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to address this issue. A very common approach is to create an index which aggregates all
the highly correlated variables of interest. For example, it is well known that there is a
relationship between social deprivation measured through the Multiple Deprivation Index
(IMD) and air pollution; this index is then used as a confounder in assessing the effect of
air pollution on health outcomes (e.g. respiratory hospital admissions or mortality). How-
ever it would be more informative to look specifically at each domain of the IMD and
at its relationship with air pollution to better understand its role as a confounder in the
epidemiological analyses.

In this paper we illustrate how the complex relationships between the domains of IMD
and air pollution can be deconstructed and analysed using profile regression, a Bayesian
non-parametric model for clustering responses and covariates simultaneously. Moreover,
we include an intrinsic spatial conditional autoregressive (ICAR) term to account for the
spatial correlation of the response variable.

© 2016 The Authors. Published by Elsevier Ltd.
This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

gression models, due to the potential collinearity of the ex-
planatory variables. This issue is well known in epidemio-

In many statistical applications a common challenge
arises when trying to assess meaningful relationships
between explanatory variables and outcomes through re-
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logical or social studies, for instance where questionnaires
or surveys collect information on a large number of po-
tential risk factors for particular end points; in this con-
text a simplistic approach consists in examining each vari-
able in turn to avoid the instability in the estimates due
to the collinearity, making it impossible to judge the more
realistic complex relationship involving several risk factors
at the same time. A different approach combines all the
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relevant variables into summary scores or indexes and as-
sesses the relationship of these with the outcome of in-
terest, which is free from the collinearity issue, but loses
information on the single variables included in the sum-
mary.

Recently, Dirichlet process mixture models have been
used as an alternative to regression models (Bigelow and
Dunson, 2009; Dunson et al., 2008). In this paper we focus
on the model known as profile regression and proposed by
Molitor et al. (2010). Profile regression is a Bayesian non-
parametric method which assesses the link between po-
tentially collinear variables and a response through clus-
ter membership. This allows to formally take into account
the correlation between the variables without the need to
create a summary score, giving more flexibility to the in-
ferential process. Profile regression has been used on sev-
eral applications in environmental and social epidemiol-
ogy and the R package PReMiuM (Liverani et al., 2015)
makes it readily available to any applied researcher. For in-
stance (Molitor et al., 2010) considered the National Survey
of Children’s Health and in particular investigated a large
number of health and social related variables on mental
health of children age 6-17, while (Papathomas et al., 2011)
focussed on profiles of exposure to environmental carcino-
gens and lung cancer in the EPIC European cohort. Profile
regression has also been used in environmental epidemi-
ology (Pirani et al., 2015), for studying risk functions as-
sociated with multi-dimensional exposure profiles (Hastie
et al., 2013; Molitor et al., 2014) as well as for looking for
gene-gene interactions (Papathomas et al., 2012).

In its present formulation, profile regression has only
been used for studies based on cohorts or surveys where
information on the predictors/outcomes is available on
each individual; in this paper we extend the method to
fit small area studies, commonly used in epidemiological
surveillance (see for instance Elliott and Wartenberg, 2004)
or in studies where the interest lies on the spatial variabil-
ity of an outcome (Barcelo et al., 2009) or on cluster de-
tection (Abellan et al., 2008; Li et al., 2012). In this types
of studies information is available at the area level rather
than at the individual level and space is used as a proxy for
any unmeasured variable; the common assumption is that
areas which are close to each other are more similar than
those further apart, suggesting that an additional source of
correlation, namely spatial correlation needs to be accom-
modated in the models. We incorporate it in the model
through a conditional autoregressive structure (Besag et al.,
1991) based on a neighbourhood definition, thus assuming
that conditional on the neighbourhood structure, two ar-
eas are independent from each other if they do not share
boundaries. We apply the spatial profile regression to the
problem of environmental and social inequalities in Lon-
don, jointly modelling social deprivation and air pollution
to highlight the presence of environmental justice.

The paper is structured as follows. In Section 2 we
present the motivating example for our methodological de-
velopment of the spatial profile regression, introducing the
context of social and environmental inequalities and how
they are related; we also describe the available data. In
Section 3 we provide a brief summary of the profile regres-
sion and present how to extend it to include spatial corre-

lation. In Section 4 we illustrate how the model works on
evaluating the relationship between social deprivation and
air pollution. Section 5 presents some discussion points
and ideas for future work.

2. Example: social deprivation and air pollution in
London

The scientific literature reports mixed evidence on the
link between socio-economic status and air pollution. Re-
cent studies indicated that air pollution tends to influence
most deprived groups, suggesting that people with lower
socio-economic status are more likely to live in a more
hazardous and polluted living environment, accidentally
or deliberately (Blowers and Leroy, 1994; Brown, 1995;
Morello-Frosch et al., 2002; O'Neill et al., 2003). In particu-
lar, ecological studies using small areas such as neighbour-
hoods, census tracts and post codes, report this associa-
tion, while studies carried out at a lower spatial resolution
(e.g. region, country), thus characterised by more aggregate
measurements of socio-economic characteristics, showed
either non-existent or negative associations (Davidson and
Anderton, 2000; Laurent et al., 2007), presumably due to
the large within-area variability not taken into account,
or even an inverse association, with higher exposures in
less deprived groups (Perlin et al., 1995). In the UK several
studies reported positive or non-linear correlation between
environmental pollution and the deprivation index at both
small area level and country level. However the results var-
ied depending on the selection of environmental hazards
and scale of analysis (Briggs et al., 2008), calling for some
more research on the topic.

Understanding environmental and social inequalities is
a key issue as growing health disparities appear between
people with socially disadvantaged and privileged social
classes, which can translate into increased mortality or
morbidity for the low socio-economic groups across a wide
range of diseases (Benach et al., 2001; Brulle and Pellow,
2006), including lung cancer (Pope et al., 2011), cardiovas-
cular events (Peters et al., 2004; Tonne et al., 2007), and
childhood respiratory diseases (Morgenstern et al., 2007).

In addition, the exposure of air pollution can lead
to negative health outcomes acutely or chronically (Chen
et al., 2008). Previous studies reported possible mech-
anisms to explain how environmental exposures result
in greater health impact among socially disadvantaged
groups, who may have increased susceptibility to the ef-
fect of these exposures because of limited access to health
care and psychosocial stress; underlying health conditions
such as cardiovascular diseases and respiratory diseases
that increase susceptibility to the effect of these expo-
sure may also vary between deprived and privileged pop-
ulations (Morello-Frosch and Jesdale, 2006; O’Neill et al.,
2003). These environmental exposure inequalities are in-
creasingly considered as a potential determinant of health
disparities (Morello-Frosch and Jesdale, 2006). In addition,
it has been suggested that the disparities grow in more
deprived areas as health improves faster in high socio-
economic groups (Higgs et al., 1998; Leyland et al., 2007).

Although individual determinants (such as smoking) or
individual risk responses (such as closing windows to avoid
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