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a b s t r a c t

Development of health promoting policies requires an understanding not just of the interplay between

different measures of health but also their relationship with broader education, criminal justice and

other social issues. Methods to better utilise multi-sectoral data to inform policy are needed. Applying

clustering techniques to 30 health and social metrics we identify 5 distinct local authority types, with

poor outcomes for the majority of metrics concentrated in the same cluster. Clusters were distin-

guished especially by levels of: child poverty; breastfeeding initiation; children’s tooth decay; teenage

pregnancy; healthy eating; mental illness; tuberculosis and smoking deaths. Membership of the worst

cluster (C5) was focused in Northern England which contains 15.7% of authorities analysed (n¼324),

but 63.0% of those in C5. The concentration of challenges in certain areas creates disproportionate

pressures that may exceed the cumulative effects of individual challenges. Such distinct health clusters

also raise issues of transferability of effective policies between areas with different cluster membership.

& 2011 Elsevier Ltd. All rights reserved.
1. Background

The presence of health inequalities between and within countries
is not only a product of differential poverty and inequitable access to
healthcare services, but is also associated with structural inequal-
ities that affect the circumstances in which people live and work
(Murray et al., 2007; Commission on Social Determinants of Health,
2008; Department of Health, 2009; Marmot, 2005, 2010). In even
the most affluent countries, those who are richest experience lower
rates of ill health and greater life expectancy than those who are
poorest, with a disparate array of factors, for example social
exclusion, nutritional adequacy and transport and employment
policies, all playing their role (Wilkinson and Marmot, 2003).
Consequently, the health status of a population should be of concern
to policy makers in a number of sectors, not solely those working
within health (Marmot, 2005). In addition to data describing ill
health, public health practitioners and policy makers now frequently
utilise behavioural, environmental, economic, educational and even
criminal justice data (Stachenko, 2008; Bellis et al., 2005; Rutherford
et al., 2007) in order to assess the health of the population.
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Historically, academic analyses and policy responses have often
followed a silo approach examining issues such as obesity, mental
health, teenage pregnancy, violence and overall life expectancy
separately, yet more recent work is considering the links between
different issues (Felitti et al., 1998; Harden et al., 2009; Hillis et al.,
2010; Duarte et al., 2010; Weiler et al., 2010; Barton and Pretty,
2010). Thus, it is often the combination of these factors that affects
the well-being of different communities, with interactions between
different health and social problems impeding the effectiveness of
potential interventions (e.g. encouraging walking and other outdoor
exercise in areas with high levels of violence; Bellis et al. 2008).

While the need to base policy changes on scientific evidence is
unquestionable, increasing the breadth of health and social measures
calls for an integrated approach to their analysis and interpretation,
adding understanding rather than just additional complexity to local
health strategies. Thus, relationships between different metrics
should expose links between objectives of different stakeholders
and consequently inform joint working. Furthermore, broader public
health metrics can identify localities with similar public health
profiles that either require comparable external support or may
usefully work together and learn from each other’s actions. Examples
of such processes at the international level include: the use of multi-
sectoral data to identify globally the least developed countries
(Klugman, 2010); clustering techniques on sub-national regions of
the European Union (I2SARE, 2010) to establish areas with similar
health status; and clustering of smaller populations within a country

www.elsevier.com/locate/healthplace
www.elsevier.com/locate/healthplace
dx.doi.org/10.1016/j.healthplace.2011.08.003
mailto:M.A.Bellis@ljmu.ac.uk
mailto:I.H.Jarman@ljmu.ac.uk
mailto:J.Downing1@ljmu.ac.uk
mailto:C.Perkins@ljmu.ac.uk
mailto:C.M.Beynon@ljmu.ac.uk
mailto:K.E.Hughes@ljmu.ac.uk
mailto:P.J.Lisboa@ljmu.ac.uk
dx.doi.org/10.1016/j.healthplace.2011.08.003
dx.doi.org/10.1016/j.healthplace.2011.08.003


M.A. Bellis et al. / Health & Place 18 (2012) 138–143 139
for largely socio-economic purposes (Office for National Statistics,
2001; Vickers and Rees, 2007). More specifically profile matching has
also been used to inform comparisons and develop links
between areas with similar profiles from a judicial perspective
(e.g. Association of Police Authorities, 2006).

In 2005, the Association of Public Health Observatories produced
(for the Department of Health, England) a set of local authority
public health metrics for England (Association of Public Health
Observatories, 2006). Production followed a systematic process to
identify what were both important data sets relating to public
health and ones that could be provided with reliable quality and
regularity at a local administrative level. Available as single profiles
for each local authority (n¼324), the latest iterations (2010)
comprise 31 data items; each calculated according to quality
assured, published and peer reviewed methodologies. Measures
include health risks and protective behaviours, morbidity and
mortality as well as data relating to crime, education, economics
and the environment (Department of Health and the Association of
Public Health Observatories, 2010). Standard clustering techniques
provide objective methodologies for combining public health
metrics to better identify discrete groups of localities with similar
public health profiles and to establish relationships between trends
in each metric which can be visualised by cohort (Friedman and
Rubin, 1967, Lisboa et al., 2008). Here we use an established
clustering methodology (K-means) on the public health metrics
calculated for the 2010 local authority profiles in order to explore
how a range of factors across the life course affect areas in England
differently. We identify how clustering patterns relate to each
public health metric and to independent established measures of
inequality (i.e. disposable income and deprivation). Finally, we
discuss the benefits of this approach in the development of national
policy and local multi-agency working.
1 Five local authorities were excluded from the analysis as local authority to

NUTS3 matching resulted in them being extreme outliers in the correlation.
2. Methods

Full details of the calculation, selection and quality assurance
processes used in the production of the health profiles metrics are
described in detail elsewhere (Department of Health and the
Association of Public Health Observatories, 2010). Of 31 metrics in
the health profiles only IMD (Index of Multiple Deprivation) was
excluded as it is a broad composite measure containing elements
of other metrics in the profiles. All data items in the health
profiles were examined for missing data and appropriateness for
cluster analysis. From the 30 health profile metrics (see footnote
Table 1 for a description of each metric) missing values were
present in five variables (smoking in pregnancy [8.6%], breast-
feeding initiation [6.8%], statutory homelessness [6.5%], children’s
tooth decay [4.3%] and new cases of tuberculosis [1.2%]) and
missing cells in each metric were imputed to the corresponding
metric median.

Data for each metric were re-scaled to the same range (0 and
100) so that no single indicator dominated the clustering process.
The standardised metrics were then clustered using K-means
clustering. Initially, clustering randomly generates a small num-
ber of cluster centres, defined by values (i.e. coordinates) for each
of the health profile data variables used. All local authorities are
then assigned to their closest cluster centre and the centre point
redefined as the mean value for each of the health profiles data
variables across the local authorities in that cluster. An iterative
process then continues to re-assign all points to the nearest of the
updated cluster centres and again recalculates the centre point
values. The process is ended by reaching a point where no further
changes in assignment to cluster are seen. By also repeating the
whole process starting with a range of different numbers of initial
cluster centres and values for starting clusters, the most robust
clustering patterns with greatest differentiation between clusters
were identified (Bacciu et al., 2009). The statistical analyses used
SPSS (release 17.0.0; SPSS, 2008) and MATLAB (version 7.8.0
R2009a; MATLAB, 2009) 64bit for clustering.

Differences in metrics were measured using a test of medians
across all clusters. In order to visualise local authority clusters,
data are presented as a scatter plot (Fig. 1). Here x and y axes
(labelled Principal Separating Axes; PSAs) are combinations of the
re-scaled health profile variables used in the clustering process.
The PSAs are comparable to the principal components generated
in principal component analysis (Jolliffe, 2002) but here, PSAs are
selected on the basis of showing the maximum variance between
clusters in order to show their separation in a two dimensional
plot (Lisboa et al., 2008). In order to examine the stability of local
authority cluster membership (sensitivity analysis), clustering
was repeated using subsets of the health profile variables and
the contribution of each health profile variable to each PSA, and
hence to cluster separation, was examined (Lisboa et al., 2008).

IMD was later used in additional analyses after clustering had
been undertaken in order to explore its relationship with mea-
sures of cluster separation. Gross disposable household income
was also used for these purposes. Gross disposable household
income is available at NUTS (Nomenclature of Units for Territorial
Statistics) geography for England at level 3 (defined as counties or
groups of unitary authorities, n¼92; Office for National Statistics,
2009). Median gross disposable household income per NUTS3
area was used for each local authority nested within a NUTS3
area. IMD and gross disposable household income were chosen to
explore clustering as a robust composite and discrete measure of
inequality respectively. Data are also presented graphically using
local authority and regional boundaries as well as using hexagon
mapping where hexagon areas relate to the population of each
local authority; Birmingham local authority, for example, is
represented by 11 hexagons, while Rutland, a much smaller local
authority is represented by half a hexagon (Map 1a, b; Thomas
and Dorling, 2004). For each local authority, population sizes and
the ethnic make-up of the population were taken from the Office
for National Statistics (Office for National Statistics, 2008; Office
for National Statistics, 2011).
3. Results

Fig. 1 shows a two dimensional visualisation that identifies
five discrete clusters (C1 to C5) by plotting each local authority on
the two composite measures of health profile variables calculated
to show maximum cluster separation (see Methods). In this
scatter plot, all clusters separate along the first separating axis
PSA1. Clusters 1 to 5 represent 11.3, 12.3, 11.5, 5.3 and 10.7
million individuals respectively (based on mid-2008 local author-
ity population estimates; Office for National Statistics, 2008).

Correlation of all metrics with PSA1 (from Fig. 1) is presented
in Table 1 with deaths from smoking, teenage pregnancy, life
expectancy for males and females, early deaths from heart disease
and stroke, incapacity benefits for mental illness, children in
poverty, early deaths from cancer and adults who smoke all
strongly correlated with the axis (R40.8 or Ro�0.8). Each local
authority’s value for PSA1 was also correlated with measures of
inequality; IMD (R¼�0.85, Po0.001) and gross disposable
household income (R¼0.65; Po0.001).1 PSA2 primarily distin-
guishes C4 with 95.5% (21/22) of the local authorities within C4
being based in London (Map 1a).



Table 1
Cluster medians per metric ordered best to worst and correlation coefficients with Principal Separating Axis 1.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

1 Deaths attributable to smoking, directly age standardised rate, 35 years þ , 2006–08. 2 Under-18 conception rate per 1000 females aged 15–17 (crude rate) 2006–08

provisional. 3 Life expectancy at birth, years, all ages, 2006–08, males. 4 Mortality from all circulatory diseases, directly age-standardised rate, per 100,000 population

under 75, 2006–08. 5 Claimants of incapacity benefit with mental or behavioural disorders, crude rate per 1000 working age population 2008. 6 Percentage of children

living in families receiving means-tested benefits, 2007 (part of Indices of Deprivation 2007). 7 Mortality from all cancers, directly age-standardised rate per 100,000

population under 75, 2006–08. 8 Percentage of adults who smoke, modelled estimate using Health Survey for England, 2006–2008. 9 Life expectancy at birth, years, all

ages, 2006–08, females. 10 Hospital admissions for alcohol-related harm 2008–09, directly age and sex standardised rate per 100,000 population. 11 Recorded violence

against the person offences, crude rate per 1000 population 2008–09. 12 Pupils achieving 5 or more GCSEs, including maths and English, at grades An–C, percentage at end

of Key Stage 4 in Local Education Authority schools 2008–09. 13 Percentage of healthy eating adults, modelled estimate using Health Survey for England 2006–08. 14 Mean

number of teeth per child sampled (at age 5) which were either actively decayed, missing or filled 2007–08. 15 Infant deaths, crude rate per 1,000 live births 2006–08. 16
Percentage of obese school children in reception year 2008–09. 17 Percentage of people on GP registers with a recorded diagnosis of diabetes 2008–09. 18 Percentage of

physically active adults aged 16 and over 2008–09. 19 Percentage of obese adults, modelled estimate using Health Survey for England 2007–08. 20 Percentage of mothers

initiating breast feeding where status is known 2008–09. 21 Directly age standardised rate of malignant melanoma incidence per 100,000 population under age 75

2004–06. 22 Crude rate of tuberculosis (new cases) per 100,000 population 2006–08. 23 Percentage of mothers smoking in pregnancy where status is known 2008–09. 24
People killed or seriously injured on the roads, rate per 100,000 population 2006–08. 25 Statutory homeless households, crude rate per 1000 households 2008–09. 26
Percentage of binge drinking adults, modelled estimate using Health Survey for England 2007–08. 27 Directly age-standardised rate of hip fractures per 100,000 for

emergency admission 2008–09. 28 Total end user CO2 emissions per capita (tonnes CO2 per resident) 2007. 29 Percentage of year 1–13pupils who spend at least 3 hours

per week on high quality PE and school sport 2008–09. 30 Ratio of excess winter deaths (observed winter deaths minus expected deaths based on non-winter deaths) to

average non-winter deaths 01.08.05–31.07.08. R(PSA1)¼Correlation coefficient (Spearman’s) for each metric with Principal Separating Axis 1.
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Examination of both PSA1 and PSA2 against health profile
variables identifies that the main contributions to the separating
axes (i.e. the health profile variables with the largest loading in
absolute value in either PSA1 or PSA2) were children in poverty;
breastfeeding initiation; children’s tooth decay; teenage preg-
nancy; healthy eating adults; mental illness; new cases of tuber-
culosis and deaths from smoking. Repeating the clustering process
using only this subset of indicators results in just 12.35% of local
authorities changing their cluster membership. Exclusion of
increasing proportions of this subset of variables incrementally
alters the clustering solution.
Table 1 shows the median and inter-quartile ranges by metrics
calculated for each cluster and orders them from best to worst well-
being outcome (by median). The cell colours in Table 1 represent the
cluster allocation; for metrics one to 12, the best outcome is
observed within cluster one, while for the thirteenth metric (healthy
eating adults), the best outcome falls within cluster four, and so on.
For metrics, differences across all cluster medians per variable are
significant (Po0.001), with the exception of physically active
children (P¼0.072). For the vast majority of indicators, clusters
align with C1 (most affluent) having the best outcomes and C5
(most deprived) the worst. Thus, C5 has the worst median value for
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20 of the public health metrics and C1 the best for 19 (Table 1). C4
(mainly London) is anomalous as, despite it having relatively high to
moderate deprivation, it has the best median values for nine public
health metrics (e.g. breast feeding initiation, obese adults and excess
winter deaths) and the poorest for five (e.g. violent crime, children
in poverty). C4 is also distinguished by a very different ethnic
composition (C1 to C5 percentage white; 92.6%, 93.0, 91.3%, 64.5%
and 86.6% respectively, mid-year 2007). The North West and North
East account for 63.0% of all the local authorities in the worst cluster
C5, but only 15.7% of all local authorities in England included in the
profiles, while the East of England and South East account for 35.2%
of all local authorities but 58.2% of all those in the best public health
cluster (C1, Map 1a, b).
Fig. 1. Two dimensional visualisation of health profile clusters against Principal

Separating Axis 1 and 2.

All local authorities for which health profiles were developed (n¼324) were

included in the clustering analysis. Health profiles were not developed for City of

London and Isles of Scilly.

Map 1. Geographic distribution of local authority public health clusters mapped by (

Cluster 3 Cluster 4 Cluster 5

Bold black lines represent regional boundaries and thin lines local authorities. Popula

populations that each represent (Thomas and Dorling, 2004).
4. Discussion

Using a K-means methodology we have identified five distinct
public health clusters at a local administrative level (here, local
authorities). Despite the wide range of metrics used the vast
majority correlate strongly with a single separating axis (PSA1,
Fig. 1) representing strong interrelations between metrics. Identify-
ing strong relationships between different public health measures is
not new (Bellis et al., 2011; Schuit et al., 2002; Poulton et al., 2002).
However, that such a wide range of measures can be refined into a
set of clustered public health geographies strongly supports the
need for multi-disciplinary approaches to health and well-being;
especially in those areas facing the greatest public health challenges
(e.g. C5). Moreover, that aggregated public health metrics correlate
strongly with composite deprivation (IMD) and even a single
measure of affluence (gross disposable household income) rein-
forces ongoing national and international attention on inequalities
and the need to address underlying determinants of poor health
(Commission on Social Determinants of Health, 2008; Department
of Health, 2010a; Marmot, 2010).

Differences presented here between C4 and other clusters
support previous research which used clustering techniques to
classify areas of the UK according to multiple measures of the
physical environment. These also identified a unique cluster
which incorporated most of London (Richardson et al., 2010;
Shortt et al., 2011). Together these findings demonstrate: the
unique combination of public health and environmental chal-
lenges faced by administrations in a multi-cultural megacity
(comprised of more than 10 million people); the need for bespoke
solutions in such settings; and the potential dangers of extra-
polating solutions developed in such cities to other settings.
Indeed, the need to identify and address London administrations
as demographically and economically different entities has been
raised outside of public health (Vickers and Rees, 2007). Equally,
however, the most deprived communities (North West and
North East) are also faced with unique combinations of
poor public health with over 60% of C5 administrations falling
within their boundaries. Results identify that individuals in such
administrations face a lifelong public health deficit which starts
a) standard geography, (b) population hexagons. Cluster 1 Cluster 2

tion hexagons resize and represent local authorities in hexagons according to the
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from smoking in pregnancy, low breast feeding initiation, and
early tooth decay through poor school performance and teenage
pregnancy to, as adults, obesity, smoking, alcohol misuse, poorer
mental and physical health and ultimately early death. Conse-
quently these results support the need for a life course approach
to improving public health (Lynch and Davey Smith, 2005;
Braveman and Barclay, 2009; Department of Health, 2010a).
A child’s options in later life appear largely constrained by factors
relating to where they grew up (e.g. schools, job opportunities,
housing opportunities; Dorling et al., 2001). Indeed increasing
evidence suggests that the origins of much adult ill health are
routed in exposure to poor social and environmental conditions
during childhood with, for instance, early exposure to abuse and
neglect predisposing individuals to behaving anti-socially and
higher risks of substance abuse, depression and even cancer
(Felitti et al., 1998; Anda et al., 2006).

The individual relationships of poverty with each of the health
profile metrics are well studied but lifelong reinforcement and
complex interaction between each measure is poorly understood.
However, public health measures to increase physical activity in
adults or children are impeded by local violence restricting people
to their houses (Bellis et al., 2008), access to health information
are hindered by high levels of illiteracy (Sanders et al., 2009) and
efforts to improve parenting are affected by poor levels of
parental health (Waylen and Stewart-Brown, 2010). Even recov-
ery from diseases such as cancer are inevitably complicated by
the general health of the patient and the community and family
support on which they can draw (Falagas et al., 2007; Kroenke
et al., 2006; Woods et al., 2006). As a result, the combined effects
of multiple challenges to public health are potentially greater
than those related to each individually, as people’s and commu-
nities’ abilities to cope with poor well-being are overwhelmed.
Consequently, those areas with C5 profiles not only require more
study of complex interactions between threats to well-being but
may also require support that grows geometrically rather than in
direct proportion to each of their public health challenges.

A variety of methodologies exist to define characteristics at an
individual level, traditionally developed for social marketing or
health purposes (e.g. P2 People and Places, Mosaic, Acorn;
Dedman et al., 2006). However, such geodemographic tools
typically segment individuals into groups with different charac-
teristics rather than profile and cluster localities at geographies
responsible for public health policy. Nationally, clustering tech-
niques offer a mechanism for objectively identifying areas facing
the greatest public health challenges and provide an opportunity
for similar local authorities to exchange information on what
works and what does not. In England, the Police have also
adopted methods of comparisons between similar geographies
in order to make them both more meaningful and realistic when
setting local objectives (Association of Police Authorities, 2006).
Moreover, these methods can help avoid the need of a locality
being measured by a single or small set of variables that may
describe its overall status in either an overly positive or negative
fashion.

For England, combining health data (e.g. on smoking, alcohol
intake and obesity) with data more traditionally the focus of local
authorities (e.g. violent crime and carbon emissions) in a way
which is more easily interpreted is timely. After nearly 40 years of
local public health responsibilities sitting with health bodies (since
being transferred from local authorities in 1974; Draper, Glenhorn
and Best, 1976), the government is set to transfer responsibility for
public health back to local authorities (Department of Health,
2010b). A better understanding of how different public health
metrics correlate and cluster in specific localities should help both
local priority setting and national policy development. Such intelli-
gence could be used to refine resource allocations to and by local
administrations, taking into account not just the individual health
and social issues identified by each health profile variable but also
additional requirements relating to their interactions.

The public health metrics used here were independently identi-
fied and quality assured and their methods are peer reviewed for
their inclusion in national Health Profiles (Department of Health
and the Association of Public Health Observatories, 2010). However,
as ecological measures they inevitably hide inequalities at smaller
geographies within each authority and the validity of each measure
in any area depends on the accuracy of data collection and
appropriate collection and use of population denominators. The
data sets used here also included different years but always
represented the most current available at analysis. Other metrics
are obtainable and other methodological approaches could have
been applied even to the data sets used. However, the strong
correlation between metrics suggests that other methods and the
addition or substitution of other metrics would still support the
concentration of multiple poor health outcomes into a specific
cluster of local authorities. Any long term adoption of clustering
methodologies to inform public health measures would have to
explore the frequency at which clusters should be re-examined in
order to map changes in the status of different administrative areas.
5. Conclusions

The clustering analysis used here identified how a broad range
of different freely available measures relating to public health are
concentrated into specific localities. The effects of such concen-
trations are not well studied but it is likely that interactions
between such challenges to health and well-being will contribute
to disproportionate pressures on communities, services and other
resources. Such interactions are not typically reflected in policies
determined by individual government departments but require a
cross-departmental consideration of the general environment in
which health, social, educational, economic or judicial policies are
expected to be implemented. To address the clusters of public ill
health (Table 1), local public health leaders (e.g. Directors of
Public Health) require influence across a range of public service
responsibilities; both to implement health service-based inter-
ventions and to align other systems, including schools, transport,
physical activity and social care, with public health priorities. The
national counterparts of such local leaders require the same
influence across other government departments. Critically, such
developments should recognise that interventions successful in
clusters with relatively few public health problems (e.g. C1 or C2)
may not successfully translate into, for instance, C5 type areas or
may require considerably more resource in order to achieve
comparable results. However, clustering approaches may provide
public health with a mechanism to identify areas between which
policy and interventions may successfully be replicated. With an
increasing array of intelligence pertinent to health and well-
being, such mechanisms help move from considering disparate
metrics to public health syndromes which describe the collections
of challenges faced by different communities and help engage a
wider range of stakeholders in finding solutions.
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