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Executive Summary
Introduction.
Household energy efficiency improvements (e.g. draught proofing, and upgraded insulation,
glazing and heating) can lead to a range of co-benefits such as reducing the UK’s carbon
footprint and alleviating risk of fuel poverty. Fuel poverty is a distinct societal problem
affecting around 11% of households across England, and between 13-15% in more rural
counties such as Devon and Cornwall in the South West of England. Household energy
efficiency interventions are continuing without fully understanding the short or long-term
impact on resident health and wellbeing. Previous studies have shown that these home
improvements can benefit the health and wellbeing of residents. Conversely, there is also
evidence suggesting that reducing the ventilation rates of existing dwellings to prevent heat
loss can reduce indoor air quality and produce associated negative health outcomes. This
novel pilot exploratory study investigated the associations between fuel poverty and energy
efficiency improvements, and health at the population-level.
Methods.
The study comprised two streams of analysis with similar approaches, both capitalising on
existing (secondary) population data resources. The first analysis made use of national
(England) data on home energy efficiency, and related this to hospital admissions for
relevant health outcomes (asthma, Chronic Obstructive Pulmonary Disease (COPD), and
Cardiovascular Disease (CVD)). The second analysis used a novel property-level dataset for
the county of Devon on home energy efficiency and fuel poverty, and again investigated
associations with hospital admissions.
The approach for each analysis was to carry out a small-area, ecological cross-sectional
study. This approach integrates a number of datasets based on common geography, and
investigates associations between area-level measures (e.g. the average energy
performance of homes and the hospital admission rate within an area). The approach is
powerful in that it used population-scale data, and was able to geographically integrate a
large number of additional data sources (such as weather and air pollution). However, there
were design limitations, including the lack of individual exposure measures, and the inability
to investigate change over time (e.g. to look at outcomes before/after energy efficiency
intervention).
Findings.
We believe this is the first study to link and compare large energy efficiency databases with
rates of hospital admissions at population scale. A range of limitations associated with this
cross sectional and ecological study mean that careful interpretation of findings is required.
While results were somewhat mixed, there were some indications of an association between
areas of higher energy efficiency levels and increased hospital admissions. Across England,
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there was a small but significant effect of around 1% increased risk of hospital admission for
asthma, COPD and CVD per one point increase in Energy Performance Certificate (EPC)
ratings. There was also evidence that local meteorological conditions, especially minimum
winter temperatures were associated with population rates of hospital admissions for these
diseases, which is consistent with prior research.
Whilst in contrast with the known health benefits of warmer homes, results indicating higher
admission rates in areas with better average energy efficiency are consistent with some
previous findings. Previous work internationally suggests that unintended consequences of
energy efficiency improvements may be due to a complex interaction between variable
ventilation rates, reduced indoor air quality, and the extent or quality of historic energy
efficiency improvements. Variable funding mechanisms for energy improvements in the UK
have not necessarily allowed for budgets and timescales required to deliver ‘whole house’
approaches. These approaches, such as energy efficiency improvements along with resident
training and mechanical ventilation can overcome issues such as poor air exchange rates of
dwellings, and associated health impacts of poor indoor air quality.
Furthermore, it is possible that the area-level analyses and the health outcome definitions in
this study concealed the potential benefits of energy efficiency measures in more vulnerable
populations (i.e. those residing in cold homes and/or with a chronic disease). The study
design only considers relationships at the aggregate (area) level, based on ‘average’
measures of housing energy efficiency and population hospital admission rates; it cannot
reveal relationships between individual home conditions and individual-level hospital
admissions. The study findings could, in part, be due to reverse causality, where people
suffering from chronic diseases may be more likely to make energy efficiency improvements
to their homes. They could also possibly be explained if areas with historically poor housing
conditions have been targeted for retrofitted efficiency improvements. Consequently an
underlying association between poor housing conditions and poor health could generate
apparent relationships between energy efficiency measures and higher hospital admission
rates as observed here.
The findings of this study support the need for further investigation into the impact of historic
energy efficiency measures on residents’ health and more complex modelling that can
overcome the limitations of this this study design. Despite these limitations, the study
supports the need for more sustainable ‘whole house’ energy efficiency schemes that have
the ability to reduce the cost of heating homes, raise indoor temperatures and help alleviate
cold-related morbidity and mortality.
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1.0 Introduction
Health and housing issues persist despite a series of landmark publications concerning poor
housing, socio-economic status and health inequalities. These include the 1980 Black
Report, which aspired to higher standards of health and housing (Social Health, 2012); the
1988 Acheson Report, which recommended the provision of higher quality housing
(Department of Health, 2012); and the 2010 Marmot Review, which identified environment
and health inequalities (Marmot, 2010). Furthermore, a recent positioning paper highlighted
the need for homes that are warm, safe, ventilated, not overcrowded, affordable, accessible,
and provide a sense of security (ADPH, 2017). The impact of levels of deprivation and poor
housing conditions on health, features throughout these publications, with the Marmot
Review calling for improved energy efficiency of housing across the social gradient (Marmot,
2010).
The UK housing stock represents around 25% of the UK’s total carbon dioxide emissions
(Hamilton et al., 2014). Consequently, this has led to significant investment into home
energy efficiency improvements, which are now central to the Government’s commitment
towards the climate change agenda (COP21, 2015). This has prompted the ‘retrofitting’ of
around 40% of the UK housing stock with energy efficiency improvements (Hamilton et al.,
2014), which makes homes more affordable to heat; increasing the potential for these
programmes to alleviate the risk of fuel poverty (Thomson et al., 2013). This is a priority
because the UK has among the highest rates of fuel poverty and one of the most energy
inefficient housing stocks in Europe (ACE, 2015). Therefore, increased investment into
retrofitting the UK existing housing stock has the potential to deliver a range of co-benefits
resulting from climate change adaptation and fuel poverty alleviation.
Despite these potential co-benefits, the number of major energy efficiency measures
installed annually and the number of homes helped have declined by 80% and 76%,
respectively, between the height of delivery in 2012 and 2015. This has largely resulted from
a combination of factors including: 53% decline in investment from energy efficiency
programmes (£1.5 to £0.7 billion); the abolition of Warm Front; and cuts to the Energy
Company Obligation programmes (UKACE, 2016). Loss of funding schemes for the repair
and replacement of gas heating appliances poses a further threat to those with inefficient
and/or faulty boilers (e.g. cold homes and carbon monoxide poisoning) (NEA, 2017).
Furthermore, uncertainty within the housing industry, combined with low uptake rates and
concerns over the poor quality of housing improvements, has led to the withdrawal of the
Government’s financial commitment to the ‘Green Deal’ energy efficiency programme
(Gov.UK, 2015), threatening the UK’s ability to address long-term fuel poverty targets. The
uptake of home improvement measures may also be affected by home owners being less
likely to personally invest (Scott et al., 2014), particularly those home owners in the private
rental sector. This is a public health concern because cold and damp homes contribute
towards the 25,000 excess Winter Deaths that occur each year in England (BEIS, 2017).
Consequently, energy efficiency improvements across the social gradient have the potential
to alleviate the burden of cold and damp homes on society and healthcare systems. For
example, excess cold homes are the greatest Category One (1) Housing Hazard identified in
the UK. Repairing all Category 1 hazards associated with excess cold in the UK has been
estimated to save the NHS around £848 million, which represents a pay back on investment
of 7.14 years (Nicol et al., 2015). Despite the acknowledgement that improving the quality of
UK housing stock can result in overwhelming health improvements, the number of homes in
fuel poverty continues to rise from 2.38 million in 2014 to 2.50 million households in 2015
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(BEIS, 2017). The impacts of fuel poverty and energy efficiency improvements on cardiorespiratory conditions at the population level are yet to be fully explored.
2.0 Aims and Objectives
In this novel exploratory pilot study, with partners from health, energy efficiency and
academic organisations, we aimed to utilise population-level secondary data analysis
techniques to explore the relationships between fuel poverty/home energy efficiency and
hospital admission rates for cardiovascular and respiratory diseases across England. The
primary objectives were to;
1. investigate how area-level household energy efficiency is associated with hospital
admission rates for cardiovascular and respiratory diseases at national population
scale; and
2. utilise detailed dwelling-level data on 500,000 homes in Devon to assess the
association between home energy efficiency measures and risk of fuel poverty, and
hospital admission rates.
3.0 Background
The UK was one of the first European countries to pursue and implement a range of policies
to reduce socio-economic inequalities in health, which have achieved some improvements
(Mackenbach, 2011). This is important from a public health perspective because health
inequalities are thought to cost between £36 billion to £40 billion through lost taxes, welfare
payments, and costs to the NHS (Nicol et al., 2011). Residents of disadvantaged
neighbourhoods have a substantially increased risk for deleterious health outcomes. For
example, poverty or lower socio-economic status increases the risk of infant mortality, low
birth weight, poor diet, limited physical activity, teenage childbearing, depression, obesity,
unintentional injuries, homicide, suicide, coronary heart disease, diabetes, asthma, and
overall ill health (Komro et al., 2013, Uphoff et al., 2015). Similarly, lower subjective social
status (i.e. an individual’s perception of his or her position in the social and socioeconomic
hierarchy) has also been associated with an increased risk of coronary heart diseases,
hypertension, diabetes and dyslipidaemia, with a trend towards an increased risk of obesity
(Tang et al., 2016).
In the UK, the low-income household primary strategy to cope with financial constraint
includes reducing spending on essentials such as food and fuel. This includes cutting energy
use and fuel consumption to help keep up with financial commitments (Anderson et al.,
2012). These lower income households are therefore more likely to suffer from ‘fuel poverty’,
which has a social gradient where the lowest income households are at greater risk of fuel
poverty, contributing to significant social and health inequalities (PHE, 2014a, Hills, 2012).
3.1 Fuel poverty
Fuel poverty is a complex and pervasive policy problem, in part due to the difficulty of
identifying and targeting households experiencing fuel poverty (O'Sullivan et al., 2015). The
extent of fuel poverty is driven by interrelated components including household income, the
current cost of energy, and the energy efficiency level of the home (PHE, 2014a). The
number of households residing in fuel poverty depends on the definition used (Moore, 2012).
For example, the previous rigid use of the ‘10% Threshold’ (percentage of income spent on
fuel) for classifying homes as being ‘fuel poor’ created an unstable regional mosaic of both
over-estimation and under-estimation (Liddell et al., 2012). This led to a review of the
definition of fuel poverty. Between 2010 and 2015, the UK government revised this definition
and changed the politics of fuel poverty by introducing a new definition (i.e. ‘low income, high
6
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cost’ or LIHC).There is now concern that this LIHC measure may also have its limitations
and not have a positive impact for most fuel poor households (Middlemiss, 2016).
Regardless of the definition, measuring the extent of fuel poverty is challenging because it is
a culturally sensitive and private condition, which is temporally and spatially dynamic.
Furthering our understanding into the impact of fuel poverty is compounded by a lack of
robust measurement models. Accurately identifying those at greatest risk has the potential to
direct anti-fuel poverty policies and programs of assistance to affected homes (Sharpe et al.,
2017).
Depending on the country and definition used across many developed countries, the
number of homes in fuel poverty ranges from 6% and 34% of households (Liddell and
Morris, 2010). Across the UK, fuel poverty is thought to affect 10.6% of households;
however, this varies with both spatial and social distribution, and this cannot be fully
explained by differences in climate across England (Sharpe et al., 2017). For example, areas
such as Devon and Cornwall in the South West of England have higher rates (between 13.0
and 14.9%, respectively) of fuel poor homes (PHE, 2014b). This is largely due to a higher
proportion of homes that are difficult to retrofit, and a greater number of properties without
access to more affordable mains gas due to increased rurality.
Those in more urban areas may experience more persistent fuel poverty problems, whereas
the rural fuel poor are more vulnerable to energy prices. Additionally, living in private
accommodation or a flat increases the probability of remaining fuel poor (Roberts et al.,
2015). The impact maybe further exacerbated by household prepayment metres because of
lower socio-economic status and higher energy costs, which means these households have
constrained choices and are at a greater risk of fuel poverty than the general population
(O'Sullivan et al., 2015, O’Sullivan et al., 2011).
There has been some progress towards the UK fuel poverty ambition in raising the energy
efficiency ratings of homes to an Energy Performance Certificate (EPC) Band E and Band D
by 2020 and 2025, respectively. However, there has been slow progress towards the 2030
target of upgrading as many fuel poor homes as is reasonably practicable to Band C or
above. This means that many homes continue to suffer from the worst extremes of fuel
poverty.
3.2 Health effects of fuel poverty
Living in fuel poverty has both physiological and psychological effects of exposure to
adverse indoor temperatures (O’Sullivan et al., 2016). While fuel poverty affects the health of
all age groups, the most people at risk are those at the extremes of the life course (i.e. aged
under 5 and over 75 years old), pregnant women, people with precarious housing conditions
(e.g. the homeless), and those living alone (including single parents) or socially isolated with
a chronic or severe illness. (PHE, 2013). Those particularly susceptible to fuel poverty,
include populations residing in the private rental sector, and those in multiple occupancy
(HMOs) housing, characterised by the disproportionate presence of fuel poverty
(Bouzarovski and Cauvain, 2016). Not only do these households have low incomes; they
also tend to live in energy inefficient housing, which further compounds their health
problems, social isolation, and financial issues such as being indebted to energy suppliers
(Committee on Fuel Poverty, 2016).
Alleviating the risk of fuel poverty is a public health priority because around 10% of excess
winter deaths each year (e.g. 43,900 excess winter deaths occurring in England and Wales
in 2014/15 (ONS, 2016, Thomson et al., 2013) are directly attributable to fuel poverty; and
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21.5% of excess winter deaths are attributable to the coldest 25% of homes (Public Health
England, 2014), indicating that fuel poverty can have serious consequences for resident
health and wellbeing outcomes.
Living in a cold home affects a range of physical and mental health conditions; for example,
the Marmot Review found that 40% of the excess winter deaths attributed to cold homes
were from cardiovascular disease and 35% from respiratory disease. Those living in cold
homes have also been identified as having an increased risk of high blood pressure and
coronary events (Barnett et al., 2005, Shiue and Shiue, 2014). Other risks include: carbon
monoxide poisoning, hypothermia, weight gain, susceptibility to illness and poorer mental
health (UCL, 2016, PHE, 2013, Liddell et al., 2012, de Vries and Blane, 2013). Furthermore,
cold homes and poor heating behaviours (such as only heating one room) leads to increased
condensation and mould growth, which affects a range of respiratory and allergic health
outcomes (Fisk et al., 2010, Fisk et al., 2007, Mendell, 2014). Heating only one room also
increases the risk of falling and associated adverse health impacts. These occur when
residents move from a warm to cold room, which has a cardiovascular impact where
changes in blood pressures increase the risks of falling (Sharpe et al., 2017).
3.3 Energy efficiency interventions
The importance of delivering sustainable fuel poverty and energy efficiency programmes is
articulated by the UK Government commitment towards meeting the emission reduction
targets (Gov.uk, 2013a), the Carbon Plan (Gov.UK, 2013b), and Excess Winter Deaths Plan
(NICE, 2015). Moreover, mitigating and adapting to climate change and anthropogenic
global warming represents a major worldwide challenge (D'Amato et al., 2015). Failure to
respond to the challenge of climate change will have diverse health and wellbeing
consequences, as well as social and political ramifications (McMichael, 2014, ONS, 2014).
Energy efficiency improvements across the social gradient have the potential to deliver a
range of co-benefits to individuals, communities and society. For example, it has been
estimated that socially cost-effective energy efficiency measures could save 196 terawatt
hour (TWh) of electricity in 2020 (equivalent to 22 power stations), and significantly
contribute to the local economy (e.g. 136,000 jobs and sales of £17.6 billion in 2010/11)
(DECC, 2012). Increased household energy efficiency measures also have the potential to
lead to improved education attainment, emotional wellbeing and resilience, home safety (e.g.
lower risk of accidents and falls), and promote healthier lifestyle choices. Consequently, it is
widely accepted that household energy efficiency improvements can help reduce coldrelated illnesses and associated stress by making homes more affordable to heat (Maidment
et al., 2014, Thomson et al., 2013, Hodges et al., 2016). However, policies targeting energy
efficiency improvements without addressing resident behaviours and variable ventilation
patterns continue to be implemented and funded without assessing the potential health risks
(Bone et al., 2010), which can result in a number of unintended consequences on health and
wellbeing (Shrubsole et al., 2014).
Further investigation of the long-term impact of energy efficiency measures at the
population-level is essential to support future fuel poverty policy and intervention
programmes, which incorporate both physical (energy efficiency improvements with
improved ventilation) and behavioural measures. This will increase the potential for
alleviating the burden of cold homes on society and reduce associated health care cost of
cold related morbidity and mortality (CMO, 2009). However, many cost-benefit and health
impact analyses may be under estimated because they struggle to capture the full impact on
mental health and wellbeing, lifestyle, and social justice (PHE, 2013). Fulfilling this
8
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knowledge gap may help to promote increased involvement by healthcare providers, the
housing industry, residents and communities, which will help address these health
inequalities (Fletcher and Warren, 2017).
The extent of these housing inequalities and impacts of fuel poverty on health at the
population level remain to be fully explored; this was the focus of this exploratory pilot study.
4.0 Methodology
4.1 Approach
The study comprised two streams of analysis with similar approaches, both capitalising on
existing (secondary) population data resources. The first analysis made use of national
(England) data on home energy efficiency, and related this to hospital admissions for
relevant health outcomes. The second analysis used a novel property-level dataset for the
county of Devon on home energy efficiency and fuel poverty, and again investigated
associations with hospital admissions.
The approach for each analysis was to carry out a small-area, ecological cross-sectional
study. This approach integrates a number of datasets based on common geography, and
investigates associations between area-level measures (e.g. the average energy
performance of homes and the hospital admission rate within an area). The approach is
powerful in that it used population-scale data, and was able to geographically integrate a
large number of additional data sources (such as weather and air pollution). However, there
were design limitations, including the lack of individual exposure measures, and the inability
to investigate change over time (e.g. to look at outcomes before/after energy efficiency
intervention). These strengths and limitations are explored further in the discussion.
4.2 Ethical Approval & Information Governance
Since the study used existing data resources, it is relatively low risk from a research ethics
point of view. However, since it involved the use of hospital admissions data and linkage with
other datasets at a fine geographical resolution, it was necessary to gain ethical and
information governance approval. Overall ethical approval was obtained from the University
of Exeter Medical School Research Ethics Committee (ref FEB17/D/119). Analyses of the
Devon hospital admissions data were approved under the Information Governance
procedures of the NHS NEW Devon Clinical Commissioning Group.
4.3 National study (England)
Analysis Outline & Geography
This analysis comprised an ecological analysis of the associations between area hospital
admission rates for conditions potentially exacerbated by cold homes/fuel poverty and home
energy efficiency measures, adjusted for potential confounding factors. The geographical
units of analysis were Lower-layer Super Output Areas (LSOAs), defined based on the 2001
Census. LSOAs include a population of around 1500 on average (n=32,482 across
England), and are a commonly used geographical unit for health and other population
statistics.
Data
Health Outcomes
Hospital Episode Statistics (HES) obtained from the Health and Social Care Information
Centre (now NHS Digital; see Acknowledgements) were used to derive counts of admissions
per LSOA, by sex and age group for a 3-year period (1st April 2011 to 31st March 2014).
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Admissions were selected for adults (aged 18+) admitted with conditions with a potential
association with cold homes/fuel poverty:


Asthma (ICD-10 codes J45 & J46)



Emphysema & chronic bronchitis, Chronic Obstructive Pulmonary Disease (COPD,
ICD-10 J40-J44)



Cardiovascular Disease (CVD), comprising hypertensive heart disease (I11), acute
stroke (I60-69) & ischemic heart disease (excluding chronic) (I20-24)

Only hospital episodes with episode order 1 (i.e. admission episodes, excluding hospital
episodes generated by an internal/external transfer) were selected; and only those where
the ICD diagnosis code of interest appeared in the first or second diagnosis field (i.e. the
condition was a primary reason for the admission). Furthermore, only emergency admissions
were included, so as to exclude planned/routine admissions to hospital. Using these
parameters, total 3-year admission counts and total winter admission counts (DecemberFebruary for the same period) were produced.
Population denominators for each LSOA (by age and sex) were obtained from the 2011
Census. Since admission counts were produced for 2001 Census LSOA boundaries, 2011
Census population data were re-aggregated to 2001 boundaries using the GeoConvert
platform.1
Key exposures
Data representing home energy efficiency at LSOA-level were produced using two sources.
Firstly, the Home Energy Efficiency Database (HEED, Energy Saving Trust) was used to
generate ‘intervention rates’ for LSOAs based on the count of different types of energy
efficiency intervention that had occurred over the long-term period prior to and during the
hospital admissions period (2007-2014). Full details of HEED are provided in Annex 1.
Counts of key interventions were produced: wall insulation, loft insulation (>250mm),
double/triple glazing, draught proofing, and boiler replacement. 2011 Census property
counts were used as denominators to calculate rates of intervention for LSOAs (the
GeoConvert platform was again used to re-aggregate 2011 Census data to 2001 LSOAs).
For the loft insulation measure, total number of houses was used as the denominator (flats
were excluded, since the majority do not have lofts).
In addition to HEED measures, data from Energy Performance Certificates (EPCs) have
recently been made available by DCLG.2 Data from the currently available EPCs (c. 12.4
million) were aggregated to LSOAs, to produce a mean and modal EPC rating for each area.
Confounders/covariates at LSOA level
Analyses of the association between average home energy efficiency and hospital
admission rates also required adjustment for potential confounding factors. Data were
obtained to reflect important characteristics of each LSOA that could be related to both
energy efficiency measures and health outcomes.
Indices of deprivation for 2010 were obtained from DCLG (Department for Communities and
Local Government, 2011). Since the overall Index of Multiple Deprivation includes data on
both health outcomes and housing quality, three specific indicators reflecting key domains of
population socio-economic deprivation were selected for inclusion in analyses: income,
employment and education deprivation.
1
2

http://geoconvert.mimas.ac.uk/
https://epc.opendatacommunities.org ; see Acknowledgements
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Urban-rural category for each LSOA was based on 2001 Census data (Office for National
Statistics, 2004), classifying each area as urban, town and fringe or rural. Census 2011 data
on tenure (percentage of households renting from private or social housing providers) and
dwelling types (percentage of household spaces that were flats) were obtained, and reaggregated to 2001 LSOA boundaries.
Modelled ambient air pollution data (Mukhopadhyay and Sahu, 2017) were obtained via the
MEDMI project3 (Fleming et al., 2014). Annual averages of background concentrations of
NO2, PM2.5, and ozone were obtained for a 1km grid for the years 2007-11. Using a
Geographic Information System (GIS), these gridded data were aggregated to the LSOA
boundaries.
In order to estimate typical climatic conditions per LSOA, data on long-term average weather
parameters for the ten-year period 2006 to 2015 were obtained from the Met Office, also via
the MEDMI platform.3 Observation station data were extracted from MEDMI server on longterm monthly mean daily temperature; mean monthly precipitation (geometric mean);
minimum winter temp (December-February); and mean relative humidity. These station data
were interpolated to a 5km grid using inverse distance weighted interpolation in
QGIS/SAGA.4 These gridded weather data were then aggregated to LSOA boundaries using
area-weighted interpolation.
4.4 Local Study (Devon)
Analysis Outline & Geography
The approach for the local scale Devon analysis mirrored that for the National (England)
study in terms of key outcomes, exposures and potential confounders. However, the local
analysis was able to capitalise on property-level Devon Home Analytics data; and could
therefore be conducted with a higher degree of spatial granularity compared to the national
study. Due to data protection and information governance restrictions, property-level home
energy efficiency data could not be linked with address-level individual hospital admissions.
Therefore, Home Analytics data were aggregated and these analyses were conducted for
unit (full) residential postcodes within Devon (n~35,000).
Data
Health Outcomes
Hospital admission data for Devon comparable to those extracted from national Hospital
Episode Statistics were made available by the NHS Northern, Eastern and Western Devon
Clinical Commissioning Group (CCG). Emergency admissions of adults aged 18+ for
asthma, COPD and CVD were extracted for three years, 1st April 2014 to 31st March 2017.
Total 3-year counts of admissions per postcode, by sex and age group, were produced,
along with 3-year winter admission totals. In order to preserve confidentiality, the research
team provided the CCG with a postcode-level dataset containing exposure and confounder
variables as detailed below; and these data were linked at the CCG to admissions data. The
full, linked dataset was then released to the research team for analysis. Even though
postcode identifiers had been removed from the linked dataset, the small numbers involved
and large range of geographical variables meant that the data could only be analysed inhouse on the CCG’s own computer systems to ensure confidentiality.
Population denominators were obtained from the 2011 Census. Total counts of population
by sex only (not age group) were available for postcodes. In order to generate estimated
3
4

https://www.data-mashup.org.uk
http://qgis.org; http://www.saga-gis.org
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postcode populations by sex and age group, population counts by Census Output Area, sex
and age group were used to estimate the population age distribution for constituent
postcodes (which nest within Output Areas).
Key exposures
The Devon Home Analytics database was constructed for Devon County, Plymouth and
Torbay Councils by the Energy Saving Trust. These data model property-level energy
efficiency data across Devon, based on building, EPC, HEED, and other datasets. Full
details of the process used to produce the Home Analytics data are provided in Annex 2.
Relevant variables were extracted from the Home Analytics database and aggregated to
postcode-level in order to be linked with hospital admissions data. The aim was to capture
postcode-level measures of ‘good’ energy efficiency in order to relate this to postcode-level
admission rates. The variables selected were:









Loft insulation: The number of properties within each postcode with at least 250mm
loft insulation was calculated. Four categories of postcode were produced:
o All properties in postcode have ≥250mm loft insulation
o None of the properties in the postcode have ≥250mm loft insulation
o The postcode contains properties with a mixture of loft insulation levels above
and below 250mm
o All properties within the postcode had no loft (i.e. all flats)
Wall insulation: in similar form to the loft insulation variable, three categories of
postcode were produced:
o All properties in postcode have insulated walls
o None of the properties in the postcode have insulated walls
o The postcode contains properties with a mixture of insulated and uninsulated
walls
Glazing: in similar form, postcodes were classified into 3 categories:
o All properties in PC double/triple glazed
o All properties single glazed/partial double glazed
o Postcode contains properties with a mixture of glazing
SAP (Standard Assessment Procedure) Rating: The percentage of properties within
each postcode with a SAP rating of A to C.
The mean probability of fuel poverty estimated for each property within the postcode
(derivation explained in Annex 2)

Confounders/covariates at postcode level
As with the national analysis, the Devon study also required inclusion of potentially
confounding factors in analyses. Most of the variables included were comparable or the
same as for the national analyses, but were allocated to postcode point locations, rather
than LSOA boundaries, and were therefore at finer spatial resolution.
Indices of deprivation for 2015 were obtained from DCLG (Department for Communities and
Local Government, 2015). Income, employment and education deprivation scores for 2011
LSOA boundaries were allocated to postcode point locations using the ONS Postcode
Directory (ONS, 2015). Urban-rural category (2011 Census) for each postcode was also
extracted from the ONS Postcode Directory, again classifying each as urban, town and
fringe, or rural. Tenure and dwelling type distributions were aggregated to postcode level
from the Home Analytics database. Finally, the MEDMI gridded air pollution and weather
data produced for the National analyses were allocated to Devon postcode point locations.
4.5 Statistical analyses (national and local studies)
Preliminary analyses involved the production of basic descriptive statistics for all variables,
and cross-tabulation of hospital admission counts by key variables of interest. The main
12
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analysis for each study consisted of the development of regression models to test
hypotheses of the general form:



Populations living in areas (LSOAs or postcodes) with higher average home energy
efficiency have lower admission rates for asthma, COPD or CVD than areas with
lower average energy efficiency.
Sub-hypotheses were tested to investigate whether:
- the association is stronger when analyses focus on winter months alone
- the association is stronger in areas with colder average temperatures

Counts of hospital admissions within LSOAs or postcodes were expected to have the form of
a Poisson-type distribution. However, it was likely that many observations (within
LSOA/postcode-sex-age group strata) would have no admissions but there would be
considerable spread in the admission rates for other observations. This would mean that
over-dispersion (i.e. where the variance exceeds the mean) was likely, and the assumptions
of the Poisson distribution would not hold. For this reason, exploratory negative binomial
regression models were conducted (rather than Poisson regression models).
Using the ‘nbreg’ command in Stata (StataCorp, College Station TX), the negative binomial
model is compared to the Poisson model; and a test statistic (alpha) indicates whether or not
over-dispersion is present. Exploratory models indicated that over-dispersion was present,
and therefore analyses proceeded using negative binomial regression throughout.
Models were developed in a common sequential framework for both streams of analysis:




‘Crude Model’ (refers to a simple, rather than completely unadjusted, model):
Admissions predicted by energy efficiency variable(s), adjusted for age and sex only
‘Fully Adjusted Model’: As per crude model, and additionally taking into account
indices of deprivation, indicators of tenure and property type, urban/rural
classification, air pollution and weather variables
Intermediate Models adding ‘blocks’ of variables sequentially were also examined.

All models included stratum-specific population as the ‘offset’ (i.e. admission rates, rather
than counts, were modelled). Models were run for the three health outcomes (asthma,
COPD and CVD admissions) as 3-year totals, and as 3-year winter admission totals.
Following development of full models, exploratory analyses were carried out where
appropriate to test for effect modification between energy efficiency metrics and minimum
temperature, using likelihood ratio tests to compare models with and without interaction
terms. Additional sensitivity analyses were also conducted, for example, to explore whether
findings differed when only urban areas were considered. Since the data consisted of counts
of admissions within area-sex-age group strata, regression models allowed for clustering of
observations within areas (LSOA or postcode) using the Stata ‘vce(cluster)’ option.
5.0 Results
5.1 National analysis
Descriptive statistics
Tables 5.1 and 5.2 present the total numbers (counts) and rates of hospital admissions over
the three years covered by this analysis. These data indicate the large number of
admissions included in this part of the study: approximately 313,000 for asthma, 588,000 for
COPD and 839,000 for CVD.
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Table 5.1. Hospital admissions (counts) 3-year totals April 2011 to March 2014
Age Group

Total admissions
CVD

Asthma

COPD

CVD

Population
2011

Male

Asthma

18-29

21,973

483

1,761

5,322

152

411

4,327,547

30-44

26,828

3,975

19,485

6,712

1,016

4,759

5,443,726

45-59

24,770

30,877

99,648

6,772

8,776

24,827

5,088,983

60-69

11,379

71,611

106,638

3,062

20,761

26,732

2,774,931

70-79

9,795

99,512

121,583

2,704

28,809

30,755

1,723,564

80-89

6,513

75,703

99,232

1,826

22,371

25,453

795,050

90+

1,307

12,841

20,327

372

3,998

5,508

108,096

102,565

295,002

468,674

26,770

85,883

118,445

20,261,897

Total

COPD

Winter admissions

Female
18-29

52,420

680

1,372

13,121

180

355

4,293,697

30-44

55,292

4,529

9,711

14,388

1,267

2,408

5,500,118

45-59

44,733

35,516

44,947

12,392

10,388

11,127

5,187,447

60-69

19,820

66,966

56,097

5,685

19,665

13,811

2,905,164

70-79

18,703

92,372

92,871

5,500

27,555

23,186

1,989,722

80-89

15,046

77,016

120,442

4,562

23,748

30,654

1,239,913

4,258

15,689

45,302

1,335

5,137

11,738

295,688

210,272

292,768

370,742

56,983

87,940

93,279

21,411,749

90+
Total

Table 5.2. Hospital admissions (crude rates stratified by age and gender). 3-year totals
April 2011 to March 2014
Age Group
Male

Total admission rate*
Asthma

COPD

Winter admission rate*

CVD

Asthma

COPD

CVD

18-29

1.69

0.04

0.14

0.41

0.01

0.03

30-44

1.64

0.24

1.19

0.41

0.06

0.29

45-59

1.62

2.02

6.53

0.44

0.57

1.63

60-69

1.37

8.60

12.81

0.37

2.49

3.21

70-79

1.89

19.25

23.51

0.52

5.57

5.95

80-89

2.73

31.74

41.60

0.77

9.38

10.67

90+

4.03

39.60

62.68

1.15

12.33

16.98

Total

1.69

4.85

7.71

0.44

1.41

1.95

18-29

4.07

0.05

0.11

1.02

0.01

0.03

30-44

3.35

0.27

0.59

0.87

0.08

0.15

45-59

2.87

2.28

2.89

0.80

0.67

0.71

60-69

2.27

7.68

6.44

0.65

2.26

1.58

70-79

3.13

15.47

15.56

0.92

4.62

3.88

80-89

4.04

20.70

32.38

1.23

6.38

8.24

90+

4.80

17.69

51.07

1.50

5.79

13.23

Total

3.27

4.56

5.77

0.89

1.37

1.45

Female

* Admissions per 1000 population per year
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The sex/age-group specific rates detailed in Table 5.2 highlight the importance of accounting
for these demographic factors in geographical analyses, since local variation in population
characteristics will have a substantial impact on admission rates. Inspection of admission
count variables indicated that over dispersion (extra-Poisson variation) was indeed likely; for
each of the admissions variables, the standard deviation was between 1.4 and 2.9 times the
value of the mean. Negative binomial model diagnostics also indicated that they were more
appropriate than Poisson models.
Descriptive statistics for home energy efficiency metrics and the range of socio-demographic
and environmental covariates are presented in Table 5.3. These illustrate the average
values (with standard deviations) and range of all the variables for LSOAs included in
regression analyses. For example, the mean EPC rating per LSOA was around 62, with
minimum 37 and maximum 83. 81.4% of the LSOAs classified as urban, with 9.5% ‘Town
and Fringe’ and 9.1% rural. The map in Figure 1 illustrates the variation in mean EPC rating
across all LSOAs in England.
Table 5.3. Descriptive statistics for LSOA-level variables
Variable

Mean

Std.
Dev.

Min

Max

Home energy efficiency metrics
Loft insulation ≥250mm per 100 houses
Wall insulation present per 100 houses/flats
Full double/triple glazing present per 100 houses/flats

24.67

10.78

0.00

100.00

2.73

2.78

0.00

72.00

6.56

4.49

0.00

69.51

31.29

11.64

0.89

91.88

0.31

1.10

0.00

60.09

61.98

5.24

37.00

83.00

Income deprivation score

0.15

0.11

0.00

0.77

Employment deprivation score

0.10

0.07

0.00

0.75

21.69

18.81

0.01

99.34

% Households private rented

15.99

11.37

1.31

87.89

% Households social rented

17.44

17.25

0.00

92.46

% Dwellings flats

20.01

22.22

0.00

99.66

Minimum winter temperature 2006-15 (C)

-4.41

0.80

-7.89

-1.02

Mean monthly precipitation 2006-15 (mm)

53.33

13.10

32.63

205.34

Mean relative humidity 2006-15 (%)

81.44

1.74

75.99

88.51

Mean NO2 2007-11 (µg/m3)

37.80

7.68

21.58

68.95

Mean ozone 2007-11 (µg/m3)

57.46

6.28

47.51

68.05

Mean PM2.5 2007-11 (µg/m3)

12.81

0.51

11.03

17.65

Rate of draught proofing measures per 100 houses/flats
Rate of boiler replacement measures per 100 houses/flats
Mean EPC Rating
Indices of Deprivation 2010

Education deprivation score
Tenure/property types

Weather & air pollution

Urban/rural classification (n)
Urban

26,455

Town & Fringe

3,081

Rural

2,945
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Figure 5.1 Map of mean Energy Performance Certificate rating per Lower-layer Super
Output Area across England.5 Classified within standard deviations above/below the
mean (62).

5

Contains public sector information licensed under the Open Government Licence v3.0.
Data source: https://epc.opendatacommunities.org with support from Dr J Taylor (see Acknowledgements)
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Regression analyses
Table 5.4a (total admissions) and 5.4b (winter admissions) present regression model results
indicating the associations between Home Energy Efficiency Database (HEED) metrics and
admissions for the three health outcomes of interest. Results are presented for both crude
models (only adjusted for age group and sex), and fully adjusted models (additionally
adjusted for Indices of Deprivation, urban/rural category, tenure, dwelling types, long-term
weather conditions and long-term air pollution estimates). Full model results including all
covariates are presented in Annex 3 (Table A3.1 to A3.3). In each case, there was very little
difference in total observations between crude and fully adjusted models, since there was
almost complete data on every variable. Data on the loft insulation measure were missing for
40 of 31,481 LSOAs, so these were not included in full models; the impact on comparison
with crude models is negligible.
Prior to adjustment, four of the five HEED metrics (loft insulation, wall insulation, draught
proofing and boiler replacement) indicated positive associations with asthma admission
rates; that is to say these indicators of higher energy efficiency were associated with higher
admission rates (Rate Ratios >1). However, after adjustment all but one was completely
attenuated (i.e. no significant risks/associations). The full model indicated that an increase of
one on the HEED loft insulation metric (i.e. 1 percentage point increase in dwellings with
250mm+ loft insulation) was associated with a rate ratio of 1.004, i.e. a 0.4% increase in
asthma admissions.
Results for COPD were similar; all five HEED metrics were positively associated with COPD
admission rates in the crude model, but after adjustment only the loft insulation and draught
proofing metrics retained this association. The relationship with boiler replacement measures
changed sign after adjustment, indicating that a higher prevalence of boiler replacement
measures was associated with a slightly lower admission rate for COPD (RR=0.99;
p=0.001).
Again, all HEED metrics with the exception of glazing were positively associated with
admissions for cardiovascular disease in the crude model. Only the association with loft
insulation remained in the full model; and in this case the model suggested an inverse
association with the glazing indicator after adjustment.
Analyses focussed on winter admissions only produced generally similar, mixed results
(Table 5.4b).
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Table 5.4a. Regression model results: HEED energy efficiency metric associations
with 3-year total hospital admission rates.
Total 3 year admissions

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

p

1.011

[1.010,1.011]

<0.001

1.004

[1.004,1.005]

<0.001

1.006

[1.003,1.008]

<0.001

1.000

[0.998,1.002]

0.798

1.001

[1.000,1.003]

0.115

0.999

[0.997,1.000]

0.128

1.005

[1.004,1.005]

<0.001

1.000

[0.999,1.001]

0.814

1.027

[1.018,1.035]

<0.001

0.998

[0.994,1.002]

0.398

1.012

[1.011,1.013]

<0.001

1.002

[1.001,1.003]

<0.001

1.008

[1.005,1.011]

<0.001

1.002

[0.999,1.004]

0.155

1.004

[1.002,1.007]

0.001

0.999

[0.998,1.001]

0.476

1.011

[1.010,1.012]

<0.001

1.002

[1.002,1.003]

<0.001

1.038

[1.028,1.048]

<0.001

0.992

[0.987,0.996]

0.001

1.010

[1.010,1.011]

<0.001

1.004

[1.003,1.004]

<0.001

1.004

[1.002,1.006]

<0.001

0.999

[0.998,1.001]

0.356

0.999

[0.998,1.000]

0.175

0.999

[0.998,1.000]

0.011

1.003

[1.003,1.004]

<0.001

1.000

[1.000,1.001]

0.282

1.028

[1.020,1.036]

<0.001

1.000

[0.996,1.004]

0.935

Asthma
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

COPD
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

CVD
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per
100 dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
RR in Bold: indicates higher energy efficiency associated with lower admission rates;
Rate Ratio RR in Italics: indicates higher energy efficiency associated with higher admission rates

Box 1: Regression Output Interpretation
The regression coefficients from all models are presented as Rate Ratios (RR), where, for
example RR=1.2 would indicate an admission rate 20% higher than the reference category
of the independent (predictor) variable. RR=0.8 would indicate an admission rate 20% lower
compared to the reference category. RR=1.0 indicates no association with the independent
variable (i.e. null result). For a continuous independent variable, the RR indicates the change
in admission rate associated with a unit increase in the variable. For example, the RR for
minimum temperature indicates the change in admission rates associated with a 1°C
increase in minimum winter temperature.
Regression results tables also present 95% Confidence Intervals for the Rate Ratio, and the
p-value for the hypothesis test that the RR is statistically different from the null (where RR=1,
i.e. no difference in admission rates). In the main results tables, RRs have been italicised
where they indicate that higher energy efficiency is associated with higher admission rates
(with p<0.05) and are in bold where higher energy efficiency indicators are associated with
lower admission rates (p<0.05).
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Table 5.4b. Regression model results: HEED energy efficiency metric associations
with 3-year winter hospital admission rates.
3-year Winter admissions

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

p

1.010

[1.009,1.011]

<0.001

1.004

[1.003,1.005]

<0.001

1.005

[1.002,1.008]

0.004

0.998

[0.996,1.001]

0.287

1.000

[0.998,1.002]

0.967

0.998

[0.995,1.000]

0.021

1.005

[1.004,1.006]

<0.001

1.000

[0.999,1.001]

0.966

1.023

[1.014,1.031]

<0.001

0.997

[0.990,1.004]

0.451

1.012

[1.011,1.013]

<0.001

1.002

[1.001,1.003]

<0.001

1.009

[1.006,1.012]

<0.001

1.001

[0.999,1.004]

0.389

1.005

[1.002,1.007]

0.001

1.000

[0.998,1.001]

0.849

1.012

[1.011,1.013]

<0.001

1.002

[1.001,1.003]

<0.001

1.033

[1.023,1.043]

<0.001

0.992

[0.987,0.997]

0.001

1.010

[1.009,1.010]

<0.001

1.003

[1.003,1.004]

<0.001

1.005

[1.002,1.008]

<0.001

1.000

[0.998,1.002]

0.903

0.999

[0.997,1.001]

0.167

0.999

[0.998,1.000]

0.102

1.003

[1.003,1.004]

<0.001

1.000

[1.000,1.001]

0.197

1.021

[1.013,1.030]

<0.001

0.997

[0.991,1.002]

0.246

Asthma
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

COPD
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

CVD
Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per
100 dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
RR in Bold: indicates higher energy efficiency associated with lower admission rates;
Rate Ratio RR in Italics: indicates higher energy efficiency associated with higher admission rates

Analyses of the association between mean Energy Performance Certificate rating and
admission rates were quite consistent across the three outcomes (Table 5.5a and 5.5b). All
suggested that LSOAs with higher mean EPC ratings had higher hospital admission rates for
asthma, COPD and CVD, and that these associations were attenuated after adjustment, but
remained. Winter admission associations were very similar.
Table 5.5a. Regression model results: Energy Performance Certificate (EPC) Rating
associations with 3-year total hospital admission rates.
Total 3 year admissions

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

p

1.019

[1.017,1.020]

<0.001

1.005

[1.004,1.006]

<0.001

1.049

[1.047,1.051]

<0.001

1.011

[1.010,1.013]

<0.001

1.016

[1.015,1.017]

<0.001

1.006

[1.005,1.007]

<0.001

Asthma
Mean EPC Rating
COPD
Mean EPC Rating
CVD
Mean EPC Rating

RR: Rate Ratio; CI: Confidence Interval; p: p-value
RR in Bold: indicates higher energy efficiency associated with lower admission rates;
Rate Ratio RR in Italics: indicates higher energy efficiency associated with higher admission rates
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Table 5.5b. Regression model results: Energy Performance Certificate (EPC) Rating
associations with 3-year winter hospital admission rates.
3-year Winter
admissions

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

p

1.019

[1.017,1.021]

<0.001

1.005

[1.003,1.007]

<0.001

1.049

[1.047,1.051]

<0.001

1.010

[1.008,1.012]

<0.001

1.016

[1.015,1.017]

<0.001

1.006

[1.005,1.008]

<0.001

Asthma
Mean EPC Rating
COPD
Mean EPC Rating
CVD
Mean EPC Rating

RR: Rate Ratio; CI: Confidence Interval; p: p-value
RR in Bold: indicates higher energy efficiency associated with lower admission rates;
Rate Ratio RR in Italics: indicates higher energy efficiency associated with higher admission rates

Full models (presented in Annex 3) generally indicated associations with emergency
admission rates in the expected directions. In general, admissions were higher in older
populations and amongst males versus females for COPD and CVD. For asthma,
admissions were higher amongst females, and amongst both younger and older people
relative to the baseline age group (60-69).
LSOAs with more dwellings that were privately or socially rented tended to have higher
admission rates; whilst those with a higher prevalence of flats (relative to houses) had lower
admission rates. Rural areas had lower admission rates than urban areas, potentially
reflecting longer distances to hospitals, which typically impacts negatively on admission
rates.
Based on ten-year climate averages, areas with higher minimum winter temperature tended
to have lower admission rates of COPD (RR=0.978 [95% CI 0.970,0.986] per 1°C increase),
but there was no association between this temperature metric and CVD or asthma
admissions. Areas with higher rainfall were associated with higher admission rates for all
three outcomes; higher relative humidity was associated with higher admission rates for
COPD and CVD, but lower admission rates for asthma.
Air pollution measures produced mixed findings; although some were in the expected
direction, indicating higher risks of emergency admission in more polluted areas, some
results suggested ‘protective’ (inverse) associations. It is possible that these unusual results
were due to multicollinearity, since models included air pollutants that are strongly correlated
with each other (especially PM2.5 and NO2.
A range of sensitivity analyses were carried out to explore impacts of model specification.
For example, in order to address the possibility of multicollinearity, exploratory models were
carried out including only one deprivation indicator (income deprivation) and one air pollution
measure (NO2); these analyses demonstrated negligible impacts on key findings of interest.
Categorical analysis of LSOA mean EPC ratings (quintiles) and investigation of modal rather
than mean EPC also did not produce substantively different results. Finally, examination of
models separately for urban or rural areas only did not indicate different associations within
these different types of areas.
Exploratory effect modification analyses did not produce any clear findings. For example,
testing for interaction suggested effect modification of the minimum temperature association
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by quartile of mean EPC rating (p<0.001). We might hypothesise here that populations in
areas with higher energy efficiency (on average) might be more ‘resilient’ to the impacts of
cold winter temperatures (i.e. that the minimum temperature rate ratio would be of greater
magnitude in areas with lower average EPC rating). However, models stratified by EPC
quartile produced minimum temperature rate ratios of: Quartile 1 (Q1, lowest average EPC)
0.985; Q2 0.971; Q3 0.985; Q4 0.972, indicating no clear pattern of differential temperature
associations by EPC quartile.
5.2 Devon analysis
Descriptive statistics
Tables 5.6 and 5.7 present the numbers and rates of hospital admissions within Devon for
the three-year period studied. These figures highlight that despite having data on admissions
for a population of around 900,000 adults for three years, the numbers (counts) of
admissions (especially for asthma) are relatively low; division of these admissions across
c.35,000 postcodes inevitably produced quite a sparse distribution. The potential impact of
this is discussed in Section 6.2.
Table 5.6. Hospital admissions (counts) 3-year totals April 2014 to March 2017
Age Group
Male
18-44
45-59
60-74
75+
Female
18-44
45-59
60-74
75+

Total admissions
Asthma COPD CVD
97
<10
126
89
203
832
53
741 1625
21
651 1965
317
157
109
90

17
218
640
601

Winter admissions
Asthma COPD CVD
51
12
36
25
100 248
23
370 557
15
338 666

70
308
830
2149

142
76
41
58

11
99
307
305

20
121
280
751

Population
2011
178,047
110,432
99,313
45,609
181,040
117,477
106,474
68,723

Note: Counts <10 suppressed for data protection purposes

Table 5.7. Hospital admissions (crude rates stratified by age and gender). 3-year totals
April 2014 to March 2017
Age Group
Male
18-44
45-59
60-74
75+
Female
18-44
45-59
60-74
75+

Total admission rate*
Asthma
COPD
CVD
0.18
n/a
0.24
0.27
0.61
2.51
0.18
2.49
5.45
0.15
4.76
14.36
0.58
0.45
0.34
0.44

0.03
0.62
2.00
2.92

0.13
0.87
2.60
10.42

Winter admission rate*
Asthma
COPD
CVD
0.10
0.02
0.07
0.08
0.30
0.75
0.08
1.24
1.87
0.11
2.47
4.87
0.26
0.22
0.13
0.28

0.02
0.28
0.96
1.48

0.04
0.34
0.88
3.64

* Admissions per 1000 population per year
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Descriptive statistics for postcode-level variables across Devon are presented in Table 5.8.
Measures calculated for the three specific energy efficiency measures (loft insulation, wall
insulation, and glazing) indicated that in each case, 50-60% of postcodes have dwellings
with a mixture of characteristics. This is used as the reference category in regression
models, so that postcodes where all dwellings meet the efficiency criterion (e.g. loft
insulation ≥250mm) and postcodes where none do are compared to this ‘mixed’ category.
The aggregated dwelling data indicated that the mean percentage of dwellings within a
postcode with a SAP rating A-C is around 23%, and the mean probability of fuel poverty by
postcode was 0.24 (i.e. 24%). Weather data indicated that this area is somewhat milder,
wetter and more humid than the English average (Table 5.3) as would be expected given its
location on the south west peninsula of the country.
Table 5.8. Descriptive statistics for Devon postcode-level variables
Devon Home Analytics Metrics
Categorical measures

All %

Mixed %

None %

N/A %

Dwellings in postcode with loft insulation ≥250mm

21.47

59.59

14.54

Dwellings in postcode with wall insulation present

14.48

52.42

33.10

Dwellings in postcode with full double/triple glazing

30.67

62.22

7.12

Mean

Std Dev

% Dwellings with SAP Rating A-C

23.12

34.73

0.00

100.00

Mean probability of fuel poverty

0.24

0.20

0.01

1.00

Mean

Std Dev

Income deprivation score

0.12

0.07

0.02

0.48

Employment deprivation score

0.11

0.06

0.01

0.42

17.08

12.84

0.84

85.11

20.19

35.24

0.00

100.00

3.94

16.02

0.00

100.00

Continuous measures

Confounders/covariates

Min

Min

4.4*

Max

Max

Indices of Deprivation 2015

Education deprivation score
Tenure/property types
% Households private rented
% Households local authority rented
% Households housing association rented

4.76

18.16

0.00

100.00

% Dwellings mid-terraced houses

13.78

23.03

0.00

100.00

% Dwellings semi-detached houses

28.85

31.54

0.00

100.00

% Dwellings detached houses

38.76

40.63

0.00

100.00

% Dwellings flats

18.61

31.82

0.00

100.00

Minimum winter temperature 2006-15 (C)

-2.99

0.53

-4.55

-1.51

Mean monthly precipitation 2006-15 (mm)

77.36

15.02

54.48

169.59

Mean relative humidity 2006-15 (%)

84.62

1.26

81.00

88.90

Mean NO2 2007-11 (µg/m3)

25.25

8.63

17.33

61.78

Mean ozone 2007-11 (µg/m3)

62.04

5.05

50.86

66.01

Mean PM2.5 2007-11 (µg/m3)

12.52

0.48

11.32

13.26

Weather & air pollution

Urban/rural classification (n)
Urban
Town & Fringe
Rural

18,150
6,047
11,426

* Figures indicate the percentage of postcodes in each category; 4.4% of postcodes had no dwellings with lofts
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Regression analyses
Table 5.9 presents results of regression analyses between postcode hospital admissions
and Devon Home Analytics energy efficiency metrics; Table 5.10 with the postcode SAP
rating A-C measure and Table 5.11 with the postcode mean probability of fuel poverty.
Comparable tables for winter admissions are in Annex 3 (Tables A3.7-9), and full results for
SAP rating and fuel poverty models are presented in Tables A3.10-15. Data on all covariates
were complete, with no missing values, so the number of observations in crude and fully
adjusted models was the same in each case.
Table 5.9. Regression model results: Devon Home Analytics energy efficiency metric
associations with 3-year total hospital admission rates.
Total 3 year admissions
Postcode energy efficiency indicators

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

p

All dwellings in PC <250mm insulation

1.187

[0.65, 2.16]

0.575

1.169

[0.69, 1.99]

0.567

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

0.843

[0.35, 1.50]

0.387

0.961

[0.61, 1.52]

0.864

All dwellings in PC single/partial

0.885

[0.43, 1.83]

0.741

0.803

[0.38, 1.69]

0.564

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

0.977

[0.72, 1.32]

0.876

0.851

[0.64, 1.14]

0.277

All dwellings in PC uninsulated

0.827

[0.61, 1.12]

0.226

0.807

[0.59, 1.11]

0.182

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.144

[0.77, 1.70]

0.506

1.016

[0.70, 1.48]

0.935

All dwellings in PC <250mm insulation

0.781

[0.59, 1.04]

0.093

0.768

[0.56, 1.05]

0.102

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

1.008

[0.78, 1.31]

0.951

1.371

[1.08, 1.75]

0.010

All dwellings in PC single/partial

0.788

[0.47, 1.32]

0.363

0.933

[0.57, 1.54]

0.784

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

1.205

[0.98, 1.49]

0.080

1.023

[0.83, 1.27]

0.832

All dwellings in PC uninsulated

0.887

[0.70, 1.12]

0.312

0.910

[0.72, 1.14]

0.418

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.205

[0.99, 1.47]

0.065

0.888

[0.72, 1.09]

0.261

All dwellings in PC <250mm insulation

0.837

[0.73, 0.96]

0.012

0.871

[0.76, 1.00]

0.048

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

1.108

[0.99, 1.23]

0.063

1.185

[1.06, 1.32]

0.002

All dwellings in PC single/partial

0.890

[0.71, 1.12]

0.328

0.886

[0.70, 1.12]

0.311

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

1.026

[0.94, 1.12]

0.574

0.932

[0.85, 1.02]

0.122

All dwellings in PC uninsulated

0.890

[0.81, 0.98]

0.019

0.870

[0.79, 0.96]

0.005

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.139

[1.04, 1.25]

0.996

[0.91, 1.09]

Asthma

COPD

CVD

0.006

0.935
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The results displayed in Table 5.9 indicate no association between loft insulation, wall
insulation or glazing and asthma admissions after adjustment for potentially confounding
factors. There is some suggestion of an association between loft insulation and both COPD
and CVD, with more insulated areas appearing to have higher admission rates. There is also
a suggestion of areas with fewer wall insulated homes having lower CVD admission rates.
There are indications from crude models that postcodes with more dwellings SAP rated A-C
tend to have higher admission rats for COPD and CVD (Table 5.10). However, these
associations are completely attenuated after adjustment for potential confounding factors.
Table 5.10. Regression model results: Home Analytics SAP Rating (% dwellings in
postcode rated A-C) associations with 3-year hospital admission rates.
Total 3 year admissions
Postcode % SAP ABC

Crude model
RR

95% CI

Fully adjusted model
p

RR

95% CI

p

Asthma
0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

1.396

[0.91, 2.13]

0.123

1.279

[0.85, 1.91]

0.232

0.50-<0.75

1.157

[0.82, 1.64]

0.413

1.033

[0.74, 1.44]

0.847

0.75-1.00

1.207

[0.92, 1.58]

0.172

0.896

[0.67, 1.19]

0.453

0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

1.596

[1.21, 2.11]

0.001

1.137

[0.87, 1.49]

0.348

0.50-<0.75

1.541

[1.22, 1.94]

<0.001

0.939

[0.74, 1.19]

0.608

0.75-1.00

2.161

[1.83, 2.55]

<0.001

0.878

[0.73, 1.06]

0.175

0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

0.964

[0.85, 1.09]

0.567

0.892

[0.79, 1.01]

0.063

0.50-<0.75

1.163

[1.04, 1.30]

0.009

1.046

[0.93, 1.17]

0.438

0.75-1.00

1.356

[1.25, 1.47]

<0.001

1.053

[0.97, 1.15]

0.244

COPD

CVD

Analyses of the estimated probability of fuel poverty do not indicate any association with
admissions for asthma or COPD after adjustment (Table 5.11). However, full model results
suggest that postcodes with higher mean probability of fuel poverty have lower admission
rates for CVD. It should be noted that there is potential here for these models to ‘overadjust’, given that the fuel poverty measure itself is derived through a modelling process that
includes measures of socio-economic deprivation and urban/rural classification (see Annex
2). This limitation is discussed in Section 6.2.
Exploratory analysis of effect modification between minimum winter temperature and energy
efficiency measures did not indicate any evidence of interaction.
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Table 5.11. Regression model results: Home Analytics probability of fuel poverty
(mean probability across all dwellings in postcode) associations with 3-year hospital
admission rates.
Total 3 year admissions
Postcode mean fuel poverty probability

Crude model
RR

95% CI

0-<0.25

1.000

Ref

0.25-<0.50

1.141

[0.68, 1.91]

0.50-<0.75

0.793

[0.47, 1.34]

0.75-1.00

0.753

[0.26, 2.18]

Fully adjusted model
p

RR

95% CI

p

1.000

Ref

0.616

1.056

[0.72, 1.55]

0.780

0.386

0.701

[0.38, 1.28]

0.246

0.601

0.635

[0.22, 1.81]

0.395

Asthma

COPD
0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

0.684

[0.55, 0.85]

0.001

0.938

[0.75, 1.18]

0.583

0.50-<0.75

0.610

[0.42, 0.88]

0.009

0.958

[0.65, 1.42]

0.831

0.75-1.00

0.756

[0.42, 1.35]

0.347

1.255

[0.71, 2.23]

0.438

0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

0.940

[0.87, 1.02]

0.141

0.919

[0.84, 1.01]

0.085

0.50-<0.75

0.835

[0.72, 0.96]

0.014

0.771

[0.66, 0.90]

0.001

0.75-1.00

0.800

[0.61, 1.05]

0.102

0.714

[0.54, 0.95]

0.019

CVD

6.0 Discussion
This exploratory pilot study investigated the relationships between fuel poverty and energy
efficiency measures and hospital admission rates for asthma, Chronic Obstructive
Pulmonary Disease (COPD) and Cardiovascular Disease (CVD) using two different
population-level energy efficiency databases. Utilising both Home Energy Efficiency
Database (HEED) and the Devon Home Analytics Portal databases allowed comparison of
outcomes from these different secondary datasets.
A range of limitations restricted the ability of these analyses to indicate causal associations
between area energy efficiency metrics and hospital admission rates (these are discussed
below in 6.2). In general, there were quite mixed findings regarding the key relationships of
interest. There were a number of instances in both the national and local analyses where
there was a suggestion of a positive association, i.e. higher admission rates in areas where
average home energy efficiency was greater. There were a smaller number of instances
where an inverse association was observed. Some of the clearest findings were a consistent
small but significant association of around a 0.5 to 1.0% increase in hospital admission rates
for asthma, COPD and CVD per one point increase in the mean EPC rating across England
in the national analyses. The Devon analysis suggested that higher average SAP rating (i.e.
higher % properties rated A-C) at the postcode-level were associated with higher admission
rates for asthma, COPD and CVD, but these associations were completely attenuated in the
adjusted model. Also in the Devon analysis, the higher probability of fuel poverty was
associated with lower admission rates for CVD in fully adjusted models, but there were some
specific limitations of use of this variable in adjusted models, as discussed below.
In terms of local climatic conditions, minimum winter temperatures appeared to generally be
associated with the rate of hospital admissions for asthma, COPD and CVD across Devon in
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the expected direction (i.e. milder winter temperatures were associated with fewer
admissions). In the national analyses, this association was only clearly observed for COPD
admissions.
6.1 Synthesis with existing literature
6.1.1 Cold-related mortality and morbidity
The associations observed between minimum ambient air temperature and increased rates
of hospital admissions are consistent with existing literature. Daily lower ambient
temperatures have previously been shown to be associated with increased risk of coldrelated mortality and morbidity, which appear to vary by locality and country, with
populations having some ability to adapt to the local climate (Guo et al., 2014, Guo et al.,
2016). Lower air temperatures have been previously associated with increased hospital
admissions for a range of cardiovascular (Phung et al., 2016, Bai et al., 2017) and
respiratory diseases such as asthma, with greater effect sizes associated with winter
temperatures and lower altitude (Cong et al., 2017).
The effects of unstable weather conditions on health warrants more attention to develop
future public health programmes (Guo et al., 2016). These need to consider a range of
socio-economic, housing and behavioural factors associated with a range of cold weatherrelated health or social outcomes (Tanner et al., 2013). This also means that policies aimed
at alleviating the risk of fuel poverty may need to be supplemented by additional measures to
tackle the burden of excess winter deaths in vulnerable populations such as the elderly
(Wilkinson et al., 2004).
6.1.2 Impact of fuel poverty and hospital admissions
Investigations into the probability of fuel poverty and risk of hospital admission rates for
asthma, COPD and CVD resulted in mixed findings. Some results suggested that lower
energy efficiency or increased probability of fuel poverty were associated with a ‘protective’
effect for some of the health outcomes assessed. This may be due to the potential for
clustering of urban areas around hospitals and the distance to the hospital, which may be
sensitive to known differences between the duration and severity of fuel poverty experienced
by urban and rural populations. Other factors to consider include differences in property
types and urban areas being more likely to receive energy efficiency improvements due to
the presence of cheaper mains gas (Sharpe et al., 2017).
Furthering our knowledge into the health impacts of fuel poverty at the population-level is
important because of the potential to influence UK Government policies such as the long
term vision for fuel poverty programmes with appropriate funding and regulatory changes
(BEIS, 2017). This is important to consider because energy efficiency measures (with
external wall insulation being the most effective) can raise the temperature of the indoor
environment, thereby bringing temperatures within the ‘healthy’ comfort zones of 18-24oC
with a reduction of 37% in daily gas use (Poortinga et al., 2017).
Despite these potential benefits, it is evident that fuel poverty schemes require further
funding. While the programmes are generally reaching people in need, they need to move
away from addressing homes that are easily identified as being at risk (i.e. targeting the ‘low
hanging fruit’).
In addition, wages in the UK have been stagnating at the same time as energy bills have
been increasing, with a rise of 28% since 2004 (Committee on Climate Change, 2017). This
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means that the potential benefits of fuel poverty alleviation programmes could be
overshadowed by rising energy prices (Howden-Chapman et al., 2012). The resultant impact
on the indoor environment can have direct and indirect adverse health effects on a range of
health and wellbeing outcomes (Sharpe et al., 2017). This is important to consider because
we know that the risk of fuel poverty and resultant health outcomes are influenced both by
the energy efficiency of a dwelling and by the extent of heating behaviours. For example,
countries which have more energy efficient housing have lower excess winter deaths
(Marmot Review Team, 2010).
6.1.3 Household energy efficiency and increased rates of hospital admissions
Despite the limitations of this study (discussed below), previous studies have identified shortterm benefits of home energy efficiency improvements, which have been associated with
poorer physical and psychosocial health (Grey et al., 2017, Sharpe et al., 2015b, Milner et
al., 2014). This is consistent with the belief that increased energy efficiency measures can
result in a range of unintended consequences on health and wellbeing (Shrubsole et al.,
2014). These unintended consequences may be a result of a range of factors, such as:
reduced indoor air quality, resident behaviours/lifestyles, funding pressures, the type/number
and quality of energy efficiency measures, or the potential concealment of the most
vulnerable populations; discussed below.
Indoor air quality
Majority of age groups spend between 70% to 80% of their time indoors (Lavergea J et al.,
2011), which increases in the very young and elderly (Briggs et al., 2003). Consequently,
this increases people’s exposure to a range of biological, chemical and physical air
pollutants, which have been found to impact asthma, COPD, and CVD outcomes (Sharpe et
al., 2017). The quality of indoor air is predicted by the quality of external air and internal
ventilation rates, as well as other resident behaviours and lifestyles such as drying washing
indoors (increasing risk of condensation), the presence of pets, smoking indoors, and the
failure to adequately maintain heating/ventilation systems (e.g. increased exposure to
particulates and gases such as carbon monoxide) and the property (e.g. structural damage,
water ingress and mould contamination) (Sharpe et al., 2014). Exposure to these diverse air
pollutants maybe compounded by other societal issues such as overcrowding and space
inequalities, which also affect the indoor environmental exposures and resident physical and
mental health and wellbeing (Sharpe et al., 2017).
This impact is important to consider because reduced ventilation rates in energy efficient
homes have been associated with reduced indoor air quality (Howieson, 2014). Without
effective ventilation strategies, residents may be exposed to increased concentrations to
poorer air quality such as radon (Milner et al., 2014), carbon monoxide (Pigg et al., 2017),
and formaldehyde (Coombs et al., 2016), for example. However, this is not consistent and
other studies have resulted in a reduction in indoor formaldehyde and particulate matter
concentrations (Frey et al., 2015), possibly resulting from changes in ventilation patterns and
interaction between indoor and outdoor sources of air pollutants (Taylor et al., 2016,
Coombs et al., 2016).
The indoor air quality is likely to be a result of differences between build type and variable
ventilation rates (Das et al., 2013) and resident behaviours (Sharpe et al., 2015b) such as
variations in lifestyles and choices made when heating or ventilating the home (Critchley et
al., 2007). For example, poor heating and ventilation patterns may result in the return of
mould contamination within 12 months of energy efficiency improvements (Richardson et al.,
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2005). Furthermore, fuel poor populations may experience problems with damp and
condensation regardless of their risk perception of the potential health risks, use of
ventilation and energy efficiency levels (Sharpe et al., 2015a, Tanner et al., 2013). The
outcomes may also be a result of type, extent and quality of energy efficiency measures
installed.
Quality of energy efficiency schemes
Historically, energy efficiency funding programmes have focused on delivering physical
home improvements such as increased insulation, double glazing, and replacing less
efficient heating systems. These home improvement schemes have been restricted by
timescales, remained largely unmonitored and delivered by incentivised companies that
have adopted blanket approaches (e.g. targeted area-level schemes) to delivering individual
energy efficiency measures such as glazing or loft insulation. Consequently, tprior fiscal
incentives and schemes have failed to adopt a ‘whole house’ approach, which support
improvements in ventilation strategies within a home and resident training (Sharpe et al.,
2017). Therefore, it is possible that a significant number of residents living in energy efficient
homes may be both experiencing air quality problems and still rationing their heating, despite
the home improvements (Lomax and Wedderburn, 2009).
Improving the design of future energy efficiency programmes and the methods of evaluation
is essential. Other evidence has shown that incorporating green and sustainable building
products, improved ventilation standards (ideally with heat recovery), and resident training
can improve both the indoor air quality and the health of those living in energy efficient
homes (Francisco et al., 2017, Breysse et al., 2011). Well-designed randomised controlled
trials involving a range of energy efficiency measures have shown consistent improvements
in resident health, although this was not consistent across all of the health outcomes
measured (Howden-Chapman et al., 2007, Howden-Chapman et al., 2008, HowdenChapman et al., 2011). Preliminary findings from another large data linking study involving
36,467 recipients of home energy efficiency measures and a control group of 36,070
individuals (who were eligible but who had not yet received measures) showed a positive
association between home improvements on cardiovascular and respiratory admissions
(Morrison-Rees, 2017).
Our study differed because we assessed historic energy efficiency interventions, which are
likely to differ in terms of the quality and extent of energy efficiency measures installed.
Housing tenure is also likely to influence the uptake and impact of energy efficiency
measures (Sharpe et al., 2017). This may help explain our inconsistent findings, particularly,
the analyses concerning individual energy efficiency measures. Assessing individual
measures of energy efficiency may not be an accurate representation of the overall energy
efficiency levels of households. Furthermore, other interventions focusing solely on
implementing a single energy efficiency improvement (such as insulation or glazing) have
also resulted in mixed findings (Maidment et al., 2014).
Concealment of vulnerable populations
It is also possible that these population-level analyses may conceal the potential benefits
experienced by more vulnerable populations (Thomson et al., 2013). While the resultant
outcomes may depend on baseline housing conditions (Thomson et al., 2009), interventions
targeting more vulnerable people (such as those with inadequate warmth and with a chronic
respiratory disease may be more successful (Thomson et al., 2013). Involving the local
community) in the design of future interventions targeting vulnerable populations may also
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be important. For example, a randomised control trial, in partnership with local communities
in New Zealand, resulted in improved health outcomes. The Housing, Insulation and Health
Study showed that insulating and improving the heating systems in older properties
improved the occupants' health and wellbeing. The study also showed that these
interventions improved indoor temperatures and halved the levels of nitrogen dioxide
(Howden-Chapman et al., 2011).
Differences in associations between increased energy efficiency and hospital admission
rates may be a result of the differences in the number of cases and sensitivity of asthma,
COPD and CVD outcomes to changes in the built environment. This may further conceal the
potential impact of energy efficiency improvements on health. For example, despite our large
sample size, asthma outcomes may be influenced by the relatively low number of
admissions, which may be due to the use of preventive medication and effective selfmanagement practices (Mosnaim et al., 2016, Morell et al., 2014). Additionally, interactions
between diverse environmental factors and different mechanisms influencing health
outcomes such as the different disease phenotypes or endotypes, thought to influence
diseases such as asthma outcomes (Lötvall et al., 2011), may explain some of the
inconsistent findings.
6.2 Strengths and limitations
The strengths of this study included our population-level approach to investigating
relationships between fuel poverty, energy efficiency and health, capitalising on large
secondary datasets. The ability to use SAP/EPC rating data was an additional strength, and
can be compared to a previous study (Sharpe et al., 2015b). Using Hospital Episode
Statistics (HES) data is also an accepted method for defining rates of hospital admissions,
and these data have been used previously for studying these outcomes (e.g. COPD
exacerbations) (Donaldson and Wedzicha, 2006). Working in partnership with local authority
Public Health departments, a local NHS commissioning body, and the Energy Saving Trust
enabled us to explore more detailed housing data at local scale with highly knowledgeable
Partners.
As mentioned previously in this report, a number of limitations exist in our study. These are
typical of the ecological epidemiological research design employed (Savitz, 2012). Whilst
these findings are based on a very large sample of housing characteristics from the HEED,
Home Analytics Portal and EPC databases, a number of alternative explanations for these
findings are possible. Using very large sample sizes increases the potential for identifying
chance findings, due to large data sets used. Additionally, the large number of statistical
tests carried out across all the analyses means that the validity of any single test (p-value)
must be viewed in context across the study.
The cross-sectional nature of the analyses means that we were unable to account for
changes in housing conditions over time; and the study presents a ‘snapshot’ view of the
overall association between long-term measures of housing conditions, health outcomes,
and socio-demographic and environmental characteristics. Critically, the cross-sectional
nature of the study means that we cannot assess the temporal sequence of exposures
(home energy efficiency changes) and health outcomes. It is possible that findings
suggesting higher admission rates in areas with better home energy efficiency could be at
least in part due to reverse causality, if people experiencing these chronic health conditions
were more likely to make energy efficiency improvements to their homes. Another
explanation could be that areas with historically poor housing conditions have been targeted
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for retrofitted efficiency improvements, and that therefore an underlying association between
poor housing conditions and poor health is reflected in the study findings.
Aggregation of data to area-level, necessitated by data protection and information
governance requirements, meant that the analyses were ecological, i.e. comparing
exposures and outcomes at the group not the individual level. The risk of the ‘ecological
fallacy’ suggests that conclusions can therefore only be drawn at this population level, rather
than at the level of the individual. By their nature, these measures only capture the ‘average’
status of energy efficiency improvements within each area (postcode or LSOA). They cannot
account for the variability within these areas.
The use of aggregate data also means that confounding is challenging to thoroughly control
for, and findings could be due to residual confounding by one or more unmeasured
area/population characteristics (e.g. smoking status, weight or ethnicity, which are known to
influence cardio-respiratory outcomes). Whilst urban/rural statuses were included in models,
we were unable to completely account for the proximity of the home to the hospital, an
important factor when investigating differences in admission rates by rurality. While we
accounted for changes in ambient environmental conditions such as indoor air quality (e.g.
particulate matter), temperature and humidity, these were estimated by
interpolation/modelling from outdoor monitoring station data, and again are averaged across
each area. We were therefore unable to account precisely for individual-level exposures,
which can have a divergent effect on health (Sharpe et al., 2015c).
There is also the likelihood in this study design of ‘exposure misclassification.’ The various
energy efficiency measures used in both national and local analyses are attempting to
reasonably capture the energy efficiency (and risk of fuel poverty) in the homes of the
individuals admitted to hospital (and those not admitted). By their nature, the measures used
here attributed every individual within the LSOA or postcode population with an average
measure of energy efficiency, based on monitored and/or modelled data for dwellings in that
area. This can lead to a potential ‘washing out’ of observable relationships between
exposures and outcomes due to misclassification of exposure across the population.
Furthermore, it has been previously found that the energy efficiency measures recorded in
HEED differ to other survey data such as those in the English Housing Survey (Hamilton et
al., 2014). This is likely to be a result of differences in definitions used to describe the
individual energy efficiency measures, type of sampling stratification adopted in other
surveys, collection and recording methodologies of these measures, and differences that
may occur from the periodic nature of updating HEED.HEED is not a mandatory
government-backed programme, meaning that some installations are inevitably not captured
(Hamilton et al., 2014). Energy Performance Certificate ratings provide a comparative
appraisal performance tool, however, since the beginning of their conception in the early
1990s, there has been some confusion within building sector stakeholders (Pérez-Lombard
et al., 2009). The use of energy performance data such as SAP does not account for day to
day changes in energy performance or heating and ventilation patterns because they are
made independently of occupant behaviours, which account for 51% of variance in heat
demand (Sharpe et al., 2015b).
6.3 Recommendations
The evidence reported here further supports the need to investigate the extent and quality of
home energy efficiency retrofits in the existing housing stock. This should include an
assessment of the potential mechanisms linking changes in the home environment to
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resident health and wellbeing status. In addition, there is a need to overcome the lack of
data linkages made between individual housing and health data to explore and evaluate how
fuel poverty programmes impact health at the population-level (Sharpe, 2015).
Given the cross-sectional nature of this study, there is also a need for future studies to
investigate the long-term impacts of energy efficiency interventions on health (Maidment et
al., 2014, Milner and Wilkinson, 2017), which should include the design of more complex
natural experiments (requires greater funding to design and implement). These should
consider the design of previous energy efficiency interventions, which have resulted in
positive health outcomes. These include, for example, the US Green Homes Retrofit
Programme, which incorporated the use of more sustainable and non-polluting building
products, improved mechanical or passive ventilation strategies with heat recovery, and
resident training (e.g. the use and maintenance of new heating and ventilation systems)
(Francisco et al., 2017, Breysse et al., 2014, Breysse et al., 2011). Other examples include
the Warm Homes Nest scheme in Wales or the Housing, Insulation and Health Study in New
Zealand (Sharpe et al., 2017).
A range of recommendations can also be drawn from the diverse literature on fuel poverty,
energy efficiency, and health. Overall, prior energy efficiency interventions have helped to
alleviate risk of fuel poverty and improve cardio-respiratory health outcomes, particularly
when targeting the most vulnerable (Thomson et al., 2009, Maidment et al., 2014, Thomson
et al., 2013, Milner and Wilkinson, 2017). The main evidence suggests that those with a
respiratory disease such as asthma or related conditions are most likely to benefit from
these home improvements, with some evidence supporting short-term improvements in
mental health outcomes (Milner and Wilkinson, 2017). Although, home improvements
completed under the UK Warm Front programme were linked to material and psychological
benefits, with the reduction of householder stress emerging as the most likely route to
improved health (Gilbertson et al., 2012).
Resident training should be accompanied by a substantial behavioural advice programme,
including follow-up in-home visits (Lomax and Wedderburn, 2009). These need to consider
vulnerable and marginalised populations, people’s awareness of safe temperatures (as well
as ventilation), values and beliefs (which can interact with the contextual factors), and
barriers and coping strategies associated with living in cold homes, especially in older
people (Tod et al., 2012, Anderson et al., 2012, Walker and Day, 2012). These will need to
account for economic, social, and environmental motivations of home owners, which are
influenced by a wide number of interrelated internal and external factors, and mediated by
the emotions of the individual (Organ et al., 2013). Multi-faceted strategies, including more
effective communication of risks and responsibilities, incentives, and material support for the
poorest, will need to be developed to overcome the lack of take up by home owners (Bichard
and Kazmierczak, 2012).
There is a need to assess the impact of individual energy efficiency measures and the
outcomes particularly among sub-group populations such as those living in the private rental
sector (Thomson et al., 2013). These need to overcome the existing challenges of previous
studies (e.g. interpreting the evidence and limitations of control trials) and investigate the
differences in dwelling ventilation characteristics on diverse health outcomes (Milner and
Wilkinson, 2017). Future studies could benefit from the use of technology to further our
understanding into diverse indoor biological, chemical and physical factors influencing health
outcomes. The adoption of new technological monitoring techniques will aid the unravelling
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of the complexities associated in discovering pathological pathways from exposure to
increased risk of disease (Osborne et al., 2015).
There is also a need for using larger scale fuel poverty modelling and the potential inclusion
of local meteorological conditions. This will help enable the targeting of home interventions,
thus maximising future funding models and enable better targeting of fuel poor and/or other
vulnerable populations (NICE, 2015). For example, the development of tools such as the
Home Analytics Portal could lower the risk and cost of patients being readmitted into hospital
following a discharge to a cold and energy inefficient home. While this has the potential to
inform health and social care and lower the societal and healthcare burden of fuel poverty,
further cost-benefit analyses are required. Increased evidence on the potential of modelling
techniques could help inform the development of future economic studies (Fenwick et al.,
2013), which are necessary to support the adoption of more long-term sustainable
interventions. However, policy improvements require a significant ‘step-change’ towards
more collaboration between health and housing practitioners in the design and
implementation of future interventions. This requires greater inter-sectoral collaborative
working to maximise the potential opportunities to improve health via better housing and
overcome some of the market and behavioural barriers (Sharpe et al., 2017, ADPH, 2017).

7.0 Conclusion
This collaborative project worked across a partnership to obtain and integrate large-scale
population datasets to assess the association between fuel poverty and energy efficiency
and health service utilisation, specifically hospital admissions. There were mixed results,
subject to a number of study design caveats. Nevertheless, there were some indications that
higher average area-level energy efficiency ratings were associated with a small but
significant increase in hospital admission rates. If these findings do in fact reflect the realities
of population scale outcomes associated with ‘sealed buildings’ (as indicate in previous
research), this highlights the need for more salutogenic housing interventions, utilising more
sustainable building products, improved ventilation and resident training.
The incorporation of community involvement in the design of future interventions may hold
promise for delivering more effective energy efficiency improvement schemes. Furthermore,
research into energy efficiency, indoor air quality, resident behaviours, and health outcomes
may shed further light into the complex relationships between home energy efficiency and
population health. This is necessary to support the design of more effective long-term
housing and behavioural change interventions in the future, which will inform future policy
and practice. Furthermore, the development and utilisation of household models that predict
fuel poor populations, as well as the incorporation of individual health and local climatic data
into these models and analyses, may hold promise for targeting vulnerable populations who
may benefit most from these interventions.
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Annex 1. Home Energy Efficiency Database (Energy Saving Trust)
Purpose
The Home Energy Efficiency Database (HEED) is a unique record of energy efficiency installations
that have been implemented in the domestic building stock across the United Kingdom. The
database encompasses address-level records of property attributes and installation data pertaining
to heating systems, insulation and microgeneration technologies.
The data available in HEED are made available to central and local government, universities,
community groups and non-profit organisations on the condition that it will be used to pursue at
least one of three primary aims: [1] improve energy efficiency, [2] promote renewable energy and
[3] alleviate fuel poverty. This can be done through various use cases such as scheme planning and
targeting, policy analysis and development, programme delivery and evaluation or research.
Data Collection
HEED records have been obtained by the Energy Saving Trust (EST) over time through a series of
voluntary agreements with national and local governments as well as energy companies. The data
covers millions of property assessments undertaken between 1992 and 2017 as part of governmentfunded schemes such as ARBED, Central Heating Programme, CERT, CESP, CORGI, ClearSkies, Dax,
EAGA EAP, FENSA, HIS, HEEPS, LCBP, NISED, NISEP, NROSH, Warmfront and Warmer Homes
Scotland.
Up until 2012, EST was contracted to support and maintain HEED across the UK, providing access to
public sector organisations, researchers and academics as part of an on-going support contract with
the national governments of England and Scotland. After 2012, this service was discontinued in
England. While EST continues to provide a legacy service to organisations in England, Wales and
Northern Ireland that meet the data sharing requirements, the underlying data in HEED is only
regularly updated with data obtained from Scottish local authorities.
To safeguard against data sharing violations, HEED data is not shared with organisations at the
address level. Instead, the data in HEED is provided to approved users at an aggregate level, most
commonly at the parliamentary constituency level.
Use in Study
For the purpose of this study, EST provided aggregated counts of HEED data at the lower super
output area (LSOA) level for all LSOAs in Great Britain. The aggregated records covered the period
from 2007-2014 and included the following variables of interest:


Loft insulation – count of properties with a record of loft insulation greater than 250mm



Wall insulation – count of properties that were built insulated or had a record of filled cavities,
internal or external wall insulation



Glazing type – count of properties with a record of fully double-glazed windows



Draught proofing – count of properties with a record of draught proofing



Boiler replacement – count of properties with at least one record of a boiler replacement



Property age – count of properties built post-1995

If various measures or technologies were installed in the same home at different points in time or if
the measures were funded through different programs, then it is possible that a single property in
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HEED can have multiple installation records. At a minimum, these installation records include
information about the specific measure that was installed and/or replaced, however many records
also provide additional survey information about the property at that point in time, such as its built
form, tenure type, age, fuel type, wall and loft insulation and glazing type.
Therefore, while the counts of measures installed in HEED are unique (e.g. counts of draught
proofing), the counts of some corresponding property attributes may be duplicated (e.g. counts of
property age). This can skew the analysis when aggregating HEED records and comparing property
counts to other datasets which do not have any duplication.
To address the potential issue of duplication, EST used the date stamps associated with each record
to prioritise the data in HEED and, in any case where a property had multiple records for the same
property attribute, remove the outdated records. Once this de-duplication was performed at the
address-level, the remaining records were then aggregated at the LSOA level.
Since retrofit activity can vary significantly across LSOAs, using nominal property counts as predictors
in the analysis could over or underestimate energy inefficiency in a given area. However, HEED does
not hold records for all properties in Great Britain (just those that have had a measure installed)
therefore, it was not possible to directly quantify these installation records as a rate (i.e. the
percentage of properties in an area with a particular measure installed).
To address this, the HEED property counts for each LSOA were divided by the corresponding
dwelling counts published by the Office of National Statistics (ONS) in the 2011 census. Presenting
the counts of HEED measures as a proportion of the stock, ensured the data could be compared
across LSOAs in a more standardised way.
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Annex 2. Home Analytics Devon (Energy Saving Trust)
Purpose
In 2015 Devon County Council, in conjunction with the unitary authorities of Plymouth and Torbay,
contracted EST to construct an address-level, housing stock database (HA Devon) that would provide
information on the building attributes and energy efficiency characteristics for all domestic
properties in the region (more than 500,000). The main purpose of the project was to provide
council users with an evidence base from which they could plan their retrofit schemes, target homes
for fuel poverty interventions and strengthen funding applications.
Data Collection
The first step in the process involved collecting all relevant property and energy efficiency
information on each home in Devon. This included Energy Performance Certificates (EPCs), historical
installation records from HEED, council data, census information and address details from OS
AddressBase Plus. In order to integrate these disparate datasets into a single database, each set of
data was address matched against OS AddressBase Plus. Through this process, each data point was
assigned a Unique Property Reference Number (UPRN) which corresponded to a unique property in
the database.
Data Processing and Cleansing
In cases where a UPRN had multiple records of a particular attribute (from various data sources), a
trust hierarchy was used to prioritise the most current and most trusted source of information. Since
EPCs are conducted by professional assessors and are carried out any time a property is built, bought
or sold, they were at the top of the trust hierarchy, followed by council data and HEED records.
Once the most trusted records for each property were selected, the unique categories for each
variable were grouped into more common classifications. For example, records of ‘filled cavity’,
‘internal wall insulation’, ‘external wall insulation’, ‘built insulated’, were all grouped into a more
general wall insulation category called ‘Insulated’. In this way, variables with hundreds of different
raw values could be distilled into more actionable classifications. The resulting database provided
snapshot of all known records for each variable associated with each domestic property in Devon.
Data Modelling
Since EPCs only accounted for approximately 50% of the stock in Devon, there were many properties
with missing values in the database. To ensure housing officers in Devon could develop robust
strategies for targeting energy efficiency and fuel poverty, missing values were imputed using a
combination of geospatial and statistical models.
The single most important predictor for property attributes and energy efficiency characteristics is
property type. All values for property type were modelled using a set of geospatial algorithms
applied through geographic information system (GIS) software to analyse and interpret map layers.
Using the x- and y- coordinates provided in OS AddressBase Plus and the building polygon (TOIDs)
provided in OS MasterMap Topography Layer, EST was able to calculate the number of address
points within a TOID and the status of adjoining TOIDs.
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Figure A1. Example illustration of property type model
From this information, it was possible to identify the following property types:


Flats6: where there are multiple address points within a TOID;



End Terraces: where the TOID is adjoined on one side by a building that is adjoined on two
sides;



Mid terraces: where the TOID is adjoined on both sides;



Semi-detached: where the TOID is adjoined on one side by a building that is also adjoined on
one side;



Detached: where the TOID is not adjoined by other TOIDs.

The other core fields in the HA Devon database were predicted using statistical modelling
techniques. Table A2.3 summarises the core fields provided in the final database as well as the
model specification, explanatory variables and final categories/units for each.
The Devon models were developed in a chain, so that the outputs from the first model could be used
as inputs into the next model. For example, the first model in the chain (Property Age) was predicted
using limited explanatory variables (e.g. property type, neighbourhood measures7 and area
6

7

Flats were further divided into block of flats, small block of flats/converted in to flats, large block of flats and
flat in mixed use dwelling based on the number of domestic and non-domestic address points in the TOID.
Neighbourhood measures leverage available information on similar property types in nearby areas (e.g.
postcode, postcode sector, census output area (COA), LSOA) to enhance model accuracy.
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characteristics8). In contrast, SAP rating, which is one of the last models in the chain, was imputed
using many more explanatory variables (e.g. wall construction and insulation, fuel type, energy
demand).
While nearly all models were trained using the raw data compiled from EPCs, HEED and council
records, there were a few notable exceptions. In the case of wall and loft insulation, HEED records
were excluded from the training set because they were biased towards records of insulation. In the
case of excess cold and fuel poverty, address level records were not available in Devon, so EST
constructed the models using anonymised address-level records from the 2013-14 English Housing
Survey (EHS). To ensure the models could be applied to Devon, the explanatory variables selected
for inclusion from the EHS were limited to the explanatory variables that were also available in the
HA Devon database.
Once the training sets were created, EST removed erroneous records and, in the case of continuous
variables, used the upper and lower fence to identify and remove outliers. When constructing the
HA Devon models, the regression equations took one of three forms:


Log-linear – used to model continuous variables, such as fuel bill, floor area, EPC score (0-100),
energy consumption, CO2 emissions



Multinomial regression – used to model categorical variables with more than two categories,
such as property type, habitable rooms, wall type, etc.



Binomial regression – used to model binary variables with only two categories, such as glazing
type, wall insulation, fuel poverty, etc.

After each model was trained on the known data, EST applied the resulting regression equation to
the properties with missing values in the database. In the case of the multinomial/binomial
regression models, the model returned a probability for each possible category. The category with
the highest probability was assumed to be the most likely value and was reported in the database.
For example, the wall construction model might predict that a property had the following
probabilities for each wall type:
Cavity construction:

0.80

Solid stone or brick:

0.05

Timber frame:

0.07

System built:

0.08

Since the cavity wall construction type was the category with the highest probability, the most likely
value for that property would be reported as ‘cavity construction’. For the fuel poverty and excess
cold models, only the raw probability was reported.
Unlike categorical variables, the continuous models returned a point estimate and an upper and
lower confidence interval. Since there was a reasonable level of uncertainty in the continuous
variable models, EST reported the upper and lower confidence intervals so that users could get a
sense of this by studying the range. For instance, an imputed record for energy consumption might
look like this:
8

Area characteristics are figures for small areas (e.g. COA, LSOA) that provide additional content for the
modelling such as urban-rural classification and index of multiple deprivation (IMD) deciles.
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Lower confidence interval:

28,272 kWh

Estimate (not reported):

34,230 kWh

Upper confidence interval:

40,188 kWh

Accuracy Testing
For categorical variables, accuracy was evaluated by applying each regression equation to the
training set and using a confusion matrix to compare the predicted values to the known outcomes
(for each category). To determine a level of accuracy for each dataset as a whole, the accuracy for
each variable category was multiplied by its relative proportion within the overall stock and summed
together. All known records were considered to be 100% accurate. For continuous variables, the
adjusted-R2 value was used as the primary indicator of accuracy.
Table 1 and Table 2 show the accuracy for the core fields in the HA Devon database. As one might
expect, the variables with more categories (e.g. habitable rooms) tend to be less accurate than those
that have fewer, more distinct categories (e.g. glazing type). The adjusted values of the continuous
models were 0.70 or higher which indicates that the models have significant explanatory power.
Table A2.1 – HA Devon model accuracy (categorical variables)9
Variable

9

Accuracy

Property age

80%

Property tenure

97%

Habitable rooms

73%

Fuel type

95%

Wall type

96%

Wall insulation

92%

Loft insulation

81%

Room in roof

99%

Glazing type

95%

Secondary fuel type

85%

Energy rating

80%

Floor type

87%

Floor insulation

98%

Main heating controls

93%

Boiler type

75%

Excess cold and fuel poverty are not listed in Table A2.1 because these models were built on a small EHS
sample. With no ‘known’ records of excess cold or fuel poverty documented in Devon, the accuracy of the
model could not be validated on the Devon sample. For fuel poverty, the imputed probabilities for Devon
were calibrated to the 2014 council-level, fuel poverty estimates reported by BEIS. Thus, when aggregated,
the address-level probabilities in HA Devon sum to the council-level values.
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Table A2.2 – HA Devon model accuracy (continuous variables)
Variable

Adjusted-R2

Floor Area

0.70

SAP Rating (EPC score)

0.72

CO2 emissions

0.72

Energy bill

0.75

As a further check on accuracy, the address-level data in Devon was also aggregated and compared
to regional estimates published in the EHS and ONS census to ensure that the database was
consistent with the regional picture.
Use in Study
For the purpose of this study, Devon County Council provided the University of Exeter research team
with access to the address-level records in the HA Devon database. Records were aggregated at the
postcode level and used as predictor variables in the analysis and specified in Section 4.4.
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Table A2.3 – Home Analytics Devon overview

Dependent
Variable
Property age

Model
Specification
Multinomial logistic

Property tenure

Multinomial logistic




Property type
Property age

Habitable rooms

Multinomial logistic





Property type
Property age
Property tenure

Floor area

Log-linear






Property type
Property age
GIS footprint
Property tenure



Explanatory
Variables1
Property type




















Category or
Units
Pre-1919
1919-1949
1950-1983
1984-1991
1992-2002
Post-2002
Owner occupied
Privately rented
Housing association
Local authority
0-2
3
4
5
6
7-8
9+
m2
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Dependent
Variable
Fuel type2

Model
Specification
Multinomial logistic

Wall construction

Multinomial logistic

Wall insulation

Binomial logistic

Loft insulation3

Multinomial logistic

Room in roof

Binomial logistic






Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms






















Property type
Property age
Property tenure
Habitable rooms
Property type
Property age
Property tenure
Habitable rooms
Property type
Property age
Property tenure
Habitable rooms
Wall insulation
Property type
Property age
Property tenure
Habitable rooms
Floor area
Wall insulation
Loft insulation















Category or
Units
Mains gas
Electricity
LPG
Oil
Biomass/solid
Communal
No heating/hot water system
Cavity construction
Solid brick or stone
Timber frame
System built
Insulated
Uninsulated





0-124mm
125-249mm
>250mm




No room in roof
Room in roof present
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Dependent
Variable
Floor construction

Model
Specification
Multinomial logistic

Floor insulation

Binomial logistic

Glazing

Binomial logistic
























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Floor construction
Property type
Property age
Property tenure
Habitable rooms
Wall construction

Category or
Units




Solid
Suspended
Unheated space/other
premise below




Insulated
Uninsulated




Single/partial
Double/triple
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Dependent
Variable
Main heating controls

Model
Specification
Multinomial logistic

Boiler type

Multinomial logistic

Secondary heating system

Binomial logistic




























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Floor construction
Floor insulation
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall insulation
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing






Category or
Units
No heating control
Programmer only
Programmer and thermostat
Thermostat only





Condensing
Standard
No boiler



Secondary heating system
present
No secondary heating system
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Dependent
Variable
Secondary heating fuel type

Model
Specification
Multinomial logistic

Water heating demand

Log-linear























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type

Category or
Units






Gas
Electricity
Oil
Biomass/solid
No secondary heating system



kWh/year
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Dependent
Variable
Space heating demand

Model
Specification
Log-linear

Electricity demand

Log-linear



























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Space heating demand



Category or
Units
kWh/year



kWh/year
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Dependent
Variable
SAP rating (EPC band)

Model
Specification
Multinomial logistic

SAP rating (EPC score)

Log-linear





























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Space heating demand
Electricity demand
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Space heating demand
Electricity demand
SAP rating (EPC band)

Category or
Units






A-B
C
D
E
F-G



0-100
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Dependent
Variable

Model
Specification

Energy bill

Log-linear

CO2 emissions

Log-linear




























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Space heating demand
Electricity demand
Property type
Property age
Property tenure
Habitable rooms
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Secondary heating fuel type
Water heating demand
Space heating demand
Electricity demand

Category or
Units


£/year



Tonnes of CO2e/year
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Dependent
Variable
Risk of fuel poverty

Model
Specification
Binomial logistic

Risk of excess cold

Binomial logistic




























Explanatory
Variables1
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall insulation
Loft insulation
Glazing
Boiler type
SAP rating (EPC band)
Energy bill
Property type
Property age
Property tenure
Habitable rooms
Floor area
Fuel type
Wall construction
Wall insulation
Loft insulation
Glazing
Boiler type
Secondary heating fuel type
SAP rating (EPC band)
Energy bill



Category or
Units
Probability



Probability

1

While not formally listed in the above table, all models used neighbourhood measures and local area characteristics (urban rural classification, IMD decile) as explanatory variables.
Fuel type used a two-step model; the first model determined if a property was on or off-gas, the second model predicted the specific fuel type of the properties that were off the gas grid.
3
Due to the differences in the rate of insulation between solid walls and other kinds of walls, wall insulation was modelled using two separate specifications (one for solid walls and one for
cavity, system built and timber frame walls).
2
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Annex 3. Regression Model Results
Table A3.1. National data: Asthma admissions and HEED energy efficiency measures full model results
(n=31,481 LSOAs)
Total asthma admissions

RR

95% CI

p

1.004

[1.004,1.005]

<0.001

1.000

[0.998,1.002]

0.798

0.999

[0.997,1.000]

0.128

1.000

[0.999,1.001]

0.814

0.998

[0.994,1.002]

0.398

Age group 18-29

1.505

[1.477,1.534]

<0.001

30-44

1.284

[1.261,1.307]

<0.001

45-59

1.191

[1.171,1.212]

<0.001

60-69

1.000

Ref

70-79

1.367

[1.338,1.396]

<0.001

80-89

1.826

[1.786,1.867]

<0.001

90+

2.202

[2.126,2.282]

<0.001

Male

1.000

Ref

Female

1.874

[1.853,1.894]

<0.001

Income deprivation score

4.716

[3.964,5.612]

<0.001

Employment deprivation score

1.321

[1.048,1.666]

0.019

Education deprivation score

1.003

[1.002,1.004]

<0.001

% properties private rented

1.004

[1.003,1.005]

<0.001

% properties social rented

1.003

[1.002,1.003]

<0.001

% flats (of all dwellings)

0.997

[0.997,0.998]

<0.001

Urban

1.000

Ref

Town & Fringe

0.954

[0.934,0.974]

<0.001

Rural

0.896

[0.873,0.919]

<0.001

Minimum winter temp C

1.005

[0.998,1.013]

0.164

Mean monthly precipitation mm

1.003

[1.002,1.003]

<0.001

Mean relative humidity %

0.989

[0.984,0.994]

<0.001

Mean NO2 (µg/m3)

1.002

[1.000,1.004]

0.104

Mean O3 (µg/m3)

1.004

[1.001,1.007]

0.003

Mean PM2.5 (µg/m3)

0.946

[0.928,0.965]

<0.001

Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.2 National data: COPD admissions and HEED energy efficiency measures full model results
(n=31,481 LSOAs)
Total COPD admissions
Loft insulation

RR

a

95% CI

p

1.002

[1.001,1.003]

<0.001

1.002

[0.999,1.004]

0.155

0.999

[0.998,1.001]

0.476

1.002

[1.002,1.003]

<0.001

0.992

[0.987,0.996]

0.001

Age group 18-29

0.005

[0.004,0.005]

<0.001

30-44

0.028

[0.027,0.030]

<0.001

45-59

0.244

[0.240,0.249]

<0.001

60-69

1.000

Ref

70-79

2.183

[2.152,2.214]

<0.001

80-89

3.452

[3.400,3.504]

<0.001

90+

3.489

[3.408,3.571]

<0.001

Male

1.000

Ref

Female

0.776

[0.768,0.785]

0.733

[0.609,0.883]

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

Income deprivation score
Employment deprivation score

e

14.595

<0.001
0.001

[11.437,18.625]

<0.001

Education deprivation score

1.009

[1.008,1.010]

<0.001

% properties private rented

1.013

[1.012,1.014]

<0.001

% properties social rented

1.014

[1.013,1.015]

<0.001

% flats (of all dwellings)

0.997

[0.996,0.998]

<0.001

Urban

1.000

Ref

Town & Fringe

0.968

[0.946,0.990]

0.006

Rural

0.848

[0.825,0.871]

<0.001

Minimum winter temp C

0.977

[0.969,0.984]

<0.001

Mean monthly precipitation mm

1.001

[1.001,1.002]

<0.001

Mean relative humidity %

1.006

[1.001,1.011]

0.026

Mean NO2 (µg/m3)

1.001

[0.999,1.003]

0.35

Mean O3 (µg/m3)

0.992

[0.989,0.995]

<0.001

Mean PM2.5 (µg/m3)

0.967

[0.949,0.987]

0.001

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.3 National data: CVD admissions and HEED energy efficiency measures full model results
(n=31,481 LSOAs)
Total CVD admissions

RR

95% CI

p

1.004

[1.003,1.004]

<0.001

0.999

[0.998,1.001]

0.356

0.999

[0.998,1.000]

0.011

1.000

[1.000,1.001]

0.282

1.000

[0.996,1.004]

0.935

Age group 18-29

0.012

[0.011,0.012]

<0.001

30-44

0.089

[0.087,0.090]

<0.001

45-59

0.471

[0.467,0.476]

<0.001

60-69

1.000

Ref

70-79

2.056

[2.038,2.073]

<0.001

80-89

4.015

[3.978,4.051]

<0.001

90+

6.430

[6.350,6.512]

<0.001

Male

1.000

Ref

Female

0.605

[0.601,0.608]

<0.001

Income deprivation score

3.536

[3.157,3.961]

<0.001

Employment deprivation score

1.514

[1.296,1.768]

<0.001

Education deprivation score

1.003

[1.002,1.003]

<0.001

% properties private rented

1.005

[1.004,1.005]

<0.001

% properties social rented

1.001

[1.001,1.002]

<0.001

% flats (of all dwellings)

0.998

[0.997,0.998]

<0.001

Urban

1.000

Ref

Town & Fringe

0.994

[0.981,1.007]

0.342

Rural

0.936

[0.923,0.950]

<0.001

Minimum winter temp C

1.000

[0.995,1.004]

0.899

Mean monthly precipitation mm

1.002

[1.002,1.003]

<0.001

Mean relative humidity %

1.000

[0.997,1.003]

0.95

Mean NO2 (µg/m3)

0.999

[0.998,1.000]

0.228

Mean O3 (µg/m3)

0.999

[0.998,1.001]

0.367

Mean PM2.5 (µg/m3)

0.940

[0.930,0.951]

<0.001

Loft insulation

a

Wall insulation

b

Full double/triple glazing

c

Rate of draught proofing measures

d

Rate of boiler replacement measures

e

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.4 National data: Asthma admissions and mean Energy Performance Certificate Ratings full
model results (n=31,481 LSOAs)
Total asthma admissions

RR

95% CI

p

LSOA mean EPC Rating

1.005

[1.004,1.006]

<0.001

Age group 18-29

1.500

[1.471,1.529]

<0.001

30-44

1.280

[1.257,1.303]

<0.001

45-59

1.190

[1.169,1.211]

<0.001

60-69

1.000

Ref

70-79

1.368

[1.339,1.397]

<0.001

80-89

1.828

[1.788,1.869]

<0.001

90+

2.205

[2.128,2.284]

<0.001

Male

1.000

Ref

Female

1.874

[1.853,1.894]

<0.001

Income deprivation score

5.356

[4.478,6.406]

<0.001

Employment deprivation score

1.521

[1.206,1.918]

<0.001

Education deprivation score

1.003

[1.002,1.004]

<0.001

% properties private rented

1.003

[1.002,1.004]

<0.001

% properties social rented

1.001

[1.000,1.002]

0.003

% flats (of all dwellings)

0.997

[0.996,0.997]

<0.001

Urban

1.000

Ref

Town & Fringe

0.952

[0.932,0.973]

<0.001

Rural

0.902

[0.878,0.927]

<0.001

Minimum winter temp C

1.003

[0.996,1.011]

0.386

Mean monthly precipitation mm

1.003

[1.002,1.003]

<0.001

Mean relative humidity %

0.994

[0.989,0.999]

0.029

Mean NO2 (µg/m3)

1.001

[1.000,1.003]

0.142

Mean O3 (µg/m3)

1.003

[1.001,1.006]

0.012

Mean PM2.5 (µg/m3)

0.928

[0.911,0.946]

<0.001

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.5 National data: COPD admissions and mean Energy Performance Certificate Ratings full
model results (n=31,481 LSOAs)
Total COPD admissions

RR

LSOA mean EPC Rating

1.011

[1.010,1.013]

<0.001

Age group 18-29

0.005

[0.004,0.005]

<0.001

30-44

0.028

[0.027,0.029]

<0.001

45-59

0.244

[0.240,0.249]

<0.001

60-69

1.000

Ref

70-79

2.183

[2.153,2.214]

<0.001

80-89

3.451

[3.400,3.504]

<0.001

90+

3.491

[3.411,3.574]

<0.001

Male

1.000

Ref

Female

0.775

[0.767,0.784]

<0.001

Income deprivation score

0.802

[0.668,0.963]

0.018

Employment deprivation score

17.353

95% CI

p

[13.597,22.148]

<0.001

Education deprivation score

1.009

[1.008,1.009]

<0.001

% properties private rented

1.013

[1.012,1.014]

<0.001

% properties social rented

1.013

[1.012,1.014]

<0.001

% flats (of all dwellings)

0.996

[0.995,0.997]

<0.001

Urban

1.000

Ref

Town & Fringe

0.969

[0.947,0.992]

0.008

Rural

0.881

[0.856,0.906]

<0.001

Minimum winter temp C

0.978

[0.970,0.986]

<0.001

Mean monthly precipitation mm

1.002

[1.001,1.002]

<0.001

Mean relative humidity %

1.011

[1.005,1.016]

<0.001

Mean NO2 (µg/m3)

1.001

[0.999,1.003]

0.523

Mean O3 (µg/m3)

0.990

[0.987,0.993]

<0.001

Mean PM2.5 (µg/m3)

0.957

[0.939,0.976]

<0.001

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.6 National data: CVD admissions and mean Energy Performance Certificate Ratings full
model results (n=31,481 LSOAs)
Total CVD admissions

RR

95% CI

p

LSOA mean EPC Rating

1.006

[1.005,1.007]

<0.001

Age group 18-29

0.012

[0.011,0.012]

<0.001

30-44

0.088

[0.087,0.090]

<0.001

45-59

0.471

[0.466,0.475]

<0.001

60-69

1.000

Ref

70-79

2.056

[2.039,2.074]

<0.001

80-89

4.017

[3.981,4.054]

<0.001

90+

6.438

[6.357,6.520]

<0.001

Male

1.000

Ref

Female

0.604

[0.601,0.608]

<0.001

Income deprivation score

4.061

[3.621,4.554]

<0.001

Employment deprivation score

1.736

[1.484,2.032]

<0.001

Education deprivation score

1.003

[1.002,1.003]

<0.001

% properties private rented

1.004

[1.004,1.005]

<0.001

% properties social rented

1.000

[0.999,1.001]

0.880

% flats (of all dwellings)

0.997

[0.997,0.998]

<0.001

Urban

1.000

Ref

Town & Fringe

0.994

[0.981,1.007]

0.369

Rural

0.954

[0.939,0.968]

<0.001

Minimum winter temp C

0.998

[0.994,1.002]

0.372

Mean monthly precipitation mm

1.002

[1.002,1.003]

<0.001

Mean relative humidity %

1.005

[1.002,1.008]

0.001

Mean NO2 (µg/m3)

0.999

[0.998,1.000]

0.096

Mean O3 (µg/m3)

0.998

[0.997,1.000]

0.044

Mean PM2.5 (µg/m3)

0.926

[0.916,0.936]

<0.001

a. ≥250mm loft insulation per 100 dwellings; b. Wall insulation per 100 dwellings; c. Full double/triple glazing per 100
dwellings; d. Measures per 100 dwellings; e. Measures per 100 dwellings.
RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.7: Devon data: Regression model results: Home Analytics energy efficiency metric
associations with 3-year winter hospital admission rates.
3-year winter admissions
Postcode energy efficiency indicators

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

0.696

[0.40, 1.21]

p

All dwellings in PC <250mm insulation

0.762

[0.44, 1.31]

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

1.017

[0.63, 1.64]

0.945

1.197

[0.73, 1.96]

0.475

All dwellings in PC single/partial

1.116

[0.50, 2.50]

0.790

1.052

[0.47, 2.35]

0.902

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

0.986

[0.70, 1.38]

0.934

0.807

[0.58, 1.13]

0.214

All dwellings in PC uninsulated

0.672

[0.46, 0.98]

0.039

0.632

[0.43, 0.93]

0.022

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.383

[0.99, 1.93]

0.055

1.116

[0.80, 1.56]

0.522

All dwellings in PC <250mm insulation

0.777

[0.56, 1.07]

0.126

0.751

[0.54, 1.04]

0.089

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

0.985

[0.75, 1.29]

0.916

1.244

[0.95, 1.62]

0.108

All dwellings in PC single/partial

0.756

[0.44, 1.29]

0.304

0.838

[0.48, 1.45]

0.526

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

1.288

[1.05, 1.58]

0.016

1.097

[0.89, 1.36]

0.395

All dwellings in PC uninsulated

0.869

[0.69, 1.10]

0.245

0.866

[0.68, 1.10]

0.241

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.302

[1.05, 1.62]

0.018

0.942

[0.75, 1.18]

0.599

All dwellings in PC <250mm insulation

0.793

[0.64, 0.98]

0.029

0.815

[0.66, 1.00]

0.053

Mixed loft insulation

1.000

Ref

1.000

Ref

All dwellings in PC 250+mm insulation

0.936

[0.79, 1.11]

0.453

1.007

[0.85, 1.20]

0.939

All dwellings in PC single/partial

1.058

[0.76, 1.48]

0.741

1.044

[0.75, 1.45]

0.797

Mixed glazing

1.000

Ref

1.000

Ref

All dwellings in PC double/triple

1.101

[0.96, 1.26]

0.156

0.992

[0.87, 1.13]

0.901

All dwellings in PC uninsulated

0.886

[0.77, 1.03]

0.106

0.823

[0.71, 0.95]

0.009

Mixed wall insulation

1.000

Ref

1.000

Ref

All dwellings in PC insulated

1.196

[1.05, 1.37]

1.078

[0.94, 1.23]

Asthma
0.329

0.201

COPD

CVD

0.008

0.274

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.8: Devon data: Regression model results: Home Analytics SAP Rating (% dwellings in
postcode rated A-C) associations with 3-year winter hospital admission rates.
3-year Winter
admissions
Crude model
Fully adjusted model
Postcode % SAP ABC

RR

95% CI

0-<0.25

1.000

Ref

0.25-<0.50

1.600

[1.02, 2.52]

0.50-<0.75

1.338

0.75-1.00

1.608

0-<0.25

1.000

Ref

0.25-<0.50

1.789

[1.33, 2.41]

0.50-<0.75

1.422

[1.08, 1.87]

0.75-1.00

2.096

[1.77, 2.48]

p

RR

95% CI

p

1.000

Ref

0.043

1.450

[0.91, 2.30]

0.116

[0.92, 1.94]

0.125

1.113

[0.75, 1.66]

0.601

[1.21, 2.13]

0.001

0.998

[0.72, 1.38]

0.990

1.000

Ref

0.000

1.304

[0.98, 1.74]

0.071

0.011

0.837

[0.63, 1.10]

0.208

<0.001

0.956

[0.78, 1.17]

0.661

Asthma

COPD

CVD
0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

1.174

[0.98, 1.40]

0.078

1.101

[0.92, 1.32]

0.290

0.50-<0.75

1.039

[0.88, 1.23]

0.660

0.930

[0.78, 1.11]

0.417

0.75-1.00

1.367

[1.22, 1.53]

<0.001

1.045

[0.92, 1.19]

0.495

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.9: Devon data: Regression model results: Home Analytics probability of fuel poverty
(mean probability across all dwellings in postcode) associations with 3-year winter hospital
admission rates.
3-year Winter admissions
Postcode mean fuel poverty
probability

Crude model

Fully adjusted model

RR

95% CI

p

RR

95% CI

0-<0.25

1.000

Ref

0.25-<0.50

1.092

[0.78, 1.53]

0.50-<0.75

1.172

0.75-1.00

1.445

0-<0.25

1.000

Ref

0.25-<0.50

0.823

[0.67, 1.02]

0.50-<0.75

0.458

[0.30, 0.71]

0.75-1.00

0.734

[0.35, 1.54]

0.411

p

1.000

Ref

0.605

1.194

[0.84, 1.69]

0.314

[0.69, 1.99]

0.556

1.290

[0.70, 2.37]

0.412

[0.63, 3.32]

0.386

1.540

[0.62, 3.80]

0.349

1.000

Ref

0.069

1.064

[0.83, 1.36]

0.620

<0.001

0.654

[0.40, 1.07]

0.090

1.140

[0.53, 2.47]

0.740

Asthma

COPD

CVD
0-<0.25

1.000

Ref

1.000

Ref

0.25-<0.50

0.894

[0.79, 1.01]

0.078

0.833

[0.72, 0.96]

0.012

0.50-<0.75

0.883

[0.70, 1.11]

0.290

0.763

[0.59, 0.98]

0.035

0.75-1.00

0.621

[0.40, 0.97]

0.035

0.507

[0.32, 0.80]

0.003
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Table A3.10. Devon data: Full regression model results: Home Analytics SAP Rating (% dwellings
in postcode rated A-C) associations with 3-year total hospital admission rates for asthma.
Total 3 year admissions
Asthma

Fully adjusted model
RR

95% CI

p

0-<25

1.00

Ref

25-<50

1.28

[0.85, 1.91]

0.232

50-<75

1.03

[0.74, 1.44]

0.847

75-100

0.90

[0.67, 1.19]

0.453

Age group 18-44

1.09

[0.80, 1.48]

0.598

45-59

1.17

[0.81, 1.68]

0.399

60-74

0.85

[0.62, 1.16]

0.303

75+

1.00

Ref

Male

1.00

Ref

Female

2.19

[1.65, 2.90]

<0.001

Income deprivation score

0.05

[0.00, 27.07]

0.346

Employment deprivation score

6.07

[0.01, 5,945.80]

0.608

Education deprivation score

1.00

[0.99, 1.02]

0.826

% Dwellings mid-terraced houses

1.00

[0.99, 1.00]

0.604

% Dwellings semi-detached houses

1.00

[0.99, 1.00]

0.664

% Dwellings detached houses

0.99

[0.99, 1.00]

0.010

% Households private rented

1.00

[1.00, 1.00]

0.962

% Households local authority rented

1.01

[1.00, 1.01]

<0.001

% Households housing association rented

1.01

[1.00, 1.01]

0.002

Urban

1.00

Ref

Town & Fringe

0.79

[0.56, 1.11]

Rural

0.74

[0.46, 1.22]

0.239

Minimum winter temperature 2006-15 (C)

0.44

[0.33, 0.59]

<0.001

Mean monthly precipitation 2006-15 (mm)

0.99

[0.98, 1.00]

0.037

Mean relative humidity 2006-15 (%)

1.13

[0.95, 1.34]

0.163

Mean NO2 2007-11 (µg/m3)

1.03

[1.01, 1.04]

0.006

Mean ozone 2007-11 (µg/m3)

1.17

[1.10, 1.24]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.18

[0.08, 0.39]

<0.001

Postcode % dwellings with SAP Rating ABC

0.173

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.11. Devon data: Full regression model results: Home Analytics SAP Rating (% dwellings
in postcode rated A-C) associations with 3-year total hospital admission rates for COPD.
Total 3 year admissions
COPD

Fully adjusted model
RR

95% CI

p

Postcode % dwellings with SAP Rating ABC
0-<25

1.00

Ref

25-<50

1.14

[0.87, 1.49]

0.348

50-<75

0.94

[0.74, 1.19]

0.608

75-100

0.88

[0.73, 1.06]

0.175

Age group 18-44

0.00

[0.00, 0.01]

<0.001

45-59

0.13

[0.11, 0.16]

<0.001

60-74

0.60

[0.53, 0.69]

<0.001

75+

1.00

Ref

Male

1.00

Ref

Female

0.73

[0.64, 0.83]

<0.001

16.36

[0.45, 595.84]

0.128

Employment deprivation score

0.17

[0.00, 7.88]

0.368

Education deprivation score

1.00

[0.99, 1.01]

0.973

% Dwellings mid-terraced houses

1.00

[0.99, 1.00]

0.099

% Dwellings semi-detached houses

1.00

[1.00, 1.00]

0.177

% Dwellings detached houses

0.99

[0.99, 1.00]

<0.001

% Households private rented

1.00

[1.00, 1.01]

0.038

% Households local authority rented

1.02

[1.02, 1.02]

<0.001

% Households housing association rented

1.01

[1.01, 1.02]

<0.001

Urban

1.00

Ref

Town & Fringe

0.72

[0.58, 0.89]

0.002

Rural

0.45

[0.35, 0.57]

<0.001

Minimum winter temperature 2006-15 (C)

0.30

[0.25, 0.37]

<0.001

Mean monthly precipitation 2006-15 (mm)

1.00

[0.99, 1.00]

0.193

Mean relative humidity 2006-15 (%)

1.03

[0.95, 1.12]

0.476

Mean NO2 2007-11 (µg/m3)

1.03

[1.01, 1.05]

<0.001

Mean ozone 2007-11 (µg/m3)

1.14

[1.10, 1.18]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.20

[0.14, 0.29]

<0.001

Income deprivation score

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.12. Devon data: Full regression model results: Home Analytics SAP Rating (% dwellings
in postcode rated A-C) associations with 3-year total hospital admission rates for CVD.
Total 3 year admissions
CVD

Fully adjusted model
RR

95% CI

p

Postcode % dwellings with SAP Rating ABC
0-<25

1.00

Ref

25-<50

0.89

[0.79, 1.01]

0.063

50-<75

1.05

[0.93, 1.17]

0.438

75-100

1.05

[0.97, 1.15]

0.244

Age group 18-44

0.01

[0.01, 0.02]

<0.001

45-59

0.13

[0.12, 0.14]

<0.001

60-74

0.33

[0.31, 0.35]

<0.001

75+

1.00

Ref

Male

1.00

Ref

Female

0.56

[0.53, 0.59]

<0.001

Income deprivation score

0.33

[0.07, 1.62]

0.172

Employment deprivation score

0.81

[0.15, 4.46]

0.811

Education deprivation score

1.00

[1.00, 1.01]

0.026

% Dwellings mid-terraced houses

1.00

[1.00, 1.00]

0.001

% Dwellings semi-detached houses

1.00

[1.00, 1.00]

0.005

% Dwellings detached houses

1.00

[1.00, 1.00]

0.109

% Households private rented

1.00

[1.00, 1.00]

0.025

% Households local authority rented

1.01

[1.01, 1.01]

<0.001

% Households housing association rented

1.00

[1.00, 1.01]

<0.001

Urban

1.00

Ref

Town & Fringe

0.98

[0.89, 1.07]

0.621

Rural

0.68

[0.62, 0.75]

<0.001

Minimum winter temperature 2006-15 (C)

0.43

[0.39, 0.46]

<0.001

Mean monthly precipitation 2006-15 (mm)

0.99

[0.99, 1.00]

<0.001

Mean relative humidity 2006-15 (%)

0.96

[0.93, 1.00]

0.062

Mean NO2 2007-11 (µg/m3)

1.02

[1.01, 1.03]

<0.001

Mean ozone 2007-11 (µg/m3)

1.08

[1.07, 1.10]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.32

[0.27, 0.38]

<0.001

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.13. Devon data: Full regression model results: Home Analytics probability of fuel poverty
(mean probability across all dwellings in postcode) associations with 3-year total hospital
admission rates for asthma.
Total 3 year admissions
Asthma

Fully adjusted model
RR

95% CI

p

0-<0.25

1.00

Ref

0.25-<0.50

1.06

[0.72, 1.55]

0.780

0.50-<0.75

0.70

[0.38, 1.28]

0.246

0.75-1.00

0.64

[0.22, 1.81]

0.395

Age group 18-44

1.09

[0.80, 1.49]

0.576

45-59

1.17

[0.82, 1.68]

0.389

60-74

0.85

[0.62, 1.16]

0.311

75+

1.00

Ref

Male

1.00

Ref

Female

2.18

[1.65, 2.88]

<0.001

Income deprivation score

0.04

[0.00, 23.25]

0.327

Employment deprivation score

7.03

[0.01, 5,723.41]

0.568

Education deprivation score

1.00

[0.99, 1.02]

0.859

% Dwellings mid-terraced houses

1.00

[0.99, 1.00]

0.616

% Dwellings semi-detached houses

1.00

[0.99, 1.00]

0.709

% Dwellings detached houses

0.99

[0.99, 1.00]

0.013

% Households private rented

1.00

[1.00, 1.00]

0.854

% Households local authority rented

1.01

[1.00, 1.01]

<0.001

% Households housing association rented

1.01

[1.00, 1.01]

0.002

Urban

1.00

Ref

Town & Fringe

0.79

[0.56, 1.10]

0.166

Rural

0.78

[0.50, 1.22]

0.272

Minimum winter temperature 2006-15 (C)

0.44

[0.33, 0.59]

<0.001

Mean monthly precipitation 2006-15 (mm)

0.99

[0.98, 1.00]

0.033

Mean relative humidity 2006-15 (%)

1.13

[0.96, 1.34]

0.142

Mean NO2 2007-11 (µg/m3)

1.03

[1.01, 1.04]

0.007

Mean ozone 2007-11 (µg/m3)

1.17

[1.10, 1.24]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.17

[0.08, 0.38]

<0.001

Postcode mean fuel poverty probability

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.14. Devon data: Full regression model results: Home Analytics probability of fuel poverty
(mean probability across all dwellings in postcode) associations with 3-year total hospital
admission rates for COPD.
Total 3 year admissions
COPD

Fully adjusted model
RR

95% CI

p

Postcode mean fuel poverty probability
0-<0.25

1.00

Ref

0.25-<0.50

0.94

[0.75, 1.18]

0.583

0.50-<0.75

0.96

[0.65, 1.42]

0.831

0.75-1.00

1.25

[0.71, 2.23]

0.438

Age group 18-44

0.00

[0.00, 0.01]

0.000

45-59

0.13

[0.11, 0.16]

0.000

60-74

0.60

[0.53, 0.69]

0.000

75+

1.00

Ref

Male

1.00

Ref

Female

0.73

[0.64, 0.83]

<0.001

Income deprivation score

17.49

[0.48, 638.99]

0.119

Employment deprivation score

0.17

[0.00, 7.66]

0.364

Education deprivation score

1.00

[0.99, 1.01]

0.904

% Dwellings mid-terraced houses

1.00

[0.99, 1.00]

0.125

% Dwellings semi-detached houses

1.00

[1.00, 1.00]

0.252

% Dwellings detached houses

0.99

[0.99, 1.00]

<0.001

% Households private rented

1.00

[1.00, 1.01]

0.044

% Households local authority rented

1.02

[1.02, 1.02]

<0.001

% Households housing association rented

1.01

[1.01, 1.02]

<0.001

Urban

1.00

Ref

Town & Fringe

0.72

[0.58, 0.89]

0.003

Rural

0.46

[0.35, 0.60]

<0.001

Minimum winter temperature 2006-15 (C)

0.31

[0.25, 0.37]

<0.001

Mean monthly precipitation 2006-15 (mm)

1.00

[0.99, 1.00]

0.167

Mean relative humidity 2006-15 (%)

1.03

[0.95, 1.13]

0.470

Mean NO2 2007-11 (µg/m3)

1.03

[1.01, 1.05]

<0.001

Mean ozone 2007-11 (µg/m3)

1.14

[1.10, 1.18]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.20

[0.14, 0.29]

<0.001

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Table A3.15. Devon data: Full regression model results: Home Analytics probability of fuel poverty
(mean probability across all dwellings in postcode) associations with 3-year total hospital
admission rates for CVD.
Total 3 year admissions
CVD

Fully adjusted model
RR

95% CI

p

Postcode mean fuel poverty probability
0-<0.25

1.00

Ref

0.25-<0.50

0.92

[0.84, 1.01]

0.085

0.50-<0.75

0.77

[0.66, 0.90]

0.001

0.75-1.00

0.71

[0.54, 0.95]

0.019

Age group 18-44

0.01

[0.01, 0.02]

<0.001

45-59

0.13

[0.12, 0.14]

<0.001

60-74

0.33

[0.31, 0.35]

<0.001

75+

1.00

Ref

Male

1.00

Ref

Female

0.56

[0.53, 0.59]

<0.001

Income deprivation score

0.35

[0.07, 1.72]

0.197

Employment deprivation score

0.81

[0.15, 4.47]

0.812

Education deprivation score

1.01

[1.00, 1.01]

0.023

% Dwellings mid-terraced houses

1.00

[1.00, 1.00]

<0.001

% Dwellings semi-detached houses

1.00

[1.00, 1.00]

0.001

% Dwellings detached houses

1.00

[1.00, 1.00]

0.077

% Households private rented

1.00

[1.00, 1.00]

0.067

% Households local authority rented

1.01

[1.01, 1.01]

<0.001

% Households housing association rented

1.00

[1.00, 1.01]

<0.001

Urban

1.00

Ref

Town & Fringe

0.98

[0.90, 1.08]

0.705

Rural

0.73

[0.66, 0.82]

<0.001

Minimum winter temperature 2006-15 (C)

0.42

[0.39, 0.46]

<0.001

Mean monthly precipitation 2006-15 (mm)

1.00

[0.99, 1.00]

0.001

Mean relative humidity 2006-15 (%)

0.97

[0.93, 1.01]

0.115

Mean NO2 2007-11 (µg/m3)

1.02

[1.01, 1.03]

<0.001

Mean ozone 2007-11 (µg/m3)

1.09

[1.07, 1.10]

<0.001

Mean PM2.5 2007-11 (µg/m3)

0.31

[0.27, 0.37]

<0.001

RR: Rate Ratio; CI: Confidence Interval; p: p-value
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Annex 4. Project impact and dissemination
The project has been presented at the Public Health England conference (Warwick, September
2017) and an internal research conference (University of Exeter Medical School, 2017). The
project has also been published on the websites of the European Centre for the Environment
and Human Health and the Energy Saving Trust’s blog
http://www.energysavingtrust.org.uk/blog/testing-association-between-homes-and-health. In
Cornwall, the results from the project have influenced the development of a fuel poverty toolkit,
the Directors of Public Health’s annual report and a successful health and housing round table
event with key academic and non-academic stakeholders (Cornwall Council, 2017). This project
has also helped inform the development of a large European Structure Investment Funded
project worth 4.5 million Euros (the Smartline project https://www.smartline.org.uk/). This has
informed work stream 1 of Smartline, which aims to further investigate the interaction between
household energy efficiency levels, indoor air quality and health.
We have also submitted a review paper for publication (R.A. Sharpe, Taylor, T, Fleming, L.E.,
Morrissey, K & Wigglesworth, R. Housing and Health in developed countries: A critical
synthesis), which acknowledges this project and funding from the Eaga Charitable Trust. We will
also be publishing the results of this project in a peer reviewed journal, which will be
communicated via the European Centre for the Environment and Human Health web page and
other media outlets.
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