- Kawachi I, Berkman LF (eds). Neighbourhoods and Health. New York.
Oxford University Press, 2003.
16.- Marí-Dell'olmo M, Gotsens M, Palència L, Rodríguez-Sanz M, MartinezBeneito MA, Ballesta M, Calvo M, Cirera L, Daponte A, Domínguez-Berjón F,
Gandarillas A, Goñi NI, Martos C, Moreno-Iribas C, Nolasco A, Salmerón D,
Taracido M, Borrell C. Trends in socioeconomic inequalities in mortality in small
areas of 33 Spanish cities. BMC Public Health 2016; 16:663.
17.- Díaz J, López C, Tobías A, Linares C. The risks of living loud. Results of a
European study [in Spanish]. Revista Interdisciplinar de Gestión Ambiental
2003; 58:23-32.
18.- Foraster M, Künzli N, Aguilera I, Rivera M, Agis D, Vila J, Bouso L, Deltell
A, Marrugat J, Ramos R, Sunyer J, Elosua R, Basagaña X. High blood pressure
and long-term exposure to indoor noise and air pollution from road traffic.
Environmental Health Perspectives 2014; 122(11):1193-1200.
19.- Beelen R, Hoek G, Houthuijs D, van den Brandt PA, Goldbohm RA, Fischer
P, Schouten LJ, Armstrong B, Brunekreef B. The joint association of air
pollution and noise from road traffic with cardiovascular mortality in a cohort
study. Occupational and Environmental Medicine 2009; 66(4):243–250.
20.- Schwela D, Kephalopoulos S, Prasher D. Confounding or aggravating
factors in noise-induced health effects: air pollutants and other stressors. Noise
& Health 2005; 7(28):41-50.
21.- Sørensen M, Lühdorf P, Ketzel M, Andersen ZJ, Tjønneland A, Overvad K,
Raaschou-Nielsen O. Combined effects of road traffic noise and ambient air
pollution in relation to risk for stroke? Environmental Research 2014; 133:49-55.
22.- Niemann H, Bonnefoy X, Braubach M, Hecht K, Maschke C, Rodrigues C,
Röbbel N. Noise-induced annoyance and morbidity results from the panEuropean LARES study. Noise & Health 2006; 8(31):63-79.
23.- Ising H, Braun C. Acute and chronic endocrine effects of noise: review of
the research conducted at the institute for water, soil and air hygiene. Noise &
Health 2000; 2(7):7-24.

18

CRES-UPF Working Paper #201803-107

24.- Goodman A, Wilkinson P, Stafford M, Tonne C. Characterising socioeconomic inequalities in exposure to air pollution: a comparison of socioeconomic markers and scales of measurement. Health Place 2011; 17(3:767774.
25.- Richardson EA, Pearce J, Tunstall H, Mitchell R, Shortt NK. Particulate air
pollution and health inequalities: a Europe-wide ecological analysis.
International Journal of Health Geographics 2013; 12:34.
26.- Fairburn F, Braubach M. Social inequalities in environmental risks
associated with housing and residential location. Environment and health risks:
a review of the influence and effects of social inequalities, World Health
Organization. Regional Office for Europe 2010, 33-75 [Available at:
http://www.euro.who.int/en/health-topics/healthdeterminants/gender/publications/2010/environment-and-health-risks-a-reviewof-the-influence-and-effects-of-social-inequalities, last accessed on March 3,
2017].
27.- Bolte G, Tamburlini G, Kohlhuber M. Environmental inequalities among
children in Europe - evaluation of scientific evidence and policy implications.
European Journal of Public Health 2009; 28(1):14-20.
28.- Kruize H, Bowman AA. Environmental (in)equity in the Netherlands. A case
study in the distribution of environmental quality in the Rijnmond region. RIVM
Report
50012003/2004,
2004
[Available
at:
http://www.pbl.nl/sites/default/files/cms/publicaties/550012003.pdf,
last
accessed on March 3, 2017].
29.- Kohlhuber M, Mielck A, Weiland SK, Bolte G. Social inequality in perceived
environmental exposures in relation to housing in Germany. Environmental
Research 2006; 101(2):246-255.
30.- Bocquier A, Cortaredona S, Boutin C, David A, Bigot A, Chaix B, Gaudart
J, Verger P. Small-area analysis of social inequalities in residential exposure to
road traffic noise in Marseilles, France. European Journal of Public Health 2013;
23(4):540-546.
31.- Dale LM, Goudreau S, Perron S, Ragettli MS, Hatzopoulou M, Smargiassi
A. Socioeconomic status and environmental noise exposure in Montreal,
Canada. BMC Public Health. 2015; 15:205.
32.- Cano-Serral G, Azlor E, Rodríguez-Sanz M, Pasarín MI, Martínez JM,
Puigpinós R, Muntaner C, Borrell C. Socioeconomic inequalities in mortality in
Barcelona: a study based on census tract (MEDEA project). Health Place 2009;
15(1):186-192.
33.- Borrell C, Marí-Dell’olmo M, Cano-Serral G, Martínez-Beneito MA, Gotxens
M, MEDEA Members. Inequalities in mortality in small areas of eleven Spanish
cities (the multicentre MEDEA project). Health Place 2010; 16(4):703-71

19

CRES-UPF Working Paper #201803-107

34.- Borrell C, Marí-Dell’olmo M, Palència L, Gotsens M, Burström BO,
Domínguez-Berjón F, Rodríguez-Sanz M, Dzúrová D, Gandarillas A, Hoffmann
R, Kovacs K, Marinacci C, Martikainen P, Pikhart H, Corman D, Rosicova K,
Saez M, Santana P, Tarkianen L, Puigpinós R, Morrison J, Pasarín MI, Díez E.
Socioeconomic inequalities in mortality in 16 European cities. Scandinavian
Journal of Public Health 2014; 42(3):245-254.
35.- Hoffmann R, Borsboom G, Saez M, Marí Dell’olmo M, Burström B, Corman
D, Costa C, Deboosere P, Domínguez-Berjón MF, Dzúrová D, Gandarillas A,
Gotsens M, Kovács K, Mackenbach J, Martikainen P, Maynou L, Morrison J,
Palència L, Pérez G, Pikhart H, Rodríguez-Sanz M, Santana P, Saurina C,
Tarkianen L, Borrell C. Social differences in avoidable mortality between small
áreas of 15 European cities: an ecological study. International Journal of Health
Geographics 2014; 13:8.
36.- Marí-Dell'olmo M, Gotsens M, Palència L, Burström B, Corman D, Costa G,
Deboosere P, Díez È, Domínguez-Berjón F, Dzúrová D, Gandarillas A,
Hoffmann R, Kovács K, Martikainen P, Demaria M, Pikhart H, Rodríguez-Sanz
M, Saez M, Santana P, Schwierz C, Tarkiainen L, Borrell C. Socioeconomic
inequalities in cause-specific mortality in 15 European cities. Journal of
Epidemiology and Community Health 2015; 69(5):432-441.
37.- Nolasco A, Moncho J, Quesada JA, Melchor I, Pereyra-Zamora P,
Tamayo-Fonseca N, Martínez-Beneito MA, Zurriaga O, Ballesta M, Daponte A,
Gandarillas A, Domínguez-Berjón MF, Marí-Dell'olmo M, Gotsens M, Izco N,
Moreno MC, Saez M, Martos C, Sánchez-Villegas P, Borrell C. Trends in
socioeconomic inequalities in preventable mortality in urban areas of 33
Spanish cities. International Journal for Equity in Health 2015; 14:33.
38.- Gelfand AE. Misaligned spatial data: The change of support problem. In
Gelfand AE, Diggle PJ, Fuentes M, Guttorp P (eds). Handbook of Spatial
Statistics. Boca Raton, Florida: Taylor & Francis, 2010.
39.- Gotway C, Young L. Combining incompatible spatial data. Journal of the
American Statistical Association 2002; 97(458):632-648.
40.- Wannemuehler K, Lyles R, Waller L, Hoekstra R, Klein M, Tolbert P. A
conditional expectation approach for associating ambient air pollutant
exposures with health outcomes. Environmetrics 2009; 20(7):877-894.
41.- Barceló MA, Varga D, Tobias A, Díaz J, Linares C, Saez M. Long term
effects of traffic noise on mortality in the city of Barcelona, 2004-2007.
Environmental Research 2016; 147:193-206.
42.- Ingebrigtsen R, Steinsland I, Cirera Ll, Saez M. Spatially misaligned data
and the impact of monitoring network on health effect estimates. In Ingebrigtsen
R. Bayesian spatial modelling of non-stationary processes and misaligned data
utilising Markov properties for computational efficiency. Doctoral theses at
NTNU, 2015:62. Norwegian University of Science and Technology, 2015.

20

CRES-UPF Working Paper #201803-107

43.- Lawson AB, Browne WJ, Vidal-Rodeiro CL. Disease mapping with
WinBUGS and MLwiN. Chichester, UK: John Wiley & Sons, 2003.
44.- Barceló MA, Saez M, Saurina C. Spatial variability in mortality inequalities,
socioeconomic deprivation, and air pollution in small areas of the Barcelona
Metropolitan Region, Spain. Science of the Total Environment 2009; 407(21),
5501-5523.
45.- Greene WH. Econometric Analysis. 5th edn. Upper Saddle River, New
Jersey: Pearson Education, 2003:191–201.
46.- IDESCAT [Available at: http://www.idescat.cat; last accessed on March 3,
2017].
47.- Barcelona City Council. Municipal Council Plenary. Item 21 on the agenda
[in Catalan]. December 22, 2006.
48.- OpenDataBCN. Open Data Service of the City of Barcelona [Available at:
http://opendata.bcn.cat/opendata/en/cataleg/, last accessed on March 3, 2017].
49.- Calvo MJ, Güell X, Salabert J. Territorial distribution of income per capita in
Barcelona [in Spanish]. Barcelona: Ajuntament de Barcelona, 2007.
50.- United Nations Development Programme. Human Development Index and
its components [Available at: http://hdr.undp.org/en/composite/HDI, last
accessed on March 3, 2017].
51.- Malmusi D, Borrell C, Benach J. Migration-related health inequalities:
showing the complex interactions between gender, social class and place of
origin. Social Science & Medicine 2010; 71(9):1610-1619.
52.- Idealista [in Spanish] [Available at: https://www.idealista.com, last accessed
on March 3, 2017].
53.- Department of Territory and Sustainability. Catalan Government.
Geoinformation. Air quality data [in Catalan], 2016 [Available at:
http://dtes.gencat.cat/icqa/, last accessed on March 3, 2017].
54.- Department of Territory and Sustainability. Catalan Government. Strategic
maps of agglomerations - 2nd phase [in Catalan], 2016 [Available at:
http://mediambient.gencat.cat/ca/05_ambits_dactuacio/atmosfera/contaminacio
_acustica/gestio_ambiental_del_soroll/mapes_de_soroll/mapes_estrategics_de
_soroll/mapes_estrategics_d_aglomeracions/mapes_estrategics_aglomeracion
s_2a_fase/, last accessed on March 3, 2017].

21

CRES-UPF Working Paper #201803-107

55.- Department of Territory and Sustainability. Catalan Government. Technical
Memory. Strategic Noise Map. Barcelonès I [in Catalan], 2016 [Available at:
http://mediambient.gencat.cat/web/.content/home/ambits_dactuacio/atmosfera/
contaminacio_acustica/gestio_ambiental_del_soroll/mapes_de_soroll/mapes_e
strategics_de_soroll/mapes_d_aglomeracions/memories/mes_bcn_i.pdf,
last
accessed on March 3, 2017].
56.- Renart G, Saez M, Saurina C, Marcos-Gragera R, Ocaña-Riola R, Martos
C, Barceló MA, Arribas F, Alcalá T. A common error in the ecological regression
of cancer incidence on the deprivation index. Revista Panamericana de Salud
Pública/Pan American Journal of Public Health 2013;34:83–91.
57.- Lindgren F, Rue H, Lindström J. An explicit link between Gaussian fields
and Gaussian Markov random fields: the stochastic partial differential equation
approach (with discussion). Journal of the Royal Statistical Society, Series B
2011;
73:423–498
[Available
at:
https://www.math.ntnu.no/inla/rinla.org/papers/spde-jrssb-revised.pdf, last accessed on March 3, 2017].
58.- R INLA project 2016. Random Walk of order 1 (RW1). [Available at:
http://www.math.ntnu.no/inla/r-inla.org/doc/latent/rw1.pdf, last accessed on
March 3, 2017].
59.- Rue H, Martino S, Chopin N. Approximate Bayesian inference for latent
Gaussian models by using integrated nested Laplace approximations (with
discussion). Journal of the Royal Statistical Society, Series B, 2009; 71(2):319392. [Available at: http://www.statslab.cam.ac.uk/~rjs57/RSS/0708/Rue08.pdf,
last accessed on March 3, 2017].
60.- Blangiardo M, Cameletti M, Baio G, Rue H. Spatial and spatio-temporal
models with R-INLA. Spatial and Spatio-temporal Epidemiology 2013; 4:33-49.
61.- Krainski ET, Lindgren F, Simpson D, Rue H. The R-INLA tutorial on SPDE
models, May 17, 2016 [Available at: http://www.math.ntnu.no/inla/rinla.org/tutorials/spde/spde-tutorial.pdf, last accessed on March 3, 2017].
62.- Simpson DP, Rue H, Martins TG, Riebler A, Sørbye SH. Penalising model
component complexity: A principled, practical approach to constructing priors.
arxiv:1403.4630, 2015 [Available in: http://arxiv.org/pdf/1403.4630v4.pdf, last
accessed on March 3, 2017].
63.- Wood SN. On p-values for smooth components of an extended generalized
additive model. Biometrika 2013; 100:221-228.
64.- Kunkel SR, Atchley RC. Why gender matters: being female is not the same
as not being male. American Journal of Preventive Medicine 1996;12:294-296.
65.- R Core Team. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria, 2016 [URL
https://www.R-project.org/].

22

CRES-UPF Working Paper #201803-107

66.- R-INLA project 2016 [Available at: http://www.r-inla.org/, last accessed on
September 24, 2016].

23

CRES-UPF Working Paper #201803-107

Table 1.- Descriptive statistics. Neighbourhoods in Barcelona, 2007-2014.
Variable

Mean

Standard Deviation

Median

First quartile Third quartile Minimum

Maximum

Death rates (per 10,000 inhabitants)
Males

97.62

30.31

93.33

81.60

107.96

0.00

326.53

Females

94.18

36.50

89.40

74.98

104.39

23.70

464.44

93.03

37.62

84.45

70.05

104.80

34.70

251.70

5.65

2.50

4.96

4.11

6.41

1.62

21.95

4.86

1.70

4.52

3.84

5.56

1.84

18.97

3271.99

931.76

3174.00

2603.00

3809.00

1360.00

6298.00

11.12

7.64

8.93

6.31

12.81

2.72

49.85

5.03

11.80

.27

0.00

3.18

0.00

70.21

Disposable household income (Barcelona=100)
Foreigners from low-income countries (%)
Males
Females
Housing prices

[1]

2

(€/m )

Land use variables

[2]

Public services (%)

[3]

Industries and infrastructures (%)
Roads (%)

[3]

[3]

Urban parks (%)

27.36

8.00

28.93

21.85

33.77

5.43

39.13

[3]

14.93

10.96

12.26

7.13

20.49

0.97

47.75

[3]

6.29

17.27

0.00

0.00

0.00

00.00

82.60

24819.30

15220.62

24299.20

11628.32

35175.88

70.38

60026.83

Forest parks (%)

2

Density of population (inhabitants/km )
73 neighbourhoods
[1] Sale prices of resale properties on sale
[2] Residential area not included
[3] Percentages of the surface area of the neighbourhood
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Table 2.- Descriptive statistics. Environmental hazard variables[1]. Barcelona, 2007-2014.

PM10[4]
N[8]
Mean
Standard deviation
Minimum
Maximum
Percentiles
25 (1st quartile)
50 (median)
75 (3rd quartile)

PM2.5[4]

NO2[4]

Air pollutants[2]
SO2[4]
CO[5]

Benzene[4]

Environmental noise[3]
Daytime[7] Evening-time[7] Night-time[7]

Lead[6]

11

9

8

8

8

6

9

16742

16742

16742

32.50

17.11

44.42

2.80

0.41

1.74

13.20

62.12

60.58

54.57

8.693

2.855

11.473

0.992

.1285

0.889

3.194

7.518

7.466

8.028

19.00

12.00

27.00

1.00

0.20

.70

10.30

0.00

0.00

0.00

62.00

24.00

74.00

5.00

0.70

3.40

32.00

79.00

77.00

73.00

26.25

15.00

36.00

2.00

.300

1.08

11.23

58.00

57.00

50.00

31.00

17.00

42.00

3.00

.400

1.40

12.30

63.00

62.00

56.00

36.75

19.00

51.75

3.75

.500

2.73

14.03

67.00

66.00

60.25

[1] Original data
[2] Annual average daily levels
[3] Annual average equivalent A-weighted sound pressure levels
3
3
3
[4] µg/m [5] mg/m [6] ng/m [7] dB
[8] Number of monitoring stations for air pollutants; Number of observation points for environmental noise
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Table 3.- Assessment of the exposure differential[1]. Neighbourhoods in Barcelona, 2007-2014.
Environmental hazard
variables
[2]

Air pollutants
PM10
PM2.5
NO2
SO2
CO
Benzene
Lead
[2]
Environmental noise
Daytime
Evening-time
Night-time

st

1 quintile
34.70-64.90

Quintiles of Disposable household Income (Barcelona=100)
nd
rd
th
2 quintile
3 quintile
4 quintile
64.90-79.32
79.32-92.30
92.30-110.76

th

5 quintile
110.76-251.70

Kuskal-Wallis H
p-value

[3]

35.00 (0.085) [35.03]
17.41 (0.193) [17.50]
48.38 (0.568) [48.61]
4.14 (3.828) [2.77]
0.42 (0.024) [0.41]
2.58 (0.564) [2.71]
13.38 (0.169) [13.31]

34.98 (0.111) [34.97]
17.34 (0.218) [17.45]
48.15 (0.505) [48.37]
3.87 (3.350) [2.83]
0.44 (0.032) [0.42]
2.43 (0.427) [2.56]
13.42 (0.217) [13.34]

34.97 (0.123) [34.92]
17.34 (0.169) [17.40]
48.16 (0.330) [48.24]
3.62 (2.796) [2.57]
0.44 (0.030) [0.43]
2.35 (0.425) [2.38]
13.37 (0.177) [13.51]

34.92 (0.105) [34.91]
17.33 (0.118) [17.34]
48.13 (0.325) [48.13]
5.05 (3.349) [4.61]
0.44 (0.023) [0.43]
2.17 (0.498) [2.23]
13.42 (0.162) [13.40]

35.02 (0.194) [34.98]
17.22 (0.121) [17.20]
48.09 (0.309) [48.12]
3.89 (2.656) [3.64]
0.45 (0.027) [0.44]
2.29 (0.534) [2.45]
13.32 (0.194) [13.34]

<0.001
<0.001
<0.001
0.006
<0.001
<0.001
0.001

63.33 (1.731) [63.56]
61.08 (1.852) [61.34]
54.52 (2.148) [54.55]

64.07 (1.559) [63.75]
61.57 (1.693) [61.94]
55.42 (1.915) [54.94]

63.84 (1.786) [63.65]
61.23 (1.978) [61.32]
55.13 (2.130) [55.15]

64.86 (1.863) [65.45]
62.33 (2.092) [62.33]
56.29 (2.160) [56.37]

65.71 (1.951) [66.07]
62.74 (2.101) [63.29]
57.01 (2.239) [57.62]

<0.001
<0.001
<0.001

[1] Prediction of air pollutants and environment noise levels on health data locations (centroid of neighbourhoods)
[2] Mean (Standard deviation) [Median]
[3] Non-parametric Kruskal-Wallis H test for testing whether samples originated from the same distribution
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Table 4.- Assessment of the susceptibility differential[1]. Neighbourhoods
in Barcelona, 2007-2014. Relative risks (95% credibility intervals)
Male
1.249 (1.019-1.526)

Female
1.399 (1.087-1.797)

Disposable household income [1 Quintile]
nd
2 Quintile
rd
3 Quintile
th
4 Quintile
th
5 Quintile

0.972 (0.929-1.017)
0.947 (0.895-0.999)
0.957 (0.902-1.015)
0.924 (0.854-0.999)

0.987 (0.941-1.035)
0.953 (0.899-0.999)
0.938 (0.882-0.997)
0.913 (0.843-0.989)

Interactions with Polluted neighbourhood
nd
2 Quintile
rd
3 Quintile
th
4 Quintile
th
5 Quintile

1.017 (0.899-1.152)
0.823 (0.653-1.041)
0.857 (0.684-1.077)
0.794 (0.632-1.002)

0.973 (0.850-1.114)
0.716 (0.539-1.042)
0.711 (0.545-1.045)
0.706 (0.537-0.932)

Polluted neighbourhood [Non-polluted]
st

Below, only relative risks whose credibility interval 90% or 95% did not contain
the unit are shown.
Air pollutants
PM10
Benzene
Environmental noise
Daytime
Evening-time

1.377 (0.907-2.081)
1.077 (1.004-1.207)

1.117 (1.018-1.240)

1.219 (0.904-1.580)
1.131 (1.014-1.261)

1.044 (0.748-1.457)
1.117 (0.954-1.309)

Interactions with quintiles of income
st

Air pollutants [1 Quintile]
nd
PM2.5-2 Quintile
th
NO2-5 Quintile
th
CO-5 Quintile
th
SO2-5 Quintile
th
Benzene-5 Quintile
st
Environmental noise [1 Quintile]
Evening-time noise
nd
2 Quintile
th
5 Quintile
th
Night-time noise-5 Quintile
[Reference category between brackets]

1.253 (0.956-1.640)
0.918 (0.795-1.059)
0.143 (0.007-2.835)
0.987 (0.972-1.003)
0.850 (0.704-0.989)
0.944 (0.887-0.999)
1.125 (1.008-1.269)
0.840 (0.668-1.055)

0.898 (0.705-0.993)
0.950 (0.874-1.033)
1.010 (0.871-1.148)

The 95% credibility interval did not contain the unity; the 90% credibility interval did not contain
the unity
Models adjusted for housing prices and land use variables (percentages of the surface area of the
neighbourhood on public services, industries and infrastructures, roads, urban parks, forest parks and
density of population), with spatio-temporal adjustment.
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Figure 1.- Spatial distribution of the disposable household income by
neighbourhoods in Barcelona[1].

Source: OpenDataBCN website[49]
[1] Median of the period 2007-2014
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Figure 2a.- Spatial distribution of the death rates (per 10,000 inhabitants) by neighbourhoods in Barcelona[1], men, and its
relation with disposable household income
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Source: OpenDataBCN website[49] [1] Median of the period 2007-2014
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Figure 2b.- Spatial distribution of the death rates (per 10,000 inhabitants) by neighbourhoods in Barcelona[1], women, and
its relation with disposable household income
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Source: OpenDataBCN website[49] [1] Median of the period 2007-2014
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Figure 3a.- Smoothing of the relationship between the environmental hazard variables and the disposable household
income, Barcelona, 2007-2014.
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Figure 3b.- Smoothing of the relationship between the environmental hazard variables and the disposable household
income, Barcelona, 2007-2014.
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Figure 3c.- Smoothing of the relationship between the environmental hazard variables and the disposable household
income, Barcelona, 2007-2014.
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Figure 3d.- Smoothing of the relationship between the environmental hazard variables and the disposable household
income, Barcelona, 2007-2014.
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Figure 3e.- Smoothing of the relationship between the environmental hazard variables and the disposable household
income, Barcelona, 2007-2014.
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