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Abstract

This paper takes a detailed look at socio-economic variation in mortality across Eng-
land. Local linear regression is used to analyse all-cause mortality at neighbourhood level
(Lower Layer Super Output Areas) with mortality rates linked to a number of socio-
economic predictive variables that determine the character of a neighbourhood. We find
that old-age-income and employment deprivation are key determinants of mortality, but
also that urban-rural class and the presence of care homes in a neighbourhood have an
important role to play in assessing underlying mortality rates relative to national mortal-
ity. Remaining spatial /regional variation in mortality is found to be much less important
than socio-economic variation and much lower than the remaining regional variation that
results from the commonly-used Index of Multiple Deprivation.

Keywords: Mortality inequality; Lower Layer Super Output Area; Age and Deprivation
Standardised Mortality Rate; Regional mortality variation; Local linear regression.

1 Introduction

1.1 Socio-economic differences in mortality

It is well known that socio-economic status and associated variables are strongly correlated
with high and low mortality. The evidence base for this has been growing over a number
of decades as data become available with sufficient detail to be able to investigate the
dependency between particular predictive variables and mortality. Socio-economic status
is not always easily available in the same form but typical information about individuals
or groups includes income, income deprivation or affluence (e.g. Chetty et al., 2016 [US],
Villegas and Haberman, 2014, Longevity Science Panel, 2018 [UK], Cairns et al., 2019
[Denmark], Wen et al., 2020, 2021 [UK, Canadal) and education (e.g. Mackenbach et al.,
2003, 2016).

This paper seeks to delve more deeply into the links between different measures of socio-
economic status, geographic location and mortality. We do this by exploiting a large
dataset for England built up from multiple datasets obtained from the UK’s Office for
National Statistics (ONS).

A key modelling tool for this study is local linear regression. As a statistical method, a
version was first proposed by Cleveland (1979) and is often referred to as LOWESS (Lo-
cally Weighted Scatterplot Smoothing). As we demonstrate in this paper, it is an effective
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tool to handle large datasets with many covariates for mortality modelling. Compared
to e.g. Generalised Linear Models (see, for example, Macdonald et al., 2018) the model
fits the data effectively without having to specify in advance the functional relationship
between predictive variables (including interactions) and the outcome.

1.2 Questions addressed in this paper

This paper contains a wide ranging analysis of all-cause mortality data addressing the
following questions:

e What are the most significant socio-economic factors that influence mortality rates
in England, and which predictive variables are the best at predicting high or low
mortality at specific ages?

e How many predictive variables do we need to get a reasonable model for the mor-
tality in small homogeneous neighbourhoods?

e Everything else being equal, does it make a difference if a neighbourhood is in an
urban or rural area?

e Where are care homes located and what impact do they have on mortality?

e Can regional differences in mortality be explained entirely by differences in the
socio-economic mix and other non-spatial predictive variables?

e After socio-economic and non-spatial effects have been filtered out, what remains
in terms of spatial or regional variation in mortality across England?

e How much inequality is there in mortality rates at different ages?

e Have mortality inequalities been widening from 2001 to 20187

In answering some of these questions, we propose a new method to estimate the relative
risk that models the difference between neighbourhood and national mortality: with vari-
ation in the relative risk by age group and sex. The methodology can be adopted as a
continuous index that actuaries and other stakeholders can use as a predictive variable
alongside other variables that are available at the individual level such as pension level
and geodemographic profiling (e.g. Richards, 2008). Additionally, it can be used to di-
vide the population up into deciles instead of using the Index of Multiple Deprivation or
income deprivation.

1.3 Outline of the paper

In Section [2| we introduce the several datasets that we will use in our analysis, with further
details in Supplementary Appendix [Al Section [3] sets the scene for what is to come with
some introductory analysis of the data. This also introduces the problem of regional
variation in mortality. Section [4] outlines the local linear regression methodology. Results
and insights into mortality at the small-neighbourhood level are presented and discussed
in Section Bl Section [6l concludes.



2 Data

Data used in this study have been sourced from the UK’s Office for National Statistics
(ONS), and are available at the level of Lower Layer Super Output Areas (LSOAs; small,
socially-homogeneous, geographical areas with, on average, 1600 people) and are of the
following types:

e mid-year population data by LSOA;
e all-cause death counts by LSOA;

e predictive variables by LSOA.

There are 32,844 LSOAs across England.

We outline key elements of the data below, with further details to be found in Supple-
mentary Appendix [A]

2.1 Population data

For each LSOA, we have mid-year population estimates from the ONS by single year of
age and single calendar years from 2001-2018, F(g,i,t,a), where g is the sex, i is the
LSOA index, t is the calendar year, and a is the age last birthday. As with standard
practice, we equate this with the central exposed to risk for age a last birthday across the
whole of year t.

Exposures can be aggregated into specified deciles, regions or the whole of England as
required.

2.2 Mortality data

For all cause mortality, the ONS make available death counts, D(g,1,t, a), by sex g, LSOA
1, single age a and single year t.

Death rates at the LSOA level are then

D(g,i,t,a)

mL(g7iat7a) = E(g it a)

and at the regional level for region r

ZieR(r) D(g7 iu t? CL)
ZieR(r) E(ga i, ta a)

where the set R(r) contains all LSOA’s, 4, that lie within region r.

mR(ga r, ta a) =

Similar expressions can be written down for decile-based death rates, mp(g,j,t, a), for
decile j, and national mortality, m(g,t,a).

In the remainder of the paper we will assume that the mortality of men and women are
modelled seperately. We will, therefore, drop g from our notation.



2.3 Migration

It needs to be noted that the exposure data do not contain information about migration
between LSOAs or between regiong’} This means that caution needs to be exercised when
viewing death rates across age groups as there might be some variation in the underlying
population mix.

2.4 Predictive variables

The focus of this paper is on identifying socio-economic and other variables that have sig-
nificant predictive power in estimating mortality rates. A significant number of variables
are available at the LSOA level. A key source of predictive variables is the 2015 edition
of the Index of Multiple Deprivation (see ONS, 2015) and its domains and subdomains
including income deprivation, employment deprivation, education deprivation, crime, bar-
riers to housing and services, and living environment. Wen et al. (2021) investigated the
impact of using IME-2004 as an alternative to IMD-2015. While, there were small dif-
ferences in death rates between deciles their broad conclusions were not altered by the
change. Additionally, we considered: average number of bedrooms; level of educational
attainment by age group; occupation group by age group; proportion born in the UK;
proportions, by age group, of people living in various types of communal establishment;
region; and urban-rural class (UR1 conurbation non-London, UR2 city or town, UR3 rural
town, UR4 rural village and dispersed, and UR5 conurbation London). Further details of
these can be found in Supplementary Appendix [A] The predictive variables are not time
dependent, consistent with the model developed in Section

3 Preliminary analysis

Before we move into a more detailed analysis on the various datasets, it is worthwhile
summarising the main patterns that exist in socio-economic data. Building on the recom-
mendations of the Longevity Science Panel (LSP 2018) we will, here, use income depri-
vation rather than the main IMD to divide the LSOAs into deciles. Income deprivation
is, of course, not a causal effect, but it was found by LSP to be more strongly correlated
with high and low mortality than other domains of the IMDE]

In the left-hand panel of Figure[l] we have plotted age-specific death rates in 2018 for each
of the income-deprivation deciles. For both males and females (not plotted) we can make
the following observations{’

e Even though the data contain a certain amount of sampling variation, the deciles
are clearly ranked from decile 1 (most deprived, highest mortality) down to decile
10 (least deprived, lowest mortality).

'However, it is possible to assess net migration by comparing changes in exposures by cohort with
death counts but not determine where individuals are coming from or going to.

ZNote that the IMD itself includes a health domain. As with LSP (2018) we do not consider the health
domain. Instead, we seek to identify socio-economic covariates that are predictors of poor health and
increased mortality.

3For a more detailed analysis of English deciles, see Wen et al. (2021).



e There are very significant differences between the deciles at ages 40 to 60 (the mor-
tality inequality gap) before gradually narrowing as the population gets older. This
narrowing is very typical for mortality differences between socio-economic groups
using different measures and in different countries (see, for example, Cairns et al.,
2019, Wen et al., 2020, Redondo Lourés and Cairns, 2020).

At ages 40 to 50, death rates in the most deprived group are around 4 times (males)
and 3 times (females) the corresponding death rates in the least deprived group.
Both narrow to about 1.4 times at age 89.

The importance of income deprivation is investigated further in the right-hand panel of
Figure [ In this figure we consider centiles rather than deciles, and use Age Standard-
ised Mortality Rates (ASMRs) over ages 65 to 89 rather than crude age-specific death
rates to dampen sampling variation. For an overview and the definition of ASMRs, see
Supplementary Appendix [B]

We see that income deprivation has a clear impact across all centiles, and, indeed, steepens
towards both edges.

e At the right hand end (high deprivation and high mortality), the steeper curve
might reflect the possibility that prolonged ill-health drives some people into more
deprived areas.

o At the left hand end for the least deprived (which we interpret as most affluent), the
rationale for a steepening curve is less clear, although (speculating) it might be that
higher levels of wealth might facilitate better health care in old age. This pattern
at the level of centiles can also be seen in US data (Chetty et al., 2016).

In Figure [2| we illustrate how the ASMRs for the deciles have changed over time for ages
65 to 89. This plot reveals the following features:

e We can see a widening gap between groups 1 and 10. This is more marked for
females and for the older age group.

e Mortality improvements can be seen to have slowed down since 2010 or 2011. How-
ever, assessing the impact on deciles 1 to 10 needs care. The slowdown is more
marked in this older age group than it is at younger ages. And it is also more
marked in the most deprived groups, even after taking account of the fact that they
had been experiencing slower improvements since 2001.

A clear takeaway from Figure [2| concerns the setting of future mortality improvement
rates in applications such as population projections and actuarial valuations. Specifically,
short-term improvement rates should be different for different socio-economic groups, with
higher short-term improvement rates for the least deprived groups.

Lastly, we consider how mortality rates vary from region to region across England. In
Table[l] (bottom row) we give the ratio of actual versus expected deaths by region using En-
glish national mortality for expected deaths. Corresponding values by income-deprivation
decile are given in Table (1| (right-hand column) for comparison. We can see significant
differences between regions leading to the well-publicised North /South divide. But we can
also see that differences by region are dwarfed by differences between income-deprivation
deciles.
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Figure 1: Left: Age-specific death rates for English males in 2018, by income-deprivation
deciles. Right: Estimated ASMRs in 2018 by income-deprivation centile for ages 65 to
89. Centile 1: least deprived. Centile 100: most deprived. Bars show approximate 95%

confidence intervals for ASMR estimates.

Age Standardised Mortality Rates
By Income Deprivation Deciles
Males Aged 65-89

Most deprived

0.07

0.05
Age Standardised Mortality Rate (log scale)

0.04

Age Standardised Mortality Rate (log scale)

(a2}
8 T Least deprived
2000 2005 2010 2015
Year

0.045

0.035

0.020 0.025

Age Standardised Mortality Rates
By Income Deprivation Deciles
Females Aged 65-89

] Least deprived
2000 2005 2010 2015
Year

Figure 2: Estimated ASMRs by income-deprivation deciles over the period 2001 to 2018

for males and females ages 65 to 89.



Region
Decile NE NW YH EM WM E L SE  SW All

157.3 159.6 151.6 147 1433 138.3 1334 1394 1349 | 149.5
139.5 1445 1349 1346 1339 123.8 127.7 1293 1259 | 133.6
132.2 128 122.8 121.7 126.5 112.8 1149 119.8 108.6 | 120.4
119.5 120.6 111.7 112.2 108 102.9 105.2 110.7 98.4 | 108.8
105.7 1074 105.4 104 98.1 97 96.3 1025 89.9| 99.8
1044 991 977 983 949 886 912 938 881 | 93.7
95.3 921 926 913 909 86.5 821 877 82.7| 88.3
89.4 90 906 879 86.3 81.8 785 8 80.8 | 85.3

83 829 829 822 806 775 774 78T 761 | 79.7
0 729 T3 719 79 723 715 686 716 67.5| 71.6

= O 00 O Ol Wi

All 115.5 112.9 107.6 101.8 104.2 91.5 99.5 90.4 89.2 100

Table 1: Ratios (%) of actual deaths to expected deaths by region and IMD decile for
males aged 70 to 79 and 2001 to 2018. Expected deaths are based on national mortality
and region/decile exposures by single year and single age. Final column (bold): actual
to expected by IMD decile (no subdivision by region). Bottom row (italics): actual to
expected by region (no subdivision by IMD decile). Regions: NE North East; NW North
West; YH Yorkshore and the Humber; EM East Midlands; WM West Midlands; E East;
L London; SE South East; SW South West.

4 A two-factor model with multivariate local linear
regression

In this section we will outline the non-parametric method of local linear regression for
assessing the relative mortality risk for a specific LSOA.

4.1 The model for LSOA-specific relative mortality risk

As defined in Section , let m(t,a) to be the crude age-specific national death rate in
year t, age a for one of the sexes. We now seek to model the underlying LSOA-specific
death rates, m(i,t,a), in LSOA 1 linking to a vector, X (i), of predictive variables. The
death rate satisfies the usual assumption that

E[D(i,t,a)] = m(i,t,a)E(i,t,a).

Our general model is then that, over the limited age range (ag,a1) and range of years

(t07 tl)v
m(i,t,a) = m(t,a)Fy (X (2))Fy(i)

where

e [ (x) is the relative risk due to the socio-economic (and other) characteristics of an
LSOA with socio-economic characteristics x;

e [(i) is a relative risk that captures remaining spatial effects once the F; (X (i)) have
been fitted.



Note that F} is a function of the vector of socio-economic characteristics x while F5 is a
function of an LSOA index i. That means the factor F} is defined for any characteristics
x regardless of whether or not there is an LSOA with X (i) = z. The spatial factor
F5 could, of course, be defined for any geographical location but we think this is less
important here since LSOAs divide England into rather small geographical units and can
therefore themself be used to determine location.

We define the total number of deaths in LSOA ¢ for a given age range, ag to a;, and an
observation period ty to t; as

D(i)=> > D(ita).

t=to a=ap

Since the socio-economic and geographical factors, Fi(x) and Fy(i), are assumed to be
constant over the given range of ages and years, we obtain for the expected number of

deaths E[D(7)] in LSOA 1:

E[D(i)] =) Y E[D(i.t,a)] = Fy(X (i) F2(i) Do (i)

t=to a=ap

where

Do(i) =Y > ml(t,a)E(i,t,a).

t=to a=ap

In taking this approach,

e Dy(i) represents the baseline expected deaths with no allowance for socio-economic
or other effects.

e Dy(i)Fi(X (7)) represents our best estimate of the expected deaths based on socio-
economic drivers alone.

o Dy(i)Fy(X(i))F5(i) represents our best estimate of the expected deaths based on
soecio-economic and spatial drivers.

4.2 Stage 1: estimate the socio-economic relative risk, Fj

To fit this model we, first, calculate the actual-over-expected death ratio based on the
baseline model that there are no socio-economic effects:

Ro(i) = D(i)/ Do(i)-
We then use the Ry(i) to derive estimates of F;(X (i)) making use of the socio-economic

predictive variable X (7).

Unadjusted predictive variables take different ranges: some are on the scale (0, 1), some
(0,100), some (—o0, 00). To aid comparison and computation of the local-linear-regression
weights, the predictive variables are (unless stated otherwise) standardised as follows:



e Suppose that the LSOAs are indexed by ¢ = 1,...,L, and that the predictive
variables are indexed by j =1,...,np.

e Let P(i,j) be the unadjusted predictive variable.
e Define X (i,j) = (P(i,j) — p;)/0; where p; and o; are the empirical mean and
standard deviation of P(1,7),..., P(L,j).
Hence, the X (i, 7) all have mean 0 and variance 1.
Variables that we chose not to standardise include

e Urban-Rural classification and region (which are categorical rather than ordinal
variables);

e The proportions in communal establishments (including care homes with and with-
out nursing) in a particular LSOA (which remain as proportions on a (0, 1) scale) [f

For any given vector x of socio-economic characteristics we now fit a linear regression
function to all LSOAs giving a large weight to LSOAs j with X (7) “close” to x. Thus,
for a given x, we choose a(x) and b(x) such that they minimise

S(a,b,x) = Zw1(1’,j) (Ro(j) —a— bTx)2>

where the wy(x, j) are LSOA-specific weights related to the distance between X (j) and x
that are discussed below. We then set

Fy(z) = a(z)+b(x) "z, (1)
and update the estimated deaths in any LSOA i as

Di(i) = Do(i)Fi(X (i) (2)
and the actual-over-expected ratio

Ry(i) = D(i)/D1(i) = Ro(i)/ Fy (X (i)

4.2.1 Stage 1 weights

The calculations above need the weights to be specified. Broadly speaking, the weight
w(z, j) is large if LSOA j has socio-economic characteristics, X (j), that are similar to x.
The weight tends to zero as X (j) gets further away from z.

A number of different ways could be used to generate the weights. Here we start with the
socio-economic distance between two vectors of characteristics x and y

di(z,y) = |z —ylls = (Z(w(k’) - y(k))2> (3)

kesS

4From a statistical perspective, and in this analysis, care homes can be considered to be nuisance
parameters. Specifically, the presence of a care home in an LSOA should not impact on the socio-
economic characteristics and mortality experience of the non-care-home population in the same LSOA.
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where S is a subset of (1,...,np). The reason why S might not be the full set of predictive
variables 1, ..., np, is to allow for the exclusion of “nuisance” variables such as care-home
proportions that do not contribute to the underlying socio-economic characteristics of an
LSOA but do influence mortality rates. The urban-rural class is also not included in S
but will play a role in the final definition of the weights. We next rescale the distances

vi(7,y) = di(z,y)/dimax ()

where we choose to use an adaptive bandwidth, dymax(z). Lastly, we define the weights
as

= { DOV a KO (e XD < ond X)) = ot
’ 0 if v1(z, X(j)) > 1 or u(X(j)) # u(x)

where u(x) is the urban-rural class decoded in x: that is, we give zero weight to LSOAs
that are not in the same urban-rural class.

When we are estimating the parameters, we need to be mindful of the fact that for some
LSOAs, i, the position of X(7) lies in a relatively dense region while for other LSOAs
X (i) lies in a relatively sparse region. If we use a constant bandwidth, then, in the latter
case, relatively few neighbours of X () will contribute to the estimation of the parameters
leading to a high standard error. To avoid this we use an adaptive bandwidth, dymax(7),
so that the weight function for LSOAs in sparse regions includes data from a sufficiently
large number of neighbours. In our case, we have chosen dimax (i) to equal the distance
to the Kith nearest neighbour in the same urban-rural class: that is, only the K; — 1
nearest neighbours in the same urban-rural class will have a non-zero weight, with the
weights diminishing to zero the further they are away from X (7). More specifically, we
have chosen K; = 2500.

There are two further elements in the weight function: the commonly used tricube kernel
function; and the expected deaths, Dy(j). The purpose of scaling the weights by Dq(j) is
to give greater weight to LSOAs that have larger numbers of people (and, hence, larger
numbers of deaths) in the age range of interest: larger numbers means that sampling
variation in the actual-over-expected variable Ry(j) for a particular LSOA is lower. This
contrasts with, and generalises, the standard assumption in non-linear regression that all
individual observations have the same variance [l

4.3 Stage 2: estimate the remaining spatial relative risk

In this second stage, we assess the remaining spatial relative risk based on the updated
actual-over-expected, R (i), using only the longitude and latitude, Y (i) = (Y1(4), Ya(7)),
of each LSOA, i, and the urban-rural class.

Unlike the socio-economic predictive variables, there is no ex-ante reason why we might
expect any systematic trends in relative risk as we move from west to east or north to

To justify this particular scaling, suppose we have a sequence of random variables Y; ~ N (,u,af—)
where the o; are known and p has to be estimated. An estimator for y s}, w;Y; with > w; = 1. The
estimator with the lowest variance has w; oc 1/0%. In our case the observations Ro(j) have a variance

that is proportional to 1/Dg(j) (in the absence of socio-economic effects).
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south. We will, therefore use the simpler method of kernel smoothing to generate estimates

of the relative risk: > (i, )R ()
R wo (1,
(i) = &= 2 J- ‘1 J
Zj w?(laj)

where the weights depend on the physical distance between LSOAs i and j, with adjust-
ment for the urban-rural class of each.

4.3.1 Stage 2 weights

These are based on physical distance between LSOAs adjusted for urban-rural class.

[mm — Yi(5))? + (Ya(3) — Ya(5))2)]"°
o(u(i)o(u(s))
UQ(ivj> = dQ(ivj)/deaX Z)

o Di() (1= a4, §)?)° for we(i,g) <1
we(ig) = {0 ! for vz(i,§)>1

2

As with the wy (i, j) we allocate greater weight to LSOAs with higher expected deaths.
The ¢(u) scaling parameters are dependent on the urban-rural class u = 1,...,5. The
rationale for this feature is that, e.g., rural LSOAs tend to be much further apart than
urban LSOAs. Thus a rural neighbouring LSOA 10km away might carry more weight
than a city-based LSOA 1km away. Here, we have used ¢ = (1.5,1.5,5,25,1) and the
adaptive bandwidth, dsnax(7), is set equal to the distance to the K,th nearest neighbour
(based on the dy(1, j) distances), with Ky = 250 giving satisfactory results.

4.4 Advantages and disadvantages of local linear regression

Amongst non-parametric methods, a key reason for using local linear regression (LLR)
for estimating the socio-economic factor Fj rather than, for example, kernel smoothing
is that it captures explicitly the local slope in the data. This is important where the
response variable (here, the relative risk) is believed to be increasing or decreasing as the
underlying predictive variables change. This is specifically useful when we estimate Fi(x)
for any = whose (socio-economic) neighbours X (j) are mostly to one side rather than
evenly distributed around z: for example, if = is near the edge of the data.

Second, LLR offers an approach that can be easily implemented in multiple dimensions.

A third advantage is that estimates of relative risk are not especially sensitive to non-
linear transformations of the predictive variable, z (e.g. a log-transform). The exception
to this might be at the edges of the data when those points with an appreciable weight,
w(z, j), are spread out over a wider range of values of x. This contrasts, for example, with
Generalised Linear Models (GLMs), where, by design, the (transformed) expected relative
risk is linear in the predictor x: so x needs to be scaled and transformed accordingly before
model fitting to get a good fit.

Fourth, LLR automatically captures interactions between different predictive variables in
multiple dimensions. With GLMs, interactions must be investigated in a systematic way,
and this could be very challenging computationally in multiple dimensions.
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Predictive Variable Scaling
1 Income deprivation (older people) standardised
2 Employment deprivation standardised
3 Average number of bedrooms standardised
4 Age 65+ with higher education standardised
5  Proportion born in the UK standardised
6  Overcrowding in housing standardised
7 Affordability problems standardised
8  Poor air quality standardised
9  No central heating standardised
10 care home with nursing, 60+ [0, 1] proportion
11 care home without nursing, 60+ 0, 1] proportion
12 urban-rural class categories 1 to b

Table 2: Predictive variables and scalings used in the core analysis. (See Supplementary
Appendix [A| for a more detailed description of the predictive variables.)

The main disadvantage of LLR and other non-parametric methods is the lack of easily
interpretable parameters: results cannot be communicated in a simple way through, for
example, the specification of a simple function. This is in contrast to parametric models
like GLM for which each estimated parameter can usually be given an interpretation.
Nevertheless, LLR does provide detailed outputs such as the local slope, b(z), which
allows users to explore the influence of individual parameters across different sections of
the data.

Many of these advantages and disadvantages are shared with the random forest (RF)
algorithm (Wen et al., 2023) and the two methods produce similar results. RF is compu-
tationally less intensive than LLR. On the other hand, LLR should, in general, perform
better than RF near the edges of the data, and local estimates of the slope, b(z), in LLR
allow easier exploration of the results.

5 Results

5.1 The core model

We now present results for our core model, using the data from 2001 to 2018. We exper-
imented with different groups of predictive variables and settled on those listed in Table
on the basis of (a) lower variance of randomised probability-transformed residuals (see
Supplementary Appendix @ and (b) lower variance of the remaining spatial relative risk.
In aiming to minimise the remaining spatial relative risk we are seeking to explain as
much as possible of the observed variation in mortality using socio-economic variables.

The zeros in the weight function, ws(7,j), mean that the model for each urban-rural
(UR) class is fitted independently of other urban-rural classes. Within each UR class
we have 11 predictive variables, out of which care home proportions are to be treated
as nuisance parameters rather than socio-economic parameters. Hence, in equation ,
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S=1{1,2,...,9}.

The analysis produces 32,844 estimates each for the Fi(X (7)) and Fy(i). Since we only
consider the socio-economic factor Fj for characteristics observed in an LSOA, we will
use the short-hand notation F(i) for Fi(X (7)) in what follows. Empirical distributions
(CDFs) for these are plotted in Figure [3| for males. Results for females are very similar.
The two plots show CDF's for each of the five age groups. First, consider the left hand
plot: socio-economic relative risk, Fj(i). We can see that the wide spread for the age
40-49 age group gradually narrows with age (consistent with Figure [2). For ages 40-49,
the plot reveals how large the mortality inequality gap is between the top and bottom
groups: more than 7% of LSOAs have a death rate that is less than half of the national
rate, while 6% have mortality that is more than double the national rate. The factor of
4x is approximately equivalent to an effective age difference of 14 years.

Second, consider the right-hand plot: the remaining spatial relative risk, Fy(i). The
most striking feature of these CDFs is that they are much narrower than the CDFs
for socio-economic risk. Indeed, the empirical variance of Fy(i) is in the range 1.4% to
3.0% of the variance of F}(i) for the same age group. In part, this reflects our desire to
explain as much of the variation in mortality using socio-economic predictive variables
first, and spatial variation second. However, it indicates that, with the right choice
of socio-economic variables, socio-economic information by far outweighs geographical
location as a predictor of mortality.

Figure (males, ages 40-49) maps the estimated values of the socio-economic relative
risk, F(i), (left), the spatial relative risk, F(i) (middle), and the combined relative risk,
Fi(i)F5(2)) (right), plotting values using a limited colour range.

The middle plot shows how ﬁ&(z) varies across England. We can see that there are
patches of oranges/reds and greens/blues (higher and lower mortality than predicted by
the socio-economic model only), but there is no systematic north/south or other divide.
The reasons for these patterns is currently not clear but they will, amongst other things,
reflect additional behavioural variations (e.g. spatial variation in smoking prevalence)
that are not well represented in our existing set of predictive variables, including those in
our wider dataset.

The left and right-hand plots in Figure 4| show the socio-economic-only (left) and com-
bined (right) relative risk, F}(7) and Fy(i)F5(i). We can see small differences between the
two maps, but essentially they are very similar, reflecting our earlier observation that the
residual spatial risk is very much less variable than the socio-economic risk. Across the
map, there is apparently much more blue, but blues tend to be in less densely populated
LSOAs, sometimes rural, and therefore much larger in area. The oranges and reds, rep-
resenting high relative risk, tend to be in high-density inner-city areas in London, and
northern cities.

Equivalent plots for the higher age groups and for females can be seen in the supplementary
Supplementary Appendix[E] In terms of remaining spatial relative risk, there is is a gradual
shift in the geographical distribution as well as a narrowing of the range of values and
the emergence of a split in the form of south coast and east (low) versus the rest of the
country, and persistent higher mortality in west London. For the combined relative risk
the pictures are more consistent with Figure |4 but with a gradually diminishing range,
consistent with Figure [3]
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5.2 Care homes

The presence of a care home in an LSOA can clearly have an impact on observed mortality.
For example, an affluent LSOA that we would expect to have low mortality might have
higher than expected deaths if there is a large care home in the neighbourhood. As
remarked above, therefore, care homes with and without nursing have been included as
predictive variables, but, as they are regarded as nuisance variables, they do not influence
the weight function, wy (i, 7).

In the data, there are 23,464 LSOAs with no care home, 6,023 have care homes without
nursing only, 2,058 have care homes with nursing only, and 1,299 have care homes of both
types. In 2011, there were 177,530 persons above age 60 in a care home without nursingﬂ
and 131,158 persons in a care home with nursing.m

Care home data are available for each LSOA (proportions in the 60+ age group in care
homes with and without nursing). It is therefore of interest to consider the following
questions: are care homes concentrated more in either less or more deprived areas; can
we estimate mortality rates for the healthier non-care-home population; what do mortality
rates look like if each LSOA has an average sized care home population?

To look at these questions we consider three variants of the socio-economic relative risk,
Fi (7).

e Case A: this is our base case using Equation (1). We label this as F{(i) and it
provides an estimate of the socio-economic relative risk using the actual care home
proportions.

e Case B: we assume that none of the population is resident in a care home with or
without nursing, that is, we estimate the socio-economic factor for LSOA i using
the estimated coefficients a(i) and b(i), see Equation , but we modify the vector
of predictive variables, X (i), to set the care home populations to zero:

Q>

9
EB (i) ZB i, /)X (4, ) + b(i,10) - 0 + b(i,11) - 0.

e Case C: we assume that the average proportions Xy and X;; of the 80-89 population
reside in a care home with and without nursing,

A

FY (i

||
Q>

9
Zl; i, §)X (i, 7) + b(i,10) X0 + (i, 11) X1

To address the first question above, we investigated the proportion in a care home versus
what we estimate to be the relative risk for the non-care-home population, FB(i)Fy(i).
(See Figure right-hand panel, in Supplementary Appendix ) We found that care
homes seem to be evenly distributed across all LSOAs with no bias towards areas of high
or low mortality.

6 Average 18 persons in those LSOAs with a care home without nursing.
" Average 53 persons in those LSOAs with a care home with nursing.
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Relative Risk for Ages 80-89
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Figure 5: Scatterplot of the adjusted relative risk F}?(i)F(i) (case B) versus cases A and
C. A (black dots): actual relative risk F/(i)Fy(i). C (orange dots): relative risk assuming
average proportion in care homes with and without nursing F'€(i)F,(i). Diagonal lines
(gray lines) with gradients 1 and 1.1 are included to aid interpretation.

The second and third questions use the adjusted relative risks, F2(i) and FC(i). This is
illustrated in Figure 5| where, for ages 80-89, we compare relative risks with and without
inclusion of the care home effect (Case A versus Case B in the figure, black dots). All
LSOAs with no care homes lie on the 1x diagonal. Those with a care home lie above the
gray 1x diagonal. The ratio with to without is affected by two factors: the number of
people in a care home with or without nursing; and the estimated “impact” on individuals
of being in a care home (the magnitude of the b(i,10) and b(i, 11) parameters). As we
can see, in some LSOAs the presence of care homes more than doubles the estimated
mortality rate within an LSOA. Cases B and C are also compared in the Figure |5 (orange
dots). In case C, the impact of having the average care home population is somewhere
between a parallel shift and a proportional adjustment to the adjusted case with no care
homes. In aggregate, case C (as with case A) should correspond approximately to national
mortality, whereas case B will have lower aggregate mortality than the national population
as it excludes the effect of care homes.

5.3 Sensitivity of estimated relative risk to predictive variables

By way of example, Figure [0] illustrates how the relative risk with care homes removed,
FP(i), depends on given pairs of predictive variables. Individual points (LSOAs) are
coloured according to which decile F2(i) falls in. The left-hand plot focuses on males

8The extent to which the coloured bands are fuzzy or lack crisp divisions is an indication that the two
predictive variables do not, on their own, provide a complete picture: there is additional information in
the other variables.
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aged 70-79 and looks at the joint impact of income deprivation amongst the old and
educational attainment (the proportion with a BSc or higher) amongst the elderly. For
low and high levels of income deprivation, the level of educational attainment does not
seem to have much impact. But where there are moderate levels of income deprivation
(e.g. 30%) the level of educational attainment can be seen to be much more significant
with, everything else being equal, higher levels of educational attainment being associated
with lower mortality. This, therefore, illustrates an interaction between the predictive
variables that the LLR method picked up without the need to be pre-specified. In the
right-hand plot we see the impact on males aged 50-59 of employment deprivation and
overcrowding. Here we can see that both predictive variables have a consistent effect with
higher values predicting higher mortality and employment deprivation having a rather
stronger impact.

The left hand plot in Figure [7] shows how the relative risk for males aged 70-79 depends
on imcome deprivation amongst the elderly and the proportion born in the UK. 85% of
LSOAs have a proportion of UK born above 70%, and, above this threshold of 70%, rela-
tive risks seem to have only a weak dependence on the proportion of UK born. However,
below this threshold the decile bands become more diagonal indicating that there is a clear
dependency between relative risk and the proportion of UK born. Most LSOAs below
this threshold belong to urban conurbations, especially London, so the dependency is only
evident in urban-rural classes 1 and 5. This dependency is confirmed when we look at the
results of the fitted local regressions in the right-hand plot. Here we plot l;(z, 5) against
X5(7), the proportion of UK born. Although there is a fair degree of noise in the param-
eter estimates, the Z;(z, 5) are clearly positive for urban-rural classes 1 and 5 (black and
orange dots) respectively below about 70%. A formal analysis of this effect is beyond the
scope of this paper, but three possible explanations come to mind. First, if the ethnic mix
of an LSOA with a high proportion of first-generation immigrants is quite homogeneous
then there the elderly might benefit from a stronger community-wide support network or
family (for example, in multi-generation households) than is present in neighbourhoods
where the proportion of UK born is higher. Second, even at these advanced ages, there
might be a significant healthy-immigrant effect (see, for example, Vang et al., 2017, and
Wen et al., 2020). Third, further analysis indicated that the LSOA’s with a low propor-
tion of UK born also have relatively low employment deprivation compared to levels of
old-age income deprivation. This suggests that the elderly population of first-generation
immigrants might have been active but low-paid workers who need income-support in
retirement.

At lower ages, the proportion of UK born has a more-complex but still-significant pattern
of impact. For example, in London, in the 40-49 age group, the pattern discussed above
reverses: everything else being equal, the lowest proportions of UK born are associated
with higher mortality. Again this needs further investigation and the underlying reasons
might be more complex still.

5.4 Regional and decile mortality

In Table [1] earlier, we noted how much variation there was in regional mortality versus
national mortality. We now compare expected deaths at the regional level before and
after adjusting for the socio-economic relative risk Fj(z). These are reported in Table
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Figure 6: Scatterplots showing the relationship between pairs of predictive variables and
socio-economic relative risk, F2(i), with the care home effect removed. Left: males aged
70-79, income-old deprivation versus proportion amongst the old with a high education.
Right: males aged 50-59, employment deprivation versus overcrowding. Dots: individual
LSOAs. Colours: dark brown, decile 1, 10% highest relative risk, F?(4); dark blue/green,
decile 10, 10% lowest relative risk.
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Figure 7: Left: As Figure [6] but showing the dependence of the relative risk for males
aged 70-79 on income deprivation amongst the old and the proportion born in the UK.
Right: Scatterplot showing the sensitivity of the relative risk to changes in the proportion
of UK born coloured by urban-rural class: that is, b(i,5) against X (i) respectively.
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Regional Relative To
National Mortality
Males Females
Region Unadjusted Adjusted | Unadjusted Adjusted
North East 115.5 100.8 120.5 101.6
North West 112.9 102.5 116.1 103.6
Yorkshire and The Humber 107.6 100.4 108.3 100.2
East Midlands 101.8 100.4 102.1 99.4
West Midlands 104.2 98.9 102.6 97.3
East 91.5 97.2 92.5 97.7
London 99.5 101.1 95.2 101.0
South East 90.4 100.6 89.3 100.1
South West 89.2 98.1 87.3 97.2

Table 3: Comparison of regional death counts over the age range 70 to 79, and 2001-2018
relative to expected deaths using English national mortality, without (unadjusted) and
with (adjusted) allowance for socio-economic relative risk, F{(4).

As can be seen, much of the regional variation that we observed previously (Table
males/females “unadjusted”) can be explained by socio-economic effects (males/females
“adjusted”). However, some differences still remain (but now much reduced) with the
East, South West and North West standing out. Notably, the West Midlands shifts from
having higher than expected mortality to slightly lower, while for London the reverse is
true for females.

In Figure [8| we plot Age Standardised Mortality Rates (ASMRs) for males for the age
range 65-89 based on two sets of deciles:

e deciles based on income deprivation (ID);

e deciles based on the estimated relative risk with the impact of care homes removed,
FB(i), using the 70-79 age groupf]

We can see that the two plots have broadly similar patterns: improving mortality and a
widening gap. However, the F1Z(i)-based deciles produce a slightly wider spread, consis-
tent with greater predictive power.

In Figure [9 we plot Age and Deprivation Standardised Mortality Rates (ADSMRs) where

we standardise using either income deprivation deciles or deciles based on the socio-

economic mortality FlB(z)

We can make the following observations:

e The unadjusted ASMRs by region (left-hand plot) highlight the significant differ-
ences in mortality between regions. This is partly mitigated by the deprivation

9}3'13(2') is used, first, to map each LSOA to a decile. ASMRs can then be calculated for each decile
over any age range (e.g. 65-89) using the raw deaths and exposures data.

108ee Supplementary Appendix for definitions and a description of ADSMRs, and how ASDMRs
mitigate the differences between ASMRs that are simply caused by the fact that some regions are more
deprived than others.
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adjustment based on income deprivation (middle plot).

e Use of the socio-economic-mortality deciles (right-hand plot) results in a much nar-
rower range of ADSMRs than the income deprivation deciles: again an indication
that the new approach in this paper explains much more of the differences between
regions compared to income deprivation as a sole predictive variable. If London is
excluded, then the gap between regions is almost halved.

e London is a clear outlier amongst the nine regions with much stronger improvements
over the 18 year period than all other regions.

e All regions have seen a slowdown in mortality improvements since 2010/11. For
London, this is a slowdown relative to its previously faster rate of improvement.

e For females (not plotted) the patterns are quite similar, but rates are lower, although
regional differences are a bit bigger.

Explaining the London effect is beyond the scope of this paper, but it clearly needs to
be better understood. Possible reasons are: changing demographics/ gentriﬁcationm; a
widening gap in spending on the National Health Service (NHS); more effective use of
NHS and public-health funding in London than elsewhere. Note, also, that the predictive
variables are single values covering the whole of the period 2001-2018 rather than time
dependent, so it is possible that any drift in the predictive variables (e.g. income or
employment deprivation) over time that is significantly different in London from other
regions might explain the London effect.

5.5 Time dependency

It is of interest to investigate how much the relative risks vary through time. Here, we
do this by fitting the model again to the non-overlapping time periods 2001-2009 and
2010-2018.

Figure 10| shows how the socio-economic relative risk changes between the two periods.
As expected, there is a very high correlation between estimates for the two periods. The
scatterplots also highlight differences between the different urban-rural classes.

e For the 40-49 age group, most points lie close to the main diagonal. This is an
indication that levels of inequality have remained roughly similar. Much of the
“fuzziness” around the main diagonal will be due to sampling variation in the death
counts. However, for London (orange dots) the dots clearly lie on a flatter slope, and
this is an indication that levels of inequality in this age group have fallen between
the two periods in London.

e For the 80-89 age group, the scatterplot is clearly steeper than the main diagonal:
a clear indication that levels of inequality have risen sharply in this age group in
recent years.

1E.g. faster growth in London than elsewhere of GDP, or higher levels of education, or patterns of
migration within England and from outside its borders might have benefitted London mortality (e.g. the
healthy immigrant effect; see Vang et al., 2017, and Wen et al., 2020).



21

ASMR for Age Range 65-89 ASMR for Age Range 65-89
By Income Deprivation Decile By Socio—Economic Mortality Decile
N~ N~
o 4 o
IS IS
(e} (e}
o 4 o
o o
25 245
T o 4 T o
3 o 3o
(@] D
k] e!
X <« X <«
=9 A SQ
0 o ) ©
< <
(a2} (a2}
o 4 o
o o
T T T
2000 2005 2010 2015 2000 2005 2010 2015
Year Year

Figure 8: ASMRs for males for the age range 65-89 for each of 10 deciles. Left: deciles
based on income deprivation deciles. Right: deciles based on the estimated socio-economic
relative risk with the effect of care homes removed, F{?(i), for the 70-79 age group.
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Figure 9: ASMRs and ADSMRs for males for the age range 65-89 for each region. Left:
Unadjusted for variations in deprivation. Centre: deprivation standardisation using in-
come deprivation. Right: deprivation standardisation using the estimated relative risk
FlB (¢) for the 70-79 age group.
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Socio—economic-specific Relative Risk 2010-2018
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Figure 10: Socio-economic relative risk for males, ages 40-49 and 80-89. 2001-2009 esti-
mates versus 2010-2018 estimates.

6 Conclusions

The increasing availability of large mortality-related datasets opens up the possibility for
more detailed analyses of the key drivers of death rates.

In this paper, we have conducted a detailed analysis of mortality inequalities in England,
using all-cause mortality data at the level of LSOAs. We have used the non-parametric
method of local linear regression to quantify more accurately the very significant mortality
inequalities that exist across England, particularly at younger ages. The method is very
well suited to our large dataset and can handle, in a straightforward way, the inclusion of
several predictive variables, and is not particularly sensitive to non-linear transformations
of the predictive variables. In particular, the method automatically captures any potential
interactions between predictive variables.

Amongst all of the available predictive variables, old-age income deprivation and employ-
ment deprivation were found to have the strongest predictive power. But we also found
that urban-rural class and the presence of care homes within a neighbourhood were impor-
tant predictors as well. Once socio-economic effects have been filtered out, the remaining
spatial relative risk was found to be quite small in comparison, countering the headline
differences between English regions. Perhaps this is not surprising, but it emphasizes
that, on a like for like basis, there is no intrinsic disadvantage in terms of life expectancy
to living in the north rather than the south.

The data also confirm that inequality between different socio-economic groups has been
rising including at high ages where, in the past, there has been a generally narrower
inequality gap compared to younger ages.
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Our estimates of the relative risk (with and without care-home adjustments) can poten-
tially be used in three ways. First, the estimated relative risk with the effects of care
homes removed can be used to group LSOAs into deciles, with a clear improvement over
the IMD or income deprivation as a predictor of high or low mortality. Second, the rela-
tive risk estimates can be used as predictive variables in their own right (on a continuous
scale) in the assessment of the mortality of life insurance and pensions portfolios alongside
other predictive variables such as pension amount and geodemographic grouping. Third,
the socio-economic relative risk estimates might also be of use in developing strategies to
tackle mortality inequality by identifying more accurately the worst affected groups. The
companion spatial relative risks offer additional insights for policymakers into which areas
have excess mortality even after taking account of socio-economic variation, potentially a
result of poorer health behaviours in certain regions such as smoking.
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Supplementary Appendix and Figures

A Datasets

Data for England are available at the level of small geographical areas known as Lower
Layer Super Output Areas (LSOAs). Each area has typically between 1,000 and 3,000
persons, with an average of about 1,600, across all ages.

There are 32,844 LSOAs at present. New LSOAs are created from time to time in response
to growth in housing. Data relating to the LSOAs can be found on the ONS (Office for
National Statistics) website www.ons.gov.uk.

A.1 Deaths and exposures
For each LSOA we have:

e data from 2001-2018:

— death counts, D(g,1,t,a), where g is the sex, i is the LSOA, t is the year, and
a is the age last birthday{?["%]

— central exposed to risk, F(g,i,t,a), equated to the mid-year population esti-
mates for 2001-2018 available from the ONS{]

e One off (i.e. not observed through time) predictive variables for each LSOA that
might be associated with higher or lower than average rates of mortality.
A.2 Potential predictive variables and related data

This appendix lists all data considered, with predictive variables used in the final analysis
picked out in bold.

1. LSOA index.

e LSOA codes are of the form “E010xxxxx” where the LSOA index zzzzx ranges
from 00001 to 33768.

12User-requested deaths data used in this study can be found at https://www.
ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/adhocs/
007807deathsbylowersuperoutputareaageandsexenglandandwales2001t02016

Death counts are registrations in calendar year ¢ rather than occurrences. The advantage to the ONS
and users of using registrations is that the tables can be produced in a much more timely manner. Death
counts by year of occurrence can be delayed by the very small number of deaths that require an inquest.

4 Mid-year population estimates can be found at https://www.ons.gov.uk/
peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/
lowersuperoutputareamidyearpopulationestimates. Note that data for 2012-2016 have been revised
slightly since our original download by the ONS to account for revisions made to local authority
population estimates (ONS, 2018). Unrevised files for 2015 and 2016 are available on the same web
page. The authors have verified that use of the revised data make very little difference to estimates of
relative risk, Fi (i) and F»(i).


https://www.ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/adhocs/007807deathsbylowersuperoutputareaageandsexenglandandwales2001to2016
https://www.ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/adhocs/007807deathsbylowersuperoutputareaageandsexenglandandwales2001to2016
https://www.ons.gov.uk/peoplepopulationandcommunity/birthsdeathsandmarriages/deaths/adhocs/007807deathsbylowersuperoutputareaageandsexenglandandwales2001to2016
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https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/lowersuperoutputareamidyearpopulationestimates
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/populationestimates/datasets/lowersuperoutputareamidyearpopulationestimates

e Only 32,844 indexes are currently in use and, therefore, some codes are missing.
These are codes that would have been used previously. However, if an LSOA
has grown substantially, then it would be split, the old LSOA code deleted,
and the two new LSOAs given new codes not yet used. And some LSOAs have
shrunk and will have been merged and allocated a new index.

2. The Index of Multiple Deprivation 2015 (IMD)]

This is the official composite measure of relative deprivation in England, with a
single value for each LSOA. A higher value indicates a higher level of deprivation.
The IMD has seven domains:

e income deprivation;

e employment deprivation;

e education, skills and training;

e health deprivation and disability;

e crime;

e barriers to housing and services;

e living environment.

Some of these have further sub-domains (which we discuss below) that we consider
to be useful to refine predictions of mortality.

3. Income deprivation (a domain of the IMD):

e this measures the proportion of the population in each LSOA who are receiving
benefits from the state because they are on a low income;

e sub-domains include income deprivation affecting older people, which
measures income deprivation amongst people aged 60 and older.

4. Employment deprivation (a domain of the IMD)

e this measures the proportion of the working population in each LSOA who are
unemployed.

5. Living environment deprivation (a domain of the IMD)

e this measures the quality of the living environment (indoors and outdoors);
e indoors: housing in poor condition; houses with no central heating;

e outdoors: poor air quality; road traffic accidents.
6. Barriers to housing and services (a domain of the IMD)

e this is subdivided under two main headings: ‘wider barriers’ and ‘geographical
barriers’;

e wider barriers includes: overcrowding in households, affordability of
housing, and homelessness;

5For further details, see Office for National Statistics (2015).



e geographical barriers measures distance to key services. A higher value for
geographical barriers implies more ‘deprived’, but it can also be associated
with lower mortality: for example, greater distances to services might indicate
that the LSOA is more affluent or rural with housing more spaced out, and,
indeed, the geographical barriers variable is negatively correlated with income
deprivation.

7. Average number of bedrooms (based on 2011 Census data)

e this measures the average number of bedrooms per household in the LSOA

e in contrast to the deprivation indices, a high value (more bedrooms) is likely
to be associated with lower mortality.

8. Highest level of qualification (data from the ONS)

e this gives the proportion of a particular group within the LSOA who have
attained a particular level of education

e 6 age groups: All; 16 to 24; 25 to 34; 35 to 49; 50 to 64; 65 plus;

e 8 education groups:

(a) All categories: Highest level of qualification
No qualifications
Level 1 qualifications

Level 2 qualifications

Level 3 qualifications

)

)

)

) Apprenticeship
)

) Level 4 qualifications and above
) Other qualifications

® Sce

www.gov.uk/what-different-qualification-levels-mean/list-of-qualification-levels;

e In our analysis we used the proportion of individuals aged 65 and over
with level 4 qualifications or higher. Level 4 and higher can be interpreted
as meaning any qualifications that take individuals beyond A-levels/high-school-
graduation or equivalent.

9. Proportion of population born in the UK (data from the ONS/NOMIS)

This measures the proportion of usual residents that were born within the UK in an
LSOA, calculated by dividing the number of UK-born residents by the total number
of residents.

10. Urban-Rural Classification

1 Conurbation: non London
2 City or town
3 Rural town

4 Rural village and dispersed


www.gov.uk/what-different-qualification-levels-mean/list-of-qualification-levels

5 Conurbation: London
11. Region

1 North East

2 North West

3 Yorkshire and Humber
4 East Midlands
5 West Midlands
6 East

7 London

8 South East

9 South West

12. Communal establishments

e This element of the data (a user-requested dataset from the ONS) record the
number of persons in each LSOA in a communal establishment at the time of
the 2011 census.

e The data count the number of persons, C(i,g,y,T) where
— ¢ is the LSOA index;

— g 1s sex;

— y is the age group 0-59, and 60+;

— 7 is the type of communal establishment:
1 Care home: Private or local authority, with nursing;
2 Care home: Private or local authority, without nursing;
3 Remainder of medical and care establishments;

4 Other communal establishments.

We use the proportion of the 60+ age group who are in a care
home with nursing and the proportion of the 60+ age group who
are in a care home without nursing.

B Age Standardised Mortality Rate (ASMR)

B.1 Basic definition

The purpose of the ASMR is to facilitate comparison of mortality rates in different pop-
ulations. In particular, if the age profiles of different populations are different then some
measures (e.g. deaths per 100,000 population) might simply reflect differences in the age
profile even if death rates at individual ages are identical. The ASMR avoids this by using
a standard population rather than the actual age profile.



The basic definition, ignoring other indices, over the age range (ag, a;) is

“  m(a)ES(a

where ES(a) is the standard population at age a9}, and m(a) is the death rate at age a.

B.2 Further development

In this paper we make use of a number of variants of the ASMR. Various age ranges are
considered: e.g. 40-49, 40-64, 65-89, etc. We also calculate ASMR’s by region and by
deprivation or other deciles.

Suppressing indices for the age range, (ag, a;), calendar year, t, and sex, g, we start with
the following death rates:

e m(a) = national death rate at age a,
e m;(i,a) = income-deprivation decile ¢ death rate,
e mpg(r,a) = region r death rate,

e mps(r,i,a) = death rate at age a in region r, deprivation decile 7.

Each of these has corresponding ASMRs:
> ara, (@) ES(a)

ASMR = ASMR(l) = ZZJZ o
ASMR; (i) = Z;ZGSZZO(% ?(J-Z)S (a)
i) =

ASMRpi(r,i) = Zl:aoggz frE ZS 2;25(@)

For all-cause mortality (¢ = 0) we will be summing over single ages. For cause-of-death
mortality (¢ > 0), we will be summing over 5-year age groups: for example if the stated
age range is 40 to 49, then we are summing over two age groups: 40-44 and 45-49.

B.3 The Age and Deprivation Standardised Mortality Rate (ADSMR)

Now, we can develop the formula for ASM Rg(r) as follows:
Zglzao ES(G) ngl mRI(r7 i, CL)'UJR[(’I", 2 a’)
2 ata, £5(a)

6Here we use the European Standard Population, 2013 (Eurostat, 2013). Comparative results in this
paper for different populations are unlikely to be sensitive to the choice of standard population.




where wgy(r,i,a) = Epr(r,i,a)/ > Eri(r, j,a) represents the weight carried by decile
amongst deciles 1 to 10, in region r at age a (so, for each r and a, >, wr;(r,4,a) = 1).

We then note than some regions have greater proportions of more deprived areas than
other regions. The resulting differences in weights then means that some regions will have
naturally higher ASMRs even if there are no differences in death rates at the level of
income deprivation between regions (i.e. mgr(r,i,a) = my(i,a) for all r =1,...,9).

To remedy this, we propose the ADSMR as an alternative to the regional ASM Rgs.
Specifically we replace the weights wg;(r,4,a) in by wgy(r,i,a) = 0.1. Hence

" S Mg (4, @)t (r, i, ) ES(a)

ADSMI) = = Bs )
0 i ke M (1, @) ES(a)
> ara, £5(a)
1 10

= > ASMRp(r,i).
=1

The use of the ADSMR allows us to filter out the impact of differences in deprivation
levels. Any differences that remain need further investigation.
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Figure 11: Left: Comparison of socio-economic relative risk, F} (1), in the two cases D
(where urban-rural class is not used as a predictive variable) versus A (where each LSOA
is benchmarked against its own urban-rural class). Scatterplot of (F}P(i), F{(i)). Right:
Comparison of socio-economic relative risk, F(i), in the two cases E (urban-rural class
2 is used as a benchmark) versus A (where each LSOA is benchmarked against its own
urban-rural class). Scatterplot of (FE (i), FA(i)).

C Impact of urban-rural class

Here we compare the baseline results with two cases:

e Case D: urban-rural class plays no role in the local linear regression. This produces
relative risks F'P (i) as well as FiP ().

e Case E: all LSOAs benchmarked against urban-rural class 2 (cities and towns).lﬂ
This produces relative risks FZ (i) as well as FiF(i).

Unlike cases B and C, each of cases D and E require the model to be refitted.

In case D, we simply treat each LSOA as though no information about the urban-rural
class is available or this characteristic is not considered relevant, and therefore excluded
from modelling. In Figure [11] we show a scatterplot of F2(i) versus F{}(i) coloured by
urban-rural class for ages 50-59. If there was no urban-rural effect then all points would
lie on the x = y diagonal. In reality, for example, the blue dots (UR class 4: very rural)
are less steep indicating that this class is less sensitive to changes in the socio-economic
predictive variables than other urban-rural classes. Rural towns (green) and London
(orange) can also be seen to be slightly less steep.

When we consider the combined relative risk, F(i)Fy(i), we find that cases A and D
produce similar results in terms of goodness of fit in each age group. However, the

17Class 2 is the largest of the five classes and has the widest range of predictive variables, allowing
LSOAs in other classes to be sensibly matched with LSOAs with similar predictive variables in class 2.



influence of Fy(i) is quite different. Specifically, the variance of FP (i) is significantly
higher than FQA(Z) This goes against our objective to minimise variation in the remaining
spatial relative risk in order to explain as much of the observed variation as possible using
socio-economic and non-geographical predictive variables.

In case E, we benchmark all LSOA’s against their nearest neighbours socio-economically,
in urban-rural class 2. Thus we use weights derived from the modified distances:

i j) = {L!OX(z‘)—X(j)Hs i%;;

that is, we only assign a non-zero weight to LSOAs in urban-rural class 2. Results are
plotted in Figure Here, we plot FF(i) versus F{*(i). Red dots for class 2 lie on a
straight line as there is no change in how class 2 is fitted. Urban-rural classes 4 (rural,
blue dots) and 5 (London, orange dots) stand out as being well below the the main
diagonal. This suggests that, on a like for like basis (i.e. similar socio-economic predictive
variables) LSOAs in class 2 (cities and towns) have significantly higher mortality than
very rural areas and in London, particularly at the more deprived end of the spectrum.
Systematic differences by urban-rural class highlighted here diminish with age.

D Analysis of residuals

Local linear regression itself does not require any assumption about the distribution of
the deaths, simply that E[D(i)] = Do(i)Fi(i)F3(i). In our analysis of the residuals we
refine this further by investigating if the death counts have a Poisson distribution.

We propose here the use of randomised probability-transformed residuals. These are cal-
culated as follows:

e Suppose we have observations wi, ..., w, of the random variables Wy, ..., W, with
the null hypothesis that W; ~ Poisson();) and that the W; are independent of one
another.

e Foreachi=1,...,n, let

doi = PT(VVi < wz‘|)\z‘)
qi = Pr(W; <w|\)

where the probabilities are calculated under the Poisson assumption with mean J;.
If w; = 0 then qo; = 0.

e Simulate the randomised probability-transformed residual U; ~ U (qo;, qli).@

If the Poisson null hypothesis is true then the U; will be independent and identically
distributed uniform(0, 1) random variables. In our mortality setting, each U; is derived
from the observed deaths, D(i), and the estimated mean, Dy(i)F} (i) Fy(i). This provides
us with the potential for a number of graphical diagnostics. These could include, for
example, QQ plots and histograms of the U;. Here we consider two types of scatterplots.

18That is, uniformly distributed on the interval (qo;, q1;)-



Randomised Poisson Quantiles Randomised Poisson Quantiles
Versus Expected Deaths Versus Relative Risk
o Male Aged 889 o
[ce} [ce)
oo oo
= =
@® @®
> © > ©
o Co
e] e]
(0] (0]
N N
SIS SIS
O o O O
© ©
C C
© ©
14 AN 14 N
o o
o o
o o
0 5000 15000 25000 0 5000 15000 25000
Rank of Expected Deaths Rank of Relative Risk

Figure 12: Scatterplots of the ranks of the expected deaths (left) and the relative risk,
Fy(i)F5(7), (right) versus the randomised probability-transformed residual, U;, for males
aged 80-89.

~

e Plot the (V;,U;) where V; is the rank of the expected deaths Dy(i) = Do(i)Fy (i) Fy (i)
out of Dy(1),..., Dy(L). This is illustrated in the left-hand panel of Figure [12/ males
aged 80-809.

e Plot the (W, U;) where W is the rank of the combined relative risk F(i) = Fi(i)Fy (i)
out of F(1),..., F(L). This is illustrated in the right-hand panel of Figure [12|

In both cases, if the Poisson hypothesis is true then the scatterplots should look uniform

and random with no clustering[™]

For younger age groups the scatterplots do look reasonably uniform reasonably uniform
and random. But for ages 80-89 both scatterplots in Figure [12]are less uniform indicating
that there are further effects that have not been captured in the model.

In the left-hand panel we can see some clustering in the top left and bottom right. In the
right-hand panel the clustering is more evenly distributed along the top and bottom for
ages 80-89: an indication of overdisperion of some sort. The differences in clustering in
the two panels are consistent with the fact that exposures are estimated exposures and,
therefore, subject to estimation error. The pattern in the left-hand panel is simply telling
us that if exposures are underestimated then expected deaths are low (so towards the left
of the scatterplot) and deaths tends to be higher than estimated (so a high value of Uj;).
Similarly, if the exposures are overestimated then expected deaths are high (so towards
the right of the scatterplot) and deaths tend to be lower than estimated (so a low value of
U;). This illustrates just one impact of the challenge that the ONS faces when estimating

19Note that the V; and W; are evenly distributed on the integers 1,..., L rather than randomly dis-
tributed.
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the population between censuses in each LSOA. Figure [12] suggests that the problem is
only significant at higher agesm

E Supplementary plots
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Figure 13: Top row: estimated spatial relative risk, F5(i), by LSOA for England (left)
and London (right) for males, ages 40-49. Bottom row: combined relative risk, £} () F»(i).
Dot sizes reflect the physical size of each LSOA.

2ONote, the the presence of overdispersion has no direct impact on the estimation methodology, which
only relies on the expected number of deaths rather than the distribution around that mean. Methods
such as Generalised Linear Models would, on the other hand, would need to specify how to handle
overdispersion: e.g. by replacing the Poisson assumption above with the negative binomial distribution.



Location—-Specific Relative Risk
England, Males 50-59, 2001-2018

o >110%

* 105% to 110%
102% to 105%
98% to 102%
95% to 98%
90% to 95%

® <90%

Combined Relative Risk
England, Males 50-59, 2001-2018

® >120%

® 110% to 120%
105% to 110%
95% to 105%
90% to 95%
80% to 90%

® <80%

Location—-Specific Relative Risk
London Males 50-59, 2001 2018

* > 110%

* 105% to 110%
102% to 105%
98% to 102%
95% to 98%
90% to 95%

* <90%

Combined Relative Risk

London Males 50-59, 2001-2018

s > 120%
* 110% to 120%
105% to 110%
95% to 105%

90% to 95%
80% to 90%

Figure 14: As Figure [13] but for ages 50-59.
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Figure 15: As Figure [13] but for ages 60-69.
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Figure 16: As Figure [13] but for ages 70-79.
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Figure 17: As Figure [13] but for ages 80-89.
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Figure 18: Top row: estimated spatial relative risk, F5(i), by LSOA for England (left) and
London (right) for females, ages 40-49. Bottom row: combined relative risk, Fj(i)F»(7).
Dot sizes reflect the physical size of each LSOA.
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Figure 19: As Figure [I§ but for ages 50-59.
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Figure 20: As Figure [I§ but for ages 60-69.
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Figure 21: As Figure [I§ but for ages 70-79.
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Location—-Specific Relative Risk
Londo, Females 80-89, 2001 -2018
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Figure 22: As Figure [I§ but for ages 80-89.
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Figure 23: Left: scatterplot of the rank of F:A(i)Fy(i) for the 80-89 age group versus
Xz(i) + Xs(i). Right: scatterplot of the rank of the relative risk of the non-care-home
population relative risk F}P(i)Fy(i) for the 80-89 age group versus X7 (i) + Xg(4).
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