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Summary. The risk of coronary heart disease (CHD) is strongly linked both to
deprivation and ethnicity and so prevalence will vary considerably between aress.
Variations in prevalence are important in assessing health care needs and how far CHD
service provision and surgical intervention rates match need. This paper uses aregression
model of prevalence rates by age, sex, region and ethnicity from the 1999 and 2003
Health Surveys for England to estimate CHD prevalence for 354 English local authority
areas. To alow for the impact of social factors on prevalence, survey information on the
deprivation quintile in the respondents’ micro area of residenceis aso used. Allowanceis
also made for area CHD mortality rates (obtained from aggregated vital statistics data)
which are positively correlated with, and hence a proxy for, CHD prevaence rates. An
application involves assessment of surgical intervention rates in relation to prevalence at

the level of 28 Strategic Health Authorities.
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1 Introduction: Need for Area Prevalence Estimates

While medical care for coronary heart disease (CHD) has improved in all contexts,
including acute coronary care, management of subacute CHD, and secondary prevention
(Tunstall-Pedoe et al, 2000), CHD is till the leading cause of death in England and other
countries. The 2003 Health Survey for England recorded higher prevaence than ten
years previously — see also Table 2.12 in Allender et al (2006). CHD prevalence and
mortality are both higher in manua than non-manual workers (Drever & Whitehead,
1997) and ethnic differences also exist: for example, south Asians living in the UK have
higher CHD prevalence and mortality (Balargjan, 1996; Primatesta & Brookes, 2000).
Differences in CHD risk across socia class and ethnic groups imply differences in
prevalence and need for CHD care across areas with differing social and demographic
structures. It is important to assess geographic contrasts in CHD prevalence in order to
gauge whether care provision across different areas matches need. Several studies have
raised questions regarding equity of access to high quality CHD care (Ward et al, 2005;
Britton et al, 2004), exemplified by variations in revascularisation rates unrelated to need

(Hippisley-Cox & Pringle, 2000; Martin et al, 2002).

This paper outlines a regresson methodology for area prevalence estimation that
combines information on CHD relativities from the Health Survey for England with local
population data (by age, sex and ethnic group) from the 2001 Census, and then adjusts
the survey based estimates to take account of (a) socio-economic factors and (b)

information on prevalence indirectly provided by CHD mortality data. The main source



of survey information on CHD prevalence used here is the 2003 Health Survey for
England, with the 1999 Health Survey for England being used to provide information on

ethnic gradients.

The approach adopted in the current paper follow other studies in basing population need
for care on indicative prevaence estimates (Gibson et a, 2002; Frankel, 1991; Martin et
al, 2002). However, in contrast to other prevalence estimation methods the present paper
adopts a Bayesian strategy. Bayesian methods have been at the forefront in modelling
complex hierarchical data and application of random effects techniques to pool statistical
strength or model correlations (Best et a, 1996). In particular, Bayesian methods have
been applied to spatial smoothing of health outcomes over sets of areas where there tends
to be a similarity in event rates between contiguous areas (Wakefield, 2007; Clayton &
Kaldor, 1987); the benefit of a Bayesian approach to spatially configured health
outcomes is particularly relevant in the joint modelling of prevalence and mortality,
which is the final stage of the method developed in the paper. The Bayesian approach
also facilitates the incorporation of prior evidence (or evidence from previous surveys)
into models for new datasets (see Appendix 1) which is important in prevaence
modelling as there may be substantial existing evidence on relative risks of chronic

disease such as CHD.

Certain principles regarding area prevalence estimates may be proposed. First, they
should ideally take account of known risk gradients in commonly used population strata
(age, sex, ethnicity, socia status), for example, using quantitative evidence from health

surveys, the risk gradients are then applied to local populations disaggregated according
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to these dtratifiers, preferably at a low spatial scale. They should also take account of
existing substantial knowledge of prevalence gradients — that is, extend and build on
existing evidence. Furthermore, when prevalence estimates are being made for sets of
geographic areas they should ideally take account of the acknowledged spatial patterning
(“gpatia correlation”) in disease occurrence (Clayton et a, 1993). Findly, prevalence
estimation methods should incorporate proxy indicators that are correlated with

prevalence (mortality, treated prevalence, etc).

The method used here is designed to satisfy the first three criteria, as discussed below. In
relation to the last, the focus in this paper is on utilizing information on area CHD
mortality rates to improve area prevalence estimates. Mortality is preferred to other
sources of information such as CHD hospitalisations. Hospita episode data may in part
reflect morbidity (i.e. need for care) but are known to be open to distortion by demand
and supply factors (Kirkup & Forster, 1990; Morgan et a, 1987); in the case of CHD,
issues of access and equitable provision referred to above are well known. Registers of
treated prevalence have recently been set up in England as part of a new primary care
payment system (called the Quality and Outcomes Framework), but they are for primary
care trust areas, which have different boundaries to the local authority areas considered in
the study here. These registers are subject to possible biases. over-registration is possible
given the financial incentives, and deprived practices have a greater tendency to
“exception-reporting” (Sigfrid et a (2006). Low and Low (2006) find the inequality gap
(i.e. deprivation gradient) for these data is flatter than the inequality gap for CHD

mortality.



By contrast, there is considerable quantitative and substantive evidence on the correlation
between mortality and prevalence. The same risk factors have been identified in many
studies for both coronary disease and mortality, such as age, gender, hypertension,
diabetes, cigarette smoking, body mass index, and high-density lipoprotein cholesterol
and triglycerides levels. The prevalence-mortality association is confirmed by panel
studies (Lerner & Kannell, 1986). Correlations between incidence, prevalence and
mortality are confirmed in many chronic diseases — examples being the work of
Kamangar et al (2006) on geographic cancer variations, while Mathers et a (2006, p 84)
report a “consistent relationship [for stroke] between incidence, prevalence, and

mortality” in their work across arange of conditions.

A hierarchical Bayesian approach (Appendix 1) is applied here to model prevalence and
mortality jointly which assumes that the two outcomes are correlated, and that
neighbouring local authorities are more similar to each other than to other areas. This
ensures a borrowing of satistica strength both from neighbouring areas and over
outcomes in making prevaence estimates. Similar principles apply to joint modelling of

different diseases (e.g. Held et al, 2005).

In being partly based on applying survey prevalence information to loca population
subgroups, the methodology of this paper provides an example of indirect estimation at a
lower spatial scale than reported in the survey itself. Some indirect estimation methods
assume the areas (e.g. English local authorities, US counties) for which prevalence

estimates are needed are actually recorded as survey variables, though typically only



small samples are obtained for each area. This allows application of multi-level models
(Twigg et a, 2000; Twigg and Moon, 2002). Other indirect prevalence estimation has
been undertaken, though none for English areas relating to CHD (so far as the author is
aware). For example, diabetes prevalence estimates have been developed by the
Y orkshire & Humber Public Health Observatory (Merrick, 2004). The approach here is
distinct from that adopted by the Yorkshire & Humber Public Heath Observatory (and
other prevalence estimation studies) in a) allowing incorporation of prior evidence on
prevalence via a Bayesian approach b) relating prevalence to mortality patterns and c)

modelling spatial correlation effects (see section 4).

It should be stressed that application of the criteria listed above may well need to be
tailored to particularitiesin different countries of the available data (on say populations or
deaths). Thus some prevalence estimation in the UK has been carried out at electoral
ward level (typical population size around 8000 people). The application to CHD
prevalence estimation described in this paper is at local authority level, though there is no
obstacle in principle to extending the analysis to a lower scale providing necessary
population detail (e.g. ethnicity as well as age & sex) and parallel CHD deaths data are
available at the chosen spatia level. A particular issue in developing local prevalence
estimates in England (whether at local authority or ward level) is the availability outside
Census years of local population numbers by age, sex, and ethnicity, since intercensal
population estimates including ethnic group are not yet made in the UK - though they are
made in London by the Greater London Authority. Hence to undertake a local authority

or ward prevalence analysis including population ethnicity one is limited to using the



2001 Census. This unfortunately leads into boundary issues if one seeks to use wards as a
unit of analysis, since England vital statistics data (for CHD deaths) did not use the 2001

Census ward boundaries till 2002.

The next two sections outline the survey based component of the prevalence estimation
procedure; respectively data and modelling issues. They are followed by a section
considering how area mortality and prevalence are jointly modelled so that prevalence
estimates can also incorporate information on spatial mortality patterns. Section 5
provides an example of how prevalence can be used to evaluate how far provision
matches need: in particular comparisons are made between age standardised
revascularisation and estimated prevalence rates, revealing areas with underprovision in
relation to need. The final section summarises what the study adds, and considers broader

implications for explaining area differences in prevalence.

2. Available and Relevant Survey Data

Data from the 1999 and 2003 Health Surveys for England are used to provide model
based rates of CHD prevalence by age, sex, ethnic group, region, and area deprivation
category. The 2003 Health Survey for England provides prevalence data by age, sex, and
area deprivation category: specifically the survey includes the quintile on the Index of
Multiple Deprivation for 2000 for each respondent’s micro-area of residence (super-
output area) of residence, there being circa 32500 super-output areas in England. Only a
single number (the quintile) is provided; no other spatial information is provided, such as

areaidentifiers.



The 2003 survey includes ethnicity but without additional weighting to measure varying
prevalence by ethnic group, as in the 1999 and most recent 2004 Health Surveys (which
was not available when the current research was developed). The 1999 Health Survey for
England included prevaence by ethnicity via a weighted follow up survey of
cardiovascular prevalence and risk factors in ethnic minorities. Hence the 1999 survey is
used to estimate CHD risks by broad age group (0-34, 35-44, 45-54, 55-64, 65-74, 75-84,
85+), sex and ethnicity (white, black, south Asian, al other ethnic groups), and

information on the estimated ethnic gradient included in the model for 2003 data.

A broad ethnic group categorisation (white, black, south Asian, other) is used partly to
ensure more robust estimates of prevalence contrasts, while recognising there are
prevalence differences within the four groups. The greater precision of relative risks for
aggregated ethnic groups is illustrated by Primatesta and Brookes (2000) in their analysis
of the 1999 Health Survey for England. They report that south Asian men collectively
showed significantly high age-standardised risk ratios for heart disease, but risk ratios for
south Asian male sub-groups (Indians, Pakistanis, Bangladeshis and Sri Lankans) were

not significantly above those of the genera population.

In the Hedlth Survey for England, respondents are classed as having CHD if they
reported (in the previous year) ever having angina, or a heart attack, confirmed by a
doctor, with prevalence standing at 6.4% in men aged over 16, and 4.1% in women.

There is a sharp prevaence gradient over household income quintiles, from 4.9% for



males (aged over 35) in the highest income quintile to 12.9% in the lowest quintile; the
corresponding figures for females are 3% and 6.7%. There are aso considerable regional
differences: the highest prevalence regions for males are Yorkshire & Humberside and
the West Midlands (11.6 and 10.5% respectively), and the lowest are the East and South
West regions (7.3 and 6.6% respectively) (JHSU, 2004a, Table 1.5). For femaes the
highest prevalence region is the North East (9.9%) and the lowest are the Eastern and

South West regions (both at 3.9%).

3 Mode for Survey Data and Application to Census Populations

To convert individual survey evidence to a form that can be used in making prevaence
estimates for local populations requires equivalent stratifying variables in both the
Census (or intercensal population estimate) and the survey. The UK Census includes a
tabulation (to electoral ward level) of populations by age, sex and ethnic group. Initial
estimates of CHD cases are based on applying survey model prevalence rates specific
only to these three variables. To take into account the effect of socio-economic factors (as
apparent in the household income gradient for CHD), the survey model gradient over
deprivation quintiles is applied to scale area prevalence estimates specific for age, sex
and ethnicity. The survey prevalence estimates also include regional prevaence

differences (sex specific contrasts between nine Government Office Regions).

The model for 2003 is specific to each sex and includes effects in age, region, deprivation

and ethnicity (Appendix 2). A sex-specific model reflects evidence of sex differentiated



age and deprivation gradients in CHD prevalence from the General Practice Research
Database (ONS, 2000, pp 124-125), while differences in regiona contrasts by sex are
evident in tabulations from the 2003 Health Survey for England (JHSU, 2004a, Table
1.5). This evidence in fact suggests both a stronger deprivation gradient for females and

wider regional contrasts for females.

The prior assumptions regarding the ethnic parameters in the 2003 model are based on a
similar model for the 1999 Health Survey for England data, except that the micro-area
deprivation category is omitted. In this way existing evidence on ethnic gradientsis used
effectively. The estimated log relative risks from the 1999 analysis for black, south
Asian, and other ethnic groups (with whites as reference category) are respectively —0.91
(sd=0.31), 0.33 (0.19) and —0.01 (0.59) for males, and —0.15 (0.30), -0.17 (0.27) and —
0.75 (0.75) for females. For example, this leads to 95% intervals on the relative risks for
black males of (0.22 to 0.74), that is, significantly below 1; for south Asian males, the
95% interval of (0.96 to 2.02) is biased towards excess risk but is marginaly non-
significant. The lower CHD risk for black males and the higher one for south Asian
males are similar to the findings of Primatesta & Brookes (2000), also based on the 1999
Health Survey for England, and consistent with a range of supporting evidence from
other studies regarding these ethnic differences (e.g. Aarabi & Jackson, 2004; Bhopal,

2000; Bhopal, 2002).

Models for 2003 that included age-deprivation and age-ethnic interactions in the equation

for each sex were considered; the model including age-deprivation interactions led to
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worse fit while including age-ethnic interactions led to a marginally better fit measure but
involved including a large number of mostly non-significant extra parameters (Appendix
2). Therefore a relatively simple model is retained, involving sex specific prevalence

rates in terms of age, region, deprivation and ethnicity contrasts.

Table 1 provides estimated relative risks for demographic and regional categories, and
deprivation quintiles. Table 2 shows a model prevalence rate profile for a selected
Government Office Region (London) and for the lowest and highest deprivation
categories (the first and last of the 5 quintiles). It is evident from Table 1 that the
prevalence gradient over deprivation quintiles is steeper for females. Regional contrasts
in Table 1 are also stronger for females, but significant ethnic effects are limited to a

lower relative risk for black males.

The goal of the analysisis to estimate prevalence in population subgroups in 354 English
local authorities. From the 2003 survey model, prevalence rates are obtained specific to
age, sex, ethnic group and the region in which the local authority is located. These are
applied to 2001 Census loca authority populations disaggregated by age, sex and ethnic
group. The impact of micro-area deprivation category is based on the quintile deprivation
parameters in Table 1, with age-sex-ethnic-region prevalence rates scaled according to

the population split between micro-area deprivation categories (see Appendix 3).
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4 Joint Modelling of CHD Area Mortality and Prevalence

The final stage of the prevalence estimation procedure is to incorporate proxy
information from mortality. To adjust the survey based prevalence rates to take account
of interdependence of area mortality and prevalence involves taking prevalence and
mortality as joint (i.e. correlated) outcomes in a model allowing also for the spatial

patterning of both outcomes.

The importance of allowing for spatial correlation in disease modelling has been studied
by geographers, epidemiologists and statisticians alike (Cliff & Ord, 1981; Anselin, 1999;
Haining, 1987; Wakefield et al, 2000). To ground this approach in related research, one
may refer to Wakefield (2007) who, in an exposition of the modern Bayesian approach,
argues that mortality or disease outcomes in areas that are geographically close typically
display spatial dependence; such dependence must be acknowledged in a regression
context since conventiona statistical analysis techniques are inappropriate for dependent
data. For instance, simple Poisson regression is an inappropriate tool for the anaysis of
death or disease counts in the face of overdispersed counts and spatially correlated errors
due to omitted predictors. Similarly, assessing relative risks by standard mortality ratios
(ratios of observed to expected events) may be misleading for small populations and
assumes that the disease or mortality risk is constant over areas and over individuals
within areas. In fact, individual risks may vary within areas, and risks vary between areas,

so observed health counts show greater variability than the Poisson stipulates. This
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variation can be modelled by expressing area relative risks in terms of one or more

random effects that act to pool statistical strength (Short et al, 2002).

Some such effects may be spatialy unstructured and are sometimes denoted as ‘ excess
heterogeneity’ (e.g. Best et al, 1999, page 132). However, overdispersion may also occur
due to spatialy correlated effects. Such effects may be seen as proxying unobserved risk
factors (e.g. environmental or cultural) which are themselves spatially correlated (Best,
1999). Assuming spatially correlated unmeasured risks in the application here reflects an
expectation of correlations in CHD prevaence and mortality between adjacent urban as
againgt rura areas, or between adjacent areas in northern as against southern England.
Urban air pollution isarisk factor for CHD (Chen et a, 2005), while regiona differences
in smoking and physical activity have been reported (Morris et a, 2003). Regional
differences in drinking-water hardness have been linked to cardiovascular disease

variations (Monarca et al, 2004).

For a generic situation, consider health event counts D; for areas i (e.g. deaths) with
expected events E; obtained by applying standard rates to the population of areai. One
may assume Poisson sampling D; ~ Po(uE;), where p; are relative risks and one seeks
how to model variation in the y; (Congdon, 2005, p 268). The commonly applied
‘convolution model’ for spatial smoothing (Besag et al, 1991) involves an unstructured
effect u; and a spatially correlated effect g, with the log relative risk a simple sum of the

two effects:

log(wi)=uite.
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One possible way of expressing the probability model for the spatial effects g is by what
is known as a conditional autoregressive prior or Markov random field prior and there are
numerous applications of the methodology, with accessible presentations at the

WINBUGS site (www.mrc-bsu.cam.ac.uk/bugs/winbugs/contents.shtml) based on the

much analyzed lip cancer data for Scottish counties. However, this model can also be
applied without adopting a Bayesian approach (Rasmussen, 2004; Skrondal & Rabe-

Hesketh, 2004).

In an application with a single health outcome (e.g. if one were smoothing area mortality
rates to obtain reliable estimates of relative risk) one would use a univariate conditional
autoregressive model. Under such a model the spatial effect for areai, g, is a weighted
combination of the effects in adjacent areas (e.g. Rasmussen, 2004), and the reliability
(‘precision’) of the spatial effect increases with the number of neighbouring areas. The
weights may be based on distances between areas, or length of shared boundaries, but

here we follow the most widely used approach based on area contiguity. Suppose the G j

form a contiguity matrix with G jzl if areasi and j are adjacent and G j=0 otherwise; then

the weights are obtained as cij/=ciy.

In the application here, we have two outcomes: the first being preval ence estimates based
on CHD gradients applied to local populations, and the other being deaths for 354
English local authorities in 2003, with expected deaths obtained using England wide age-
specific rates by five year bands as a standard. To ensure pooling over the outcomes and

to take account of unknown spatially correlated influences on mortality and prevalence, a
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multivariate spatial effects model is used (Appendix 3). This model assumes indirect
standardisation to control for age effects and in its basic form considers the death total

Dis for area i and gender s as a Poisson variable with mean Eisuis’ where Eis is the

expected deaths based on England wide rates.

Over dl areas the sum of actual and expected deaths is equal and this results in the Hig

being interpretable as mortality relative risks with an average of 1; see, for example,
Wakefield et a (2000) and Claton & Kaldor (1987). These relative risks may be
multiplied by 100, to give numbers which can be interpreted in the same way as
conventional standard mortality ratios — the difference being that they incorporate spatial

smoothing.

Application of the joint prevalence-mortality model results in estimated CHD prevalence
rates for males that vary more than two fold, from 12.5% in Hull, ranked 9" in English
local authorities in terms of deprivation (House of Commons, 2006) to 5.2 in affluent
Uttlesford (the 3" most affluent local authority areain the low CHD Eastern region) — see
Figure 1. Male prevalence rates correlate 0.83 with female prevalence rates which show
wider contrasts than for males, from 10.8% in deprived Easington (North East
Government Region) to 2.4% in Hart (an affluent district in the South East) — see Figure
2. Male prevalence correlates 0.75 with male mortality relative risks, which are displayed
in Figure 3. Female prevalence correlates 0.77 with female relative mortality risks, shown

in Figure 4.
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To provide a validatory assessment, it must be recognised that there is no gold standard
area data on prevalence. The administrative dataset on treated prevalence from the
Quality and Outcomes Framework isin its first years of development (it commenced in
the financia year 2004/05), and is aso subject to registration biases. Mortality is
expected to be correlated with prevalence cross-sectionaly, but includes the impact of
case fatality as well as incidence, so is not a perfect proxy (Strong et a, 2006). Survival
for patients diagnosed with CHD or experiencing an acute event depends on quality of
treatment (e.g. drug therapies in secondary prevention settings) and there may be

geographical and social variations in access to such treatments.

With such caveats in mind, Table 3 presents a comparison at Strategic Health Authority
level of mortality data, treated prevalence data from the Quality and Outcomes
Framework, and the prevalence estimates from the modelling approach adopted in this
paper. The Table also includes the Index of Multiple Deprivation for 2004, obtained by a
population weighted average of ward level indices. The directly age standardised model
prevalence rate has correlations of 0.83 with the CHD standard mortality ratio for 2002-
04, 0.87 with a standard prevalence ratio based on the Quality and Outcomes Framework

registers for 2004-05, and 0.71 with the Index of Multiple Deprivation.

5 Application of Prevalence Estimatesto Assess Variationsin I nterventions
Assessment of health care interventions is often based simply on league table rankings
without any reference to morbidity, or indeed mortality. A useful application of CHD

prevalence measures is in assessing how far CHD intervention rates correspond with
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health need. This section considers data on revascularisation procedures in English local

authorities and compares them with estimated preval ence.

In particular, the analysis considers total revascularisation procedures for males and
females in 2002 (main & secondary operation codes K40-K46,K49-K50) with expected
procedure totals obtained using England wide age-specific rates as standard; there were
around 42000 such procedures for males and 16000 for females. It may be noted that
there is close to zero correlation (-0.01) between crude male standard procedure ratios
and male prevalence rates; for females the correlation is 0.09. So unsmoothed data shows

no correspondence between intervention levels and health need.

To confirm such findings with a model based approach, spatial smoothing of the

revascularisation data is applied. Let Ri s be total revascularisation procedures by gender

R
with E is being expected procedures using England wide age-specific rates as standard.

R
As for deaths above, a Poisson model with Ri s~ Po(pi SE i S) is adopted, with the Pis

having an average of 1. The spatial pooling model for the relative risk of
revascularisation is described in Appendix 4. Spatia correlation in provision may be due
to strategic decisions about resource allocation to different procedures that affect adjacent

areassimilarly.

Of particular interest are discrepancies between relative provision rates and prevalence

rates. As an indication of this, we total the number of local authorities in different
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Strategic Health Authorities where prevalence rates and revascul arisation ratios are above
the England average. Table 4 summarises revascularisation provision (in terms of
spatially smoothed standard procedure ratios) against the modelled prevalence by
Strategic Health Authority. It also shows the numbers of local authorities in each
Strategic Health Authority where provision and prevalence are above the English

average.

Some relatively affluent low prevalence areas (e.g. Bedfordshire & Hertfordshire, Surrey
& Sussex) have better provision of revascularisation than average, while other high
prevalence areas seem to under-provide (e.g. Cheshire & Merseyside, Greater
Manchester, Shropshire & Staffordshire). On the other hand some high prevalence
northern regions, often deprived, do seem to provide sufficient revascul arisation to match
need (West Yorkshire, Durham/Tees Valley, Northumberland, Tyne & Wear, and to a
lesser degree North & East Yorkshire). Manson-Siddle and Robinson (1999) report that
increased spending on revascularisation in the mid 1990s reduced the socio-economic
gradient in access to such treatment (in areas that are now included within North & East

Y orkshire).

On the whole, though, the variation that exists between Strategic Health Authorities does
not seem to be clearly related to prevalence. It is important to note that revascularisation
treatments have been shown to be beneficia for subjects with CHD in terms of outcomes

such as exercise tolerance and quality of life (Ebrahim et al, 2002). Note that the analysis
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here excludes revascularisation provided in the private sector; such procedures might

tend to occur more frequently in affluent areas.

6 Discussion

The paper has outlined a method for making prevalence estimates for chronic diseases
where mortality is a common result of disease (some chronic diseases such as menta
illness are not directly linked to substantial mortality). The main steps in the method, here
applied to coronary heart disease, can be summarised as follows:

a) using Health Survey for England data (or other national health survey data) a
regression model is developed for prevalence rates along dimensions (age, sex, ethnicity)
that are also widely available as strata in population estimates or in census population
data;

b) Bayesian methods are used to link the 1999 and 2003 Health Surveys for England, or
more generally to take account of accumulated evidence on prevaence;

c) to take account of the effect on prevalence of socio-economic factors the survey
regression model also included micro-area deprivation. However, population data that
cross tabulate deprivation category by age, sex and ethnicity are not typically available.
Hence a scaling of age-sex-ethnic prevalence totals is needed to ensure that the
prevalence estimates include the effect of deprivation;

d) following steps (a) and (c) indicative prevalence estimates are made for population
sub-groups at local authority level (or in principle at lower spatial levels)

€) the initial prevalence estimates are modified to reflect the pattern of local authority (or

lower scale) mortality rates.
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In terms of substantive results, the study has shown that while mortality and
hospitalisations data are often used as proxies for health need and morbidity (Ebrahim et
al, 2002), there is value in using available survey evidence to provide estimates of local
prevalence based on gradients over common population stratifiers. A major finding of the
study are that prevalence estimates based on detailed risk factor data from the Health
Survey for England and on CHD mortality show high correlations with other sources of

information on prevalence in a situation where no source provides a “gold standard”.

Of particular interest as additional findings are a significant deprivation gradient in
prevalence, and quite marked regional differentias, especially for women. However,
significant ethnic effects are limited to a lower relative risk for black males. The analysis
has also shown, for data relating to the early 2000s, that variations in the provision of
revascularisation do not seem to be clearly related to prevalence; there are discrepancies
between prevalence and provision in some Strategic Health Authorities. On the other
hand there is not a simple inverse care pattern; some deprived Strategic Health

Authorities in Northern England have relatively good provision of revascularisation.

The present study adds both to the existing literature on indirect estimation and to the
body of findings on CHD prevalence and mortality contrasts. There have been a number
of related developments in indirect estimation (e.g. Twigg et a, 2000). However, the
indirect estimation literature has not generally considered how to include existing

cumulated evidence on relative risk, unlike the present study. Thisis facilitated both by a
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Bayesian method and by devices such as using a log rather than logit link in regression
(Appendix 2); the parameters in a logit model have the complication that (after

transformation) they are interpretable as odds ratios rather than as relative risks.

As to CHD patterns, it is already known that CHD mortality is higher in Northern
England and in deprived areas (Morris et a, 2003). Thisis confirmed here with regard to
prevalence variations. The present paper controls for compositional effects (Merlo et a,
2005) by a survey regression analysis that includes both regional effects and individua
risk factors. Hence regional contrasts that remain after controlling for micro-area
deprivation, age structure and ethnicity can be more effectively regarded as truly
contextual geographic effects. So explanations of high CHD prevalence in Northern
England may have to look beyond social structure to differences in diet, behaviour or

environment (Musgrove, 2005).

There is also dready quite strong evidence of unequal access to treatments of proven
effectiveness (e.g. Hippisley-Cox & Pringle, 2000; MacLeod et a, 1999) and this study
has confirmed that with regard to revascularisations. However, many studies on access
look at treatment provision in relation to deprivation only, rather than in relation to
prevalence, as the present study has done. This is a practica demonstration of an
approach advocated in several reviews, namely that need for services be based on

prevalence (Frankel, 1991; Martin et al, 2002; Gibson et al, 2002).

Some limitations of the analysis in the paper may be mentioned. For example, it is likely

that the deprivation gradient is understated by looking at micro-area deprivation quintiles.
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It is probable that contrasts would be stronger using micro-area deprivation deciles. In
fact, the preferred analysis would involve access to the micro-area (super-output area)
identifier so that other aspects of micro-area of residence (e.g. level of urbanity, mix of
housing) could be used to improve explanation. There are also options with regard to
more recent data sources. The dataset from the 2004 Health Survey of England, which
like the 1999 survey includes an ethnic boost, is now available. However, it may still be
beneficia to use the evidence from the 1999 survey to set prior densities on the
parameters in the later survey, as has been done in the present paper using the 2003
Health Survey for England. This is a form of evidence accumulation that the Bayesian
approach facilitates. Finally, there may be limitations of the Health Survey for England in
terms of its response rate and the possibility of selection bias. Leyland et al (2004) have
shown that respondents to the similarly designed Scottish Health Survey have better
health and lower mortality than non-respondents. Any similar effect in the Health Survey
for England may tend to lead to under-estimates of prevalence from a survey based
model.
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Appendix 1 Bayesian M ethods

The Bayesian method involves summarising accumulated evidence about the parameters
of the model to be applied to the new data. This takes the form of a prior distribution on
the parameters. The updated or posterior distribution of the parameters may be expressed
as:

posterior distribution of parameters= c (likelihood of new data)
X (prior distribution of parameters)
where c is a constant. This expression states the common-sense principle that updated

knowledge combines prior knowledge with the evidence from the new data.

The Bayesian approach has particular benefit in hierarchical models involving random
effects. Here the typical scenario is that the units (e.g. areas in a geographic application)
are characterised by randomly distributed latent values (e.g. unknown relative disease
risks) that follow a specified density over the population of units. The first stage of a
hierarchical model specifies the likelihood of the data given the unknown random effects,
the second stage specifies the density of the population of effects, and the third stage
provides priors on the population parameters. The use of an overarching population
density to improve precision of estimated effects for each case is known as “borrowing
strength” (Short et al, 2002).

Application of Bayesian techniques to complex modelling problems has been facilitated
by the development of techniques to sample parameters from the posterior distribution.
Unlike traditional Monte Carlo methods these methods generate dependent samples from
the posterior distribution according to Markov Chain principles and are denoted Markov
Chain Monte Carlo methods — see Gilks et a (1996) and the on line guide at

http://civs.stat.ucla.edu/MCMC/MCMC tutorial.htm.
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The Bayesian approach also has the benefit that multiple sources of evidence can be
readily used in developing prevalence estimates; to quote Spiegelhalter et al (2000) in the
context of health technology assessment, “judgements about the benefits of a new
technology will rarely be based solely on the results of a single study but should
synthesise evidence from multiple sources’. This involves incorporating such prior
information into implications for the densities of parameters in the regression model,
technicaly via “informative priors’. In prevalence studies, using accumulated evidence
from previous surveys or studies can be used to obtain more reliable estimates of relevant
parameters (i.e. ones with narrower 95% intervals). By contrast, classical estimation
methods consider a given dataset (e.g. a health survey) in isolation from existing
evidence, even when (asin clinical and epidemiological settings) there may be substantial

accumul ated evidence.

Appendix 2 Survey Model Specification & Assessment

The survey model specification and estimation assumes a Bayesian strategy, in which
existing evidence (e.g. on ethnic gradients in CHD risk) is expressed via “priors’ on
model parameters. Priors are not just of mathematical interest but are statements of
accumulated evidence on the form of parameters prior to considering evidence from the
data at hand. In estimating the models, iterative Monte Carlo Markov Chain (MCMC)
techniques (Gelfand and Smith, 1990) are used, as implemented in the WINBUGS
program (Spiegelhalter et al, 2003). Inferences on models are based on the 2" half of
runs of 5000 iterations, using two chains starting from dispersed starting values; early
convergence was achieved in al models using Gelman-Rubin criteria (Gelman et al,

1995).
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Comparisons of models in the analysis use an approximation to the marginal likelihood,
known as the pseudo margina likelihood, based on Monte Carlo estimates of the
conditional predictive ordinate or CPO (Gelfand, 1996). The CPO, denoted p(yilyp) is
used in a form of cross validation: each observation is excluded in turn - to become a
‘validation sample’ of one case - while the remainder of the data (y;;; denotes the dataset
with the i"™ case excluded) becomes the ‘test data’ on which the model is fitted. If one
model has a higher CPO for a particular case than another model it provides a better fit to
it. One may total the logs of the CPOs over all cases to provide the log of the pseudo
marginal likelihood, and models with higher log pseudo marginal likelihoods provide
better fits (Sinha et al, 1999). In practice, the CPO may be estimated without actually
omitting cases as the harmonic mean of the likelihoods for each observation (Aslanidou

et al, 1998).

The survey regression models applied to both 1999 and 2003 Health Survey for England
survey data include age (x=1,..7, namely 0-34, 35-44, 45-54, 55-64, 65-74, 75-84, 85+),
sex (s=1,2), ethnic group (g=1,..4), and region (r=1,9). Additionally the model for the
2003 survey includes small area of residence deprivation category (d=1,..,5). Survey

respondent totals n by age, sex, ethnicity, region and deprivation quintile are

xgrds

formed, and corresponding totals of those with CHD histories ¢

xgrds (one year

prevalence counts). The 2003 totals of respondents and CHD subjects take account of

survey weighting for differential non-response (JHSU, 2004b, page 2).
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Binomial sampling is assumed with a log link to probabilities pxgrds‘

This link provides
estimates of relative risks rather than odds ratios (Skov et al, 1998; Zocchetti et a 1997)
and facilitates the scaling in the estimation procedure as mentioned above, to take

account of relative prevalence according to deprivation quintile.

The first model for the 2003 Health Survey for England data has the form

~Bin(n

ngrds xgrds’pxgrds)

I Og(ngI’dS )=0s*PgstYrs+Oxs+Mas (A21)

with corner constraints on all parameters except the constants o, That is B1s=y15=01s =M1s
=0. A corner constraint is a constraint on parameters in log-linear models that is needed
for the parameters to be identified, with a sum to zero constraint being an alternative
(Dobson, 1990, p 134). Normal priors with mean 0 and variance 100 are assumed on all
parameters except those for ethnic group, where informative priors are based on asimilar
model to (A2.1) for datafrom the 1999 Health Survey for England, except that small area
deprivation category is omitted. Specifically the model for the 1999 Health Survey for
England (the weighted follow-up survey) that is used to provide informative priors on the
parameters Bgsin (A2.1) has the form

- Bin(nxgrs’pxgrs)

Cxars
l Og(ngr S) =0t PgstVrstOxs (A2.2)

where N(0,100) priors are assumed on all free parameters.
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Adding age-ethnic interactions to the model for the Health Survey for England 2003 data
gave a dlightly better pseudo marginal likelihood, namely —2424.2 compared to —2425.6,
but involved 36 extra parameters only two of which were significant. Adding age-ethnic
interactions to the model for the Health Survey for England 1999 data gave a worse
pseudo marginal likelihood, namely —764.4 compared to —762.9. For the 2003 model,
adding age-deprivation interactions might aso be advocated on the basis of evidence
from other studies of a steeper illness and mortality gradients in deprived areas. However
this option led to a clear worsening of fit, with the pseudo marginal likelihood falling to -
2441.8. Therefore the ssimpler model form, asin (A2.1) and (A2.2), and excluding age-

ethnic and age-deprivation interactions, is preferred.

Appendix 3 Integrating the Survey Prevalence Model and Area Mortality
From model (A2.1), prevalence rates Qugs Specific to age, sex, ethnic group and the

region containing local authority i are extracted as

|09(ngRi 5)=0g +Bgs +yRi s+8xs
where R; denotes the region (1=N East, 2=N West, etc) in which area i is located. The
impact of small area deprivation category is based on scaling the probabilities qxgrs

according to the population split in area i between small area deprivation categories. The

proportions Wig of the total population in local authority i living in the five small area

deprivation categories d=1,..,5 are used to form a weighted deprivation effect for that area
using the quintile deprivation parameters shown in Table 1. Thisinvolves expressing the

small area deprivation prevalence gradients (by gender) as



. -
Pgs = &Py = expny -y

and the probabilities qxgrs are scaled by afactor 0is™ > WiqPys For examplein Barnet,
d

a socialy mixed London borough (i=3) the vector of proportions of the total population
living in the five deprivation quintile groups is

(Wi 1,Wi2,..,wi5):(0.236,0.356,0.209,0.136,0.063), and the scaling factors ¢, average

0.96 (maes) and 0.93 (females), so age-sex-ethnic-region prevalence rates are scaled
down dightly to reflect deprivation in the area. By contrast, in the highly deprived east
London borough of Tower Hamlets the profile of proportionsis (0,0,0.023,0.158,0.819),
the scaling factors average 1.28 and 1.41, so age-sex-ethnic-region prevaence rates are

scaled upwards to reflect deprivation in the area.

Estimates Cixgs of CHD cases by local authority i, age X, sex s, and ethnic group g are

) as

then obtained from the scaled prevalence rates ((pi Iy grs

Cixgs = 9 qxgrs Nixgs

where Nixgs are age-sex-ethnic census populations (or possibly intercensal estimates if

available). To provide quantities compatible with annual aggregated deaths by local

authority (which in the UK are available by age and sex only), the Cixgs are aggregated
to form area-age-sex totals Cixs‘ These totals are divided by area-age-sex populations

Nixs to give area-age-sex prevalence rates. The latter are applied to European standard

populations to obtain sex-specific directly standardised CHD prevalence rates g for
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each local authority area. These are for ages over 35. These steps are in fact carried out at
every sampling iteration of the survey regression model; a logit transform of the directly

standardised rate is monitored asthisis likely to be approximately normal.

Let the logit transforms of the directly standardised rates obtained from the 2003 survey

model be denoted Xig with posterior means and variances (Mis’vis)' Also let Dil and

Di2 be area CHD deaths at ages over 35 (in 2003) with expected deaths { E i1 E i2} , with

all England as standard. Assuming Poisson sampling, one has DiS ~ Po(uiSE iS), with

relative mortality risks K S:exp(mi S).

To ensure pooling over the outcomes and to take account of spatially correlated

influences on both outcomes, a spatially structured multivariate effect (ei 1'€2:€3€4 is
assumed, where g1 and g, relate to male and female CHD prevalence and the errors ;5
and g, to male and female CHD mortality. The model also allows for measurement
variances Vi s in the (logit) prevalence rates and for unstructured variation in mortality.
Thusthe logit prevalence rates including the spatial effects are modelled as

. =X. _+e
ZISXIS eIS

where
Xis~NMjg Vig
for males (s=1) and females (s=2), while log mortality relative risks are

. = + e +U-
(DIS OCs eI,S+2 uIS
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where Uig~ N(O, 1/13) are unstructured random effects, and U1 is independent of Uio.

The spatial effect (ei 182638 4) follows a multivariate conditional autoregressive prior
(Gamerman et a, 2003), with 4x4 covariance matrix X, and zero mean (obtained by

centering at each MCMC iteration). The inverse covariance matrix Ze'l is assumed to
follow a Wishart prior with 4 degrees of freedom and identity scale matrix. The mortality

intercepts o are assigned normal N(0,1000) priors, while the precisions T are assumed

to follow gamma densities, namely Ga(1,0.001).

The joint mortality-prevalence model leads to revised estimates Ci;s of CHD cases by

age, sex and local authority. The original age-sex-ethnic prevalence estimates Cixgs can

then be scaled to sum to these totals. Note that when deaths and intercensal populations
are available by ethnicity (as in the US) the joint model can be specific to area, sex and

ethnicity.
Appendix 4 Model for Revascularisations
Let Ri 1 and Ri2 be total revascularisation procedures for males and females in 2002, with

R R
Ei1 and Ei2 being expected procedures using England wide age-specific rates as

standard. A model incorporating spatial smoothing for procedure rates has the form (for

s=1,2 and i=1,..,354)
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R
Rig~ I:)o(pis E is)
Iog(pi S):K S+ei s

where (eil’ei 2) follows a bivariate conditional autoregressive prior and Ze'l is assumed

to follow a Wishart prior with 2 degrees of freedom and identity scale matrix.
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Table 1 Parameter Estimates (expressed as relative risks) HSE 2003 Model

Ethnicity
(reference whites)

Region (reference
N. East)

Age (reference
ages < 35)

Deprivation

*RR;=exp(n -n)
J

&)

Black
South Asian
Other

N. West
Yorkshire-Humberside
E. Midlands
W. Midlands
East
London

S. East

S West
35-44

45-54

55-64

65-74

75-84

85+
Quintile 1
Quintile 2
Quintile 3
Quintile 4
Quintile 5

Mean
0.42
1.09
0.69
1.01
1.24
0.96
1.06
0.82
0.94
0.95
0.79
7.4
22.4
76.3
152.0
182.2
184.6
0.83

0.99
0.91
1.02
1.33

MALES
2.5%
0.24
0.81
0.29
0.74
0.88
0.65
0.77
0.56
0.66
0.68
0.54

3.6
12.3
45.3
92.3

109.8
103.9
0.71

0.86
0.75
0.88
1.15

97.5%
0.72
1.45
1.43
1.37
1.69
1.34
1.45
1.15
1.34
1.30
1.08
13.7
37.3

116.5

225.2

273.4

306.7
1.00

1.14
1.06
1.18
1.54

Mean
1.00
0.87
0.45
0.66
0.83
0.80
0.74
0.52
0.53
0.53
0.49
2.7
4.1
13.4
21.6
37.6
47.4
0.80

0.86
0.91
1.10
1.48

FEMALES
2.5%
0.57
0.53
0.14
0.46
0.56
0.53
0.50
0.34
0.34
0.36
0.30

1.2

2.5

9.2
151
26.4
32.5
0.69

0.70
0.74
0.90
1.23

97.5%
1.71
1.36
1.46
0.98
1.21
1.22
1.06
0.81
0.82
0.82
0.78

5.5
6.7
19.4
30.1
53.0
69.3
0.99

1.04
1.09
1.30
1.83



Table 2 CHD Prevalence Profile (Percents) by Age, Sex and Ethnicity (London, High and Low Area Deprivation)

Males Females
Lowest Quintile Highest Quintile Lowest Quintile Highest Quintile
Mean sd Mean sd Mean sd Mean sd
White Under 35 0.34 0.01 0.58 0.01 0.28 0.01 0.53 0.01
35-44 0.8 0.02 1.39 0.04 0.31 0.01 0.59 0.02
45-54 2.4 0.06 4.15 0.09 1.21 0.03 2.27 0.06
55-64 8.5 0.15 14.48 0.25 3.92 0.09 7.39 0.16
65-74 16.9 0.29 28.96 0.46 6.38 0.14 12.01 0.25
75-84 20.1 0.35 34.39 0.58 11.06 0.22 20.79 0.38
85+ 18.9 0.44 32.30 0.72 13.74 0.34 25.83 0.61
Black Under 35 0.15 0.00 0.25 0.01 0.29 0.01 0.55 0.02
35-44 0.4 0.01 0.60 0.02 0.32 0.02 0.61 0.03
45-54 1.1 0.04 1.80 0.06 1.24 0.04 2.34 0.08
55-64 3.7 0.12 6.30 0.19 4.05 0.13 7.63 0.24
65-74 7.4 0.23 12.62 0.38 6.58 0.20 12.39 0.37
75-84 8.8 0.28 14.99 0.46 11.44 0.35 21.50 0.63
85+ 8.3 0.30 14.08 0.48 14.22 0.48 26.74 0.89
South Asian  Under 35 0.37 0.01 0.63 0.01 0.25 0.01 0.47 0.02
35-44 0.9 0.03 1.51 0.05 0.28 0.01 0.52 0.02
45-54 2.7 0.07 4.53 0.11 1.08 0.04 2.03 0.07
55-64 9.2 0.20 15.79 0.32 3.51 0.11 6.57 0.20
65-74 18.5 0.39 31.61 0.62 5.71 0.19 10.71 0.34
75-84 21.9 0.45 37.50 0.74 9.92 0.33 18.57 0.57
85+ 20.7 0.55 35.25 0.88 12.32 0.46 23.08 0.80
Other Under 35 0.24 0.01 0.41 0.02 0.15 0.01 0.27 0.02
35-44 0.6 0.03 0.98 0.05 0.16 0.01 0.31 0.02
45-54 1.7 0.08 2.92 0.12 0.63 0.04 1.18 0.08
55-64 6.0 0.24 10.18 0.40 2.06 0.14 3.86 0.25
65-74 12.0 0.49 20.42 0.81 3.37 0.23 6.30 0.41
75-84 14.2 0.59 24.26 0.97 5.83 0.39 10.92 0.71

85+ 13.4 0.61 22.85 1.01 7.26 0.50 13.61 0.91



Table 3 Comparison of Model Prevalence Estimates (2003), Mortality (2002-2004) & QOF Prevalence Totals (2004/05). All Persons

Strategic Health Authority

Avon, Gloucestershire & Wiltshire
Bedfordshire & Hertfordshire
Birmingham & The Black Country
Cheshire & Merseyside

County Durham & Tees Valley
Cumbria & Lancashire

Dorset & Somerset

Essex

Greater Manchester

Hampshire & Isle of Wight

Kent & Medway

Leicestershire, Northamptonshire
Norfolk, Suffolk & Cambridgeshire
North & East Yorks

North Central London

North East London

North West London
Northumberland, Tyne & Wear
Shropshire & Staffordshire

South East London

South West London

South West Peninsula

South Yorkshire

Surrey & Sussex

Thames Valley

Trent

West Midlands South

West Yorkshire

England

* DASR=Directly age standardised rate for CHD prevalence

Prevalent cases total
(all ages)

57376
38352
105778
99193
54889
78601
38780
46317
100206
55326
51245
49930
68650
79719
32006
42307
43369
68269
61573
40404
29485
53910
68384
84029
53643
113864
61552
101495
1778653

PREVALENCE MODEL (2003)

Prevalence
DASR (Persons,
all ages)*

2.0
2.0
3.8
3.2
3.8
3.0
2.0
2.1
3.3
2.4
2.4
2.9
2.2
3.6
2.7
2.8
2.4
3.8
3.2
2.6
2.2
2.2
4.2
2.2
2.2
3.2
3.0
4.0
2.8

DEATHS

11986
7337
12784
14523
7600
12525
7783
8702
16196
9407
8763
8087
12457
10227
4761
6849
6559
9050
9162
6217
5055
10841
8504
14839
8676
16212
7970
11802
274874

MORTALITY (ALL AGES, 2002-04)

SMR
95
89

107
112
124
112
86
91
127
90
95
99
90
103
95
110
87
116
111
94
86
95
121
85
86
104
89
109
100

Prevalent cases total

74398
50534
88392
108108
59307
95329
52369
56620
110577
63552
54033
52110
84327
72141
30921
41892
47774
72361
60637
38849
31908
68325
63469
93835
61863
112986
54752
91815
1893184

** Standard prevalence ratio uses age-sex rates from 2003 Health Survey for England, with rates scaled to reproduce England prevalence
count (so that the SPR for England is 100)

QOF REGISTERS (2004/05)

Standard
Prevalence
Ratio**

86
88
107
118
133
121
90
86
122
89
85
93
89
105
90
98
91
130
101
86
81
91
130
85
84
105
88
122
100

IMD2004

14
12
30
26
29
20
15
15
32
14
16
14
15
17
29
31
22
27
18
26
15
19
31
12
10
20
15
28
18



Table 4 Prevalence and Revascularisation Compared by Strategic Health Authority

Strategic Health Authority

Avon, Gloucestershire & Wiltshire
Bedfordshire & Hertfordshire
Birmingham & The Black Country
Cheshire & Merseyside

County Durham & Tees Valley
Cumbria & Lancashire

Dorset & Somerset

Essex

Greater Manchester

Hampshire & Isle of Wight

Kent & Medway

Leicestershire, Northamptonshire
Norfolk, Suffolk & Cambridgeshire
North & East Yorks

North Central London

North East London

North West London
Northumberland, Tyne & Wear
Shropshire & Staffordshire

South East London

South West London

South West Peninsula

South Yorkshire

Surrey & Sussex

Thames Valley

Trent

West Midlands South

West Yorkshire

England

Number of
constituent
local
authorities
15
14
6
13
12
20
13
14
10
14
13
14
21
12
5
8
8
11
15
6
6
17
4
24
17
24
13
5
354

IMD2004

14
12
30
26
29
20
15
15
32
14
16
14
15
17
29
31
22
27
18
26
15
19
31
12
10
20
15
28
18

Standard Procedure

(Revascularisations)

Ratio

Prevalence per 100 (ages

over 35)

DASR

SPR males SPR females DASR males females

84
125
102

91
112
105

84

82
104
103

95
102

91

99
116
129
164
119

82
124
129
133

95
112
108

77

96
111
100

80
118
96
90
135
113
88
92
105
96
99
106
95
110
111
120
155
122
87
126
127
116
92
105
106
93
98
99
100

51
5.3
8.6
7.9
9.5
7.7
5.1
5.5
8.2
5.7
6.0
7.0
5.6
8.8
6.8
6.8
6.0
9.2
7.6
6.5
5.5
5.5
9.7
5.6
55
7.9
7.2
9.5
6.8

2.8
2.9
48
4.4
5.3
43
2.8
3.0
46
3.1
3.3
3.9
3.1
5.0
3.7
3.8
3.3
5.2
43
3.6
3.1
3.0
5.5
3.1
3.0
4.4
4.0
5.3
3.8

Number of constituent local authorities above
England average

SPR Males
(revasc)
4
12
3

-
2 os

O OO, © 0000~ ~NOWOLWOUONDNOW

[ =
rwoBREENMET

176

SPR
Females
(revasc)

4
12
3

=
= © B

OO OO © 00 00 A~ ~N0WWOWWOUOoONDNDW

I~ =
rwoREND

176

DASR males
(prev)
0
0
6
13
12
20

DASR
females
(prev)
0
0
6
13
12
20
0
0
10
1
1
14
1
12



Figure 1 Male CHD Prevalence Ages over 35

Prevalence

%

6.3 and under

55

e
a P




Figure 2 Female CHD Prevalence Ages over 35
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