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Background: Few studies have focused on the social inequalities associated with environmental noise despite its
significant potential health effects. This study analysed the associations between area socio-economic status (SES)
and potential residential exposure to road traffic noise at a small-area level in Marseilles, second largest city in
France. Methods: We calculated two potential road noise exposure indicators (PNEI) at the census block level (for
24-h and night periods), with the noise propagation prediction model CadnaA. We built a deprivation index from
census data to estimate SES at the census block level. Locally estimated scatterplot smoothing diagrams described
the associations between this index and PNEIs. Since the extent to which coefficient values vary between standard
regression models and spatial methods are sensitive to the specific spatial model, we analysed these associations
further with various regression models controlling for spatial autocorrelation and conducted sensitivity analyses
with different spatial weight matrices. Results: We observed a non-linear relation between the PNEIs and the
deprivation index: exposure levels were highest in the intermediate categories. All the spatial models led to a
better fit and more or less pronounced reductions of the regression coefficients; the shape of the relations
nonetheless remained the same. Conclusion: Finding the highest noise exposure in midlevel deprivation areas
was unexpected, given the general literature on environmental inequalities. It highlights the need to study the
diversity of the patterns of environmental inequalities across various economic, social and cultural contexts.
Comparative studies of environmental inequalities are needed, between regions and countries, for noise and
other pollutants.

Introduction

oise imposes the second largest environmental burden on health,
Nafter ambient air pollution." Relatively few studies examine
inequalities in environmental noise exposure (from transportation,
industrial or domestic sources), compared with the abundant
literature about exposure to other environmental risks and
pollutants (e.g. proximity to industrial and toxic waste sites or air
pollution from industry and transportation).>> The evidence is con-
flicting. Several studies show that individuals of low socio-economic
status (SES)>*™ or living in deprived areas”® are more likely than
others to report noise annoyance. Similarly, studies based on noise
exposure modelling or indicators of proximity to noise sources
(roads, railways and airports) report greater noise exposure among
people of low SES**™'! or belonging to specific communities (black
ethnic groups).'* Nonetheless, studies in the Netherlands and France

report that environmental noise exposure levels are highest in
advantaged neighbourhoods.”'*"

Among these studies, only one attempted to take spatial autocor-
relation (referred to hereafter as autocorrelation) into account'? as
recommended for studying environmental inequalities."*'> It refers
to the non-independence of observations of neighbouring geograph-
ical areas.'® More intuitively, spatial autocorrelation can be loosely
defined as the coincidence of value similarity with locational
similarity. Failure to take autocorrelation into account violates the
hypotheses of independence that underlie the application of
ordinary least square regression models and increases the risk of
false-positive findings (type I error)."”

Correction for autocorrelation might modify the relative size of
regression coefficients corresponding to explanatory variables and
their categories'”™"° differently, depending on the specific spatial
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model used. It follows that instead of using just one model that takes
autocorrelation into account, as in the only study on noise
inequalities that attempted to address this issue,'® several different
models should be compared."”

We conducted an ecological geographical study at a small-area
level to test the hypothesis of an inverse relation between road
noise exposure and deprivation at the small-area level in
Marseilles (southeastern France) while taking autocorrelation into
account. To verify the robustness of our results, we conducted our
analyses with various statistical models and spatial weight matrices,
as recommended for studying autocorrelation.'”*

Methods

Study area and spatial scale

Marseilles (852 395 inhabitants in 2007; 240.62 km?) is second only
to Paris in size among French cities. The spatial scale of the units of
analysis was the French census block level, a submunicipal division
designed by the National Institute for Statistics and Economic
Studies (INSEE). It is the smallest geographic unit in France for
which demographic and socio-economic information is available
from the national census.”’ Marseilles comprises 392 census
blocks; 54 with fewer than 250 inhabitants each in 2006 (2.9% of
the total population) were excluded because INSEE reports reliabil-
ity problems for the corresponding population census data. The
average number of inhabitants in the remaining 338 census blocks
was 2412 (minimum = 733; median = 2323; maximum = 4728).

Deprivation index

We built a socio-economic deprivation index at the census block
level following a previously published method.”* Briefly, we
extracted 17 socio-economic and demographic variables that
reflect various dimensions of deprivation (See Supplementary table
1) from the 2006 national population census (INSEE) for all the
census blocks in Marseilles and conducted a principal component
analysis. We defined the socio-economic deprivation index as the
linear combination of the variables on the first axis of the analysis.
We then divided this index according to quintiles: the first category,
C,, comprised the wealthiest census blocks, and the fifth, Cs, the
most deprived.

Residential noise exposure assessment

Annual road traffic noise levels were modelled across Marseilles in
2006 as required by the Environmental Noise Directive (END) 2002/
49/EC, by Soldata Acoustic, an agency specialized in noise mapping
in France. It used the environmental noise prediction model CadnaA
(Datakustik, Munich, Germany, version 4.0) to calculate acoustic
propagation and noise levels in three-dimension. Noise calculations
applied the following data: annual average daily traffic, including
information on traffic intensity, composition, type and speed
limits. Traffic information was available from the various
transport authorities in Marseilles (for 2006). Other important
input parameters include as follows: (i) propagation characteristics;
(ii) geometry of buildings and roads; (iii) type of road surface; (iv)
location of noise barriers; (v) topography; and (vi) meteorological
factors. These data were obtained from the Marseilles municipal
Directorate of Roads, the National Geographic Institute and other
transport authorities. Those attributes are described in the European
Commission Working Group Assessment of exposure to noise
(WG-AEN) guidelines (Work Group for the END) and in the
French guidelines edited by the CERTU.”> The model used all
these data to estimate noise levels at 4m above the ground, as
required by the END, at a 10 x 10-m resolution. The noise level
of each building was also calculated by energy-averaging noise
levels at each facade of the relevant building.
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The END specifies Lden (day—evening—night level) and Ln (night
level) as the European standard indicators for assessing annoyance
and sleep disturbance. The Lden is defined as the A-weighted equiva-
lent continuous noise level (LAeq) over a 24-h period in which levels
during the evening (18:00-22:00) and night (22:00-6:00) are
increased by 5dB(A) and 10dB(A), respectively. ‘A-weighted’
means that the sound pressure levels are adjusted to take into
account the physical sensitivity of human hearings at different
sound frequencies. The Ln is defined as the A-weighted equivalent
continuous noise level (LAeq) during the night only.

We calculated an average indicator of potential road noise
exposure (road PNEI) for the population residing in each census
block;** the term potential is intended to clarify that the indicator
does not evaluate true individual exposure. The noise level of each
building calculated by CadnaA was then weighted by its estimated
population. Finally, the data were compiled at the census-block scale
to calculate the road PNEI with this formula:

1 N .
Road PNEI_Lden = 10xlog (m Zbuil d ninhabyilg

<10 <Ld€nbuﬂd> )
10

where ninhab,,, is the number of inhabitants in the census block; N
is the number of residential buildings (build) in the census block;
ninhaby,jq is the number of inhabitants of each residential building;
and Ldeny,;q is the (energy-averaged) noise level (Lden) for each
building.

The formula had the same structure for night time (road PNEI_
Ln) but used the Ln instead of Lden.

Statistical analysis

We used Spearman rank correlations and scatter plots with a smooth
curve fitted by locally estimated scatterplot smoothing to describe
bivariate associations between each PNEI and the deprivation index.
We used Moran’s index (I) to assess the autocorrelation for each
road PNEI and for the deprivation index. Moran’s index varies from
—1 (negative autocorrelation, meaning that neighbouring census
blocks have dissimilar values for the variable considered) to +1
(positive autocorrelation: similar values).

We first studied associations between each road PNEI (dependent
variable) and the deprivation index (explanatory variable) with an
ordinary least squares (OLS) regression model:

Y = XB + &; withe ~ Normal (0,02)

where Y corresponds to the road PNEI, X to the deprivation index
and B to the regression coefficient associated with the deprivation
index.

To take autocorrelation into account in the case of lattice data
(e.g. the lattice formed by the census blocks of Marseilles), we used
two common types of autoregressive models: simultaneous
autoregressive models (SARs)*>*® and conditional autoregressive
models (CARs).?” The SAR models link the value of the variable Y
in the ith area (Y;) to a linear function of the values of Y in nearby
areas;’®?” for CAR models, it is the conditional expectation of Y;
with respect to all other values of Y that is defined as a linear
function of the values of Y in nearby areas.”’” Specifically, we used
two popular SAR models and one CAR model (See Supplementary
Data, figure 1, for further details): the SAR;,, model, including the
response variable as a covariate in the form of a spatially lagged
variable; the SAR.,, model, including a spatial error structure to
control for autocorrelation;>>* and the intrinsic conditional
autoregressive (ICAR) model, which is a generalization of the
standard CAR model to support an irregular lattice (that formed
by the census blocks of Marseilles).?®%

We compared these four models (OLS, SAR|,4, SAR. and ICAR)
with the Akaike information criterion (AIC, which evaluates a
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Figure 1 Spatial distribution of the deprivation index (C, is the least deprived category) in the city of Marseilles (France) at a small-area level

(n=338 census blocks)

combination of goodness of fit and complexity) and residual auto-
correlation. To better understand why the estimates of the regression
coefficients shifted substantially between the spatial models and
standard OLS, we calculated Spearman rank correlations between
the spatially correlated errors of the models and the deprivation
index, as suggested when the explanatory variable shows significant
autocorrelation'® (See Supplementary Data, figures 1 and 2 for
further details).

To assess the influence of the choice of the spatial weight matrix
W on the models’ goodness of fit and regression coefficient
estimates, we performed a sensitivity analysis with six matrices
that used various criteria to define the neighbours of each census
block (See Supplementary Data for their definitions). Finally, given
the unequal population size of the census blocks, we performed
population-weighted models for the OLS and ICAR models, which
had minimal effect on our results (results available from the author
on request).

Analyses were performed with SAS version 9.2 (SAS Institute,
Cary, NC, USA) and GeoDa version 0.9.5-i. (Spatial Analysis
Laboratory, University of Illinois, Urbana-Champaign, IL, USA).
ICAR modelling was performed with the SAS code provided by
Rasmussen.”’

Results

The deprivation index (figure 1) showed a strong positive autocor-
relation (I=0.42), as did the road PNEIs (I=0.45 for Lden and 0.53
for Ln) (see figure 2 for PNEI_ Lden and Supplementary Data, figure
3 for PNEI_Ln).

Spearman correlations between the deprivation index and the
road PNEIs were positive and significant (for Lden and Ln, respect-
ively: p=0.31; P<0.0001 and p=0.32; P<0.0001). The scatterplot
of the road PNEI_ Lden according to the deprivation index showed

substantial dispersion of the former, which tended to increase with
deprivation (figure 3). The mean road PNEI_ Lden was highest for
the intermediate categories of the deprivation index (C; and C,,
table 1). Similar results were observed for the road PNEI_Ln (see
Supplementary figure S4 and Supplementary table S2).

The OLS model showed that the road PNEI_Lden was
non-linearly associated with the deprivation index: it increased
with deprivation from the first to the third deprivation categories
and tended to decrease from the third to the fifth categories (table
1). Positive autocorrelation in the residuals of this model (I=0.33)
justified the use of spatial models.

Regardless of the spatial model used, taking autocorrelation into
account improved the model fit (lower AIC and residual autocor-
relation) and reduced the coefficients, most notably in the SAR.,,
model (table 1). Nonetheless, the coefficients remained positive and
associated with increased exposure for the C,—C, categories of the
deprivation index in the SAR|,; and ICAR models and for the C, and
C; categories in the SAR,,, model. As with the OLS model, the shape
of the relation was non-linear in all three spatial models. The
stronger the correlation between the spatial errors and the depriv-
ation index, the greater the change in the regression coefficients for
deprivation compared with the OLS model (see Supplementary
Data, figure 2). The sensitivity analyses indicated that regression
coefficients related to the C,—C, categories were most often
positively associated with exposure (see Supplementary table S3
and Supplementary figure S5). We observed similar results for the
road PNEI_Ln (see Supplementary table S2).

Discussion

We observed a non-linear relation between the road PNEIs and the
deprivation index at the census-block level in Marseilles: noise
exposure levels were highest in the intermediate categories of this
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index. Both the PNEIs and the deprivation index had significant and
positive autocorrelation. All the models taking autocorrelation into
account produced better fit and lower estimated coefficients than the
standard regression. Some of these spatial models did not find

significant differences in exposure between census blocks ranked
in the lowest (C;) and the highest (Cs) deprivation categories.
However, the shapes of the relations remained the same, regardless
of the model and spatial matrix used.
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Table 1 Association between the road potential noise exposure indicator Lden [dB(A)] and the deprivation index with different statistical
models® (Marseilles city, France, n=338 census blocks)

Mean (SD) OoLs SAR|5g SARerr ICAR

B (SD)® P-value B (SD)® P-value B (SD)® P-value B (SD)® P-value

Intercept 56.17 (0.51)  <0.0001 23.56 (2.66)  <0.0001 4221 (3.04)  <0.0001 57.98 (0.42)  <0.0001
Deprivation Cq€ 56.2 (4.2) 0.00 Ref. 0.00 Ref. 0.00 Ref. 0.00 Ref.
categories G, 59.2 (3.2) 3.00 (0.71) 0.0003 2.00 (0.59) 0.0006 1.38 (0.58) 0.0172 1.84 (0.56) 0.0011
G 61.2 (3.5) 5.00 (0.71)  <0.0001 3.16 (0.59)  <0.0001 1.76 (0.66) 0.0072 3.00 (0.61)  <0.0001
Cy 60.8 (4.3) 462 (0.71)  <0.0001 3.10 (0.59)  <0.0001 1.03 (0.67) 0.1271 2.19 (0.63) 0.0006
Cs 59.9 (5.3) 3.75(0.72)  <0.0001 1.31 (0.59) 0.0268  —1.63 (0.76) 0.0304 0.32 (0.78) 0.6459
28 0.54 (0.05)  <0.0001
o9 0.99(0.00) <0.0001
AlC® 1926 1800 1734 1764
If residual 0.33 0.09 -0.06 -0.05

a: Weight matrix is a cumulative second-order rook contiguity matrix of all models. See Supplementary Data for a detailed presentation of

the matrices

b: Regression coefficient (standard error)

c: Cq is the least deprived category and was taken as a reference
d: Spatial autoregressive parameters

e: Akaike information criterion

f: Moran's index

Bold values: statistical significant associations (p <0.05)

Limitations and strengths

These findings should be interpreted cautiously and with the
following methodological considerations borne in mind. First, our
study was ecological. We did not collect individual data about social
characteristics, noise exposure, living conditions or residential char-
acteristics; social disparities exist in the measures individuals can
afford to take to protect their homes against environmental noise
(e.g. double glazing or air conditioning to avoid opening windows in
summer).” No inferences can thus be drawn from our results at the
individual level.’® Furthermore, the chronology of causal
mechanisms related to the inequalities we observed cannot be
determined from this cross-sectional design.

Secondly, road PNEIs were estimated with the CadnaA prediction
model, a well-recognized tool for urban noise mapping.®' It requires,
however, large quantities of input data and parameters, each subject
to some degree of uncertainty, due to data sources, estimation
methods or measurement tools. Since all of these are difficult to
assess and could not be taken into account in the modelling, they
could have induced substantial exposure error.

Thirdly, one strength of this study is that it applied recommen-
dations of recent advanced research in the field of geographical
ecology'”?° to address spatial autocorrelation. This is required to
ensure the validity of the statistical models and reduce the risk of
type I errors. This risk may be especially important in this study
because the spread of noise levels within each census block was
probably substantial. In the absence of individual data, addressing
spatial autocorrelation was thus necessary and led to better model fit
and lower residual autocorrelation (substantial reduction of AIC and
Moran’s index between OLS and spatial models, table 1). Regardless
of the model, we observed a similar non-linear relation between the
PNEI and deprivation index, with exposures highest in the inter-
mediate deprivation categories. This finding demonstrates the
stability of this result. However, the coefficients estimated for the
deprivation effect might have been spuriously distorted, which could
explain, for example, the lack of real differences in the PNEIs for the
C; and Cs categories in the ICAR model. Substantial collinearity
existed between the explanatory variable (deprivation index) and
the models’ spatial error terms (see Supplementary Data, figures 1
and 2), as observed elsewhere.'® This correlation might be due to the
inability of the regression models to separate the spatial random

effect from the deprivation effect when both the outcome and ex-
planatory variables are strongly correlated.'>*>** Further research is
needed to address this problem."?

Comparison with the published literature

Most studies based on noise exposure estimations or indicators of
proximity to noise sources (roads, railways and airports) have
reported greater noise exposure among people of low SES**™'!' or
belonging to specific disadvantaged ethnic groups.'” Our results,
somewhat unexpected in light of the general literature on environ-
mental inequalities, are nonetheless similar to those of several other
studies in France and elsewhere in Europe. For example, the highest
noise exposure levels from road traffic in Paris (France) were
observed in advantaged neighbourhoods.”> In the largest French
region (Ile-de-France), advantaged and deprived areas do not
differ in their exposure to noise from road traffic or small
airports.” In a Dutch region, the highest levels of aircraft noise
exposure were found in advantaged neighbourhoods,'® and in
Norway, the relation between individual SES and noise exposure
varies according to the size of the city.!" In the city of Strasbourg
(eastern France), a study of environmental inequalities associated
with air pollution found a non-linear relation between levels of air
pollution and deprivation, with the greatest exposure in the inter-
mediate census blocks.*®

Hypotheses related to local history of urban planning

Common explanations of environmental inequalities include
economic (e.g. housing market dynamics, income), socio-political
(e.g. participation in decision making, capacity to mount effective
opposition) and ethnic discrimination.” In particular, ethnic barriers
and economic conditions probably play central roles in shaping the
micro-level  mobility dynamics underlying environmental
inequalities.’* Our results should be viewed in the context of local
history, urban design and land-use planning. Together with
economic, socio-political and ethnic factors, these might explain
the pattern of environmental inequalities we found, different from
that the bulk of the published literature led us to expect.
Marseilles, located on the Mediterranean coast, is one of the oldest
cities in Europe (founded in 600 BC). Its historic centre is located on
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the north side of the Old Harbour and was home to most
commercial and craft activities until the 19th century, when the
industrial harbour was constructed on the northern coast. The city
subsequently spread out around the Old Harbour into the surround-
ing countryside differentially according to social class: the upper
middle classes settled in the south and east, fleeing the working
class areas in the noisy city centre, while some of the working
class moved to the north, where jobs opportunities increased.
Urban planning during the 1950s through the 1970s accentuated
this spatial distribution of social classes by constructing 90% of
new subsidized (public) housing in the northern outskirts of the
city.”® This spatial distribution is still observed today, with the
most deprived census blocks mainly located in two parts of the
city: the northern part of the historic city centre (with high
exposure to road traffic noise, old, partly dilapidated housing and
housing prices lower than in the rest of the city), and the northern
outskirts of Marseilles, where the road network is less dense than in
the city centre. The substantial variability in road noise exposure in
the Cs category might have masked true differences between this
category and C,. Residents of the C; deprivation class (and to
some extent those of the C, and C, categories) live along the
principal state highways in the eastern part of Marseilles, in areas
where housing is dense and road PNEIs are the highest. At the same
time, they have access to lower housing costs than residents of more
affluent census blocks, and better access to public transportation and
fewer social disadvantages than those of areas located on the
outskirts of the city.*

Our study, applying recently recommended methodological
approaches for dealing with autocorrelation, found social
inequalities in potential residential exposure to road traffic noise
in Marseilles (France), with exposure highest in areas of intermedi-
ate deprivation. It highlights the need to study the diversity of the
patterns of environmental inequalities across various economic,
social and cultural settings and suggests that comparative studies
of environmental inequalities are needed across regions and
countries for noise and other pollutants. Further research is
needed to improve our understanding of the process by which
these inequalities are constructed and to help public authorities to
design effective national and local policies to reduce them.

Supplementary data
Supplementary data are available at EURPUB online.
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Key points

e Despite the significant potential health effects of environ-
mental noise, few studies have focused on social inequalities
in exposure to it, and the evidence appears conflicting.

e The only study that attempted to take spatial autocorrelation
into account (as recommended for studying environmental
inequalities) highlighted methodological difficulties and sug-
gested that similar analyses be conducted in other settings
with more advanced methods that would improve consid-
eration of spatial autocorrelation.
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e We assessed social inequalities in residential exposure to
road traffic noise at a small-area level in Marseilles while
taking spatial autocorrelation into account and testing the
robustness of our results with various spatial statistical
models and weight matrices (which has not been
previously done).

e Regardless of the spatial model or matrix used, exposure
levels were highest in the intermediate categories of
deprivation; this robust finding, although similar to others
in the field of noise, was nonetheless somewhat unexpected
in light of the general literature on environmental
inequalities.

e The results highlight the need for comparative studies of
environmental inequalities across regions and countries.
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Using multiple measures of inequalities to study the
time trends in social inequalities in smoking
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Introduction

It has been widely acknowledged in the literature that smoking and  lations
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Background: The time trends in social inequalities in smoking have been examined in a number of international
publications; however, these studies have rarely used multiple measures of health inequalities simultaneously.
Also the analytical approach used often did not account, as recommended, for the changes in the relative distri-
bution of social groups and the changes in the absolute level of the health outcome within social groups.
Methods: Data from four successive waves of the Belgian Health Interview Survey (1997, 2001, 2004, 2008)
were used to study the time trends in educational inequalities in daily smoking for those aged between 15
and 74 years. We estimated two measures of relative inequalities: the OR and the relative index of inequal-
ity; and two measures of absolute inequalities: the population attributable fraction and the slope index of
inequality. Three of these measures (relative index of inequality, population attributable fraction, slope index
of inequality) account for the change in the relative size of the social groups over time. Results: The four measures
of inequality were consistent in showing significant inequalities among educational groups. The time trends,
however, were less consistent. Measures of trends in relative inequalities witnessed a small linear increase.
However, no substantial over time change was observed with the measures of absolute inequalities.
Conclusion: The time trends in social inequalities in smoking varied according to the measure of inequality
used. This study confirms the importance of using multiple measures of inequalities to understand and monitor
social inequalities in smoking.

(SES) in European countries. As a result, 11 studies were found to
examine the trends in social inequalities in smoking in adult popu-
713 and five studies among subpopulations, namely adoles-

smoking-related diseases contribute substantially to health  cents and pregnant women '®* (a summary table is available as an

inequalities.'™ This has generated a keen interest among researchers
and policy makers in monitoring the time trends in social
inequalities in smoking. A non-systematic review of the literature
was undertaken to identify the studies published since 2000 that
examined the time trends in smoking by socio-economic status

online supplementary material). This review shows that in most
European countries social inequalities in smoking are increasing or
persisting over time. Also, it shows that most of these studies relied
on one measure of inequality and had an analytical approach that
did not account for the over time changes in the population. Two
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