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Appendix 1 – Energy performance and exposure 

modelling 

Indoor exposure modelling details 

The pollutant exposure modelling used CONTAMv2.4c, which is a validated multi-zone airflow and 

pollutant transport simulation tool[1,2].  Five contaminants are modelled: second-hand tobacco smoke 

(STS), PM2.5 from internal sources, PM2.5 from external sources, radon, and moisture (as a 

precursor for mould).  A series of pollutant sources and sinks were placed within appropriate building 

zones. External concentrations of pollutants were specified where relevant. The CONTAM models 

then predict the concentrations of the pollutants within each building zone every 15 minutes for a year. 

Models were created only for the ground-floor flats and the radon concentrations for first-floor flats 

were assumed to be half this, and for second-floor or higher flats were assumed to be zero.  In 

modelling the indoor environment, we assumed that occupants opened windows during summer 

daytime hours (i.e. 9 AM to 5 PM) and whenever using the kitchen and bathroom, trickle vents were 

open at all times and extract fans were used whenever present in the kitchen or bathroom. 

From the CONTAM model outputs, annual average indoors pollutant concentrations (weighted to 

reflect exposure levels experienced around the home – with 45% of the occupant time in the living 

room, 45% in the bedroom and 10% in the kitchen) within the archetype dwellings for a range of 

permeability’s (i.e. 0.5 to 30 m3m-2hr-1).  Interpolation using a 4th-order polynomial was used to 

estimate concentrations for permeability’s not directly modelled in CONTAM.  The permeability for 

each EHS dwelling was calculated using a physics-based method that uses details relevant to air 

infiltration, i.e. openings and cracks in the fabric (walls, windows, flues, vents, etc…) and normalises 

this by a fabric to volume ratio.  Each EHS dwelling was matched into one of the 16x4 archetype and 

ventilation categories and the exposure concentrations were calculated using the pollutant models.  

The heat loss due to overall permeability for each dwelling is calculated by using the infiltration level, 

building volume and heat capacity of air.[3] 
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For the purposes of this paper, to determine the dwellings that exhibit problems of mould or 

inadequate ventilation we used information from the EHS under the ‘Interior’ and ‘Damp’ data tables. 

Ventilation types and problems are presented in Appendix Table 1. 

 

Appendix Table 1 - Type of ventilation in English dwellings and dwellings experiencing ventilation-related 
problems, as defined in the EHS 

Ventilation type N Dwellings 

Window opening only 13,502,140  

Window trickle vents 675,490  

Extract fans 3,078,700  

Trickle vents and extract fans 2,175,050  

Perceptible ventilation problem 

 Broken extract fan in kitchen or bathroom(s) 48,830  

Higher than average risk of damp and mould 899,920  

Condensation in bathroom or kitchen 278,520  

Inadequate ventilation in bathroom or kitchen 91,260  

Inadequate ventilation in living room or bedroom 107,390  

Condensation in living room or bedroom 164,710  

All dwellings with an above problem 1,165,380  

 

An estimate of the thermal performance of the EHS dwellings was also made using a buildings-

physics based approach to determine the overall dwelling heat loss through the fabric along with its 

airtightness (i.e. infiltration).[3]  The fabric heat loss1 (W/K) for each EHS dwelling is calculated using 

U-values (Wm-2K-1) for each building fabric feature (i.e. walls, windows, doors, floor) inferred from the 

dwelling age, wall construction and location along with the area (m2).[4] We used the calculated 

dwelling heat loss along with the overall heat system efficiency to estimate the standardised indoor 

temperature for each dwelling[5,6].  The method estimates the internal living room and bedroom 

temperature standardised for an external temperature of 5 °C to reflect winter conditions; the living 

room and bedroom temperature are averaged to estimate the whole house average.  The method 

accounted for the likely occupant behaviour response to heating older leakier homes, i.e. older less 

efficient dwellings are harder to heat and have lower internal temperatures at 5 °C outdoors, even 

accounting for incomes,[5].  Dwellings with high E-values (the least energy efficient homes) have the 

lowest indoor temperatures, and temperatures increase approximately linearly as E-values fall, i.e. 

with improving energy efficiency (Appendix Figure 1). The SIT reaches a plateau of around 18.2°C at 

E-values to the left of the inflexion point at around 250 W/K, suggesting that this is a temperature 

which the average householder living in a reasonably energy efficient home considers sufficient for 

comfort. Risk of mould growth for each EHS dwelling was calculated using the standardized internal 

temperature estimate and moisture concentration modelling in CONTAM. 

                                                      
1 Heat loss is defined as the thermal energy lost for every degree difference between the indoor and outdoor 
temperature measured in W/K. 
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Appendix Figure 1 - Standardized daytime living room temperature and standardized night time bedroom 
temperature against required rate of energy consumption to maintain steady state temperature (A and B) 
and. Graphs show predicted values and 95% confidence intervals. From Oreszczyn et al. (2006) 

 

The change in exposure concentrations (∆) for each EHS dwelling was determined by modelling a 

base-case scenario and then with the subsequent energy efficiency retrofits in all eligible houses for 

the specified scenarios.  The efficiency retrofits were modelled by making an adjustment to the 

relevant building component (see Appendix Table 4 below).  This building-physics approach 

accounted for the determinants of indoor environmental exposures; see Appendix Figure 2 for 

example. 



 

  4 

 

Appendix Figure 2 - Pathways of fabric efficiency retrofits to indoor temperature 

 

Energy Performance 

The modelled estimates for the base case energy performance were compared against observed 

national and sample stock distributions to check the accuracy of the model outputs, see Appendix 

Table 2 and Appendix Figure 3.[5,7–10]  The modelled average dwelling fabric heat loss is 274 W/K 

and is greater than both Warm Front and national modelled estimates.[8,11]  The modelled average 

heat system efficiency is 76% compared to national estimates of 74%.[11] The modelled mean English 

dwelling permeability is 14 m3m-2hr-1 compared to 17 m3m-2hr-1 in Warm Front and 14 m3m-2hr-1 from 

an observed national survey.[7,9]  The modelled English dwelling exposure concentrations (STS, 

PM2.5, radon, temperature and mould) were compared with relevant observed surveys and found to 

be very close or within a range in all cases but mould, see Appendix Table 3.[5,12–17]  These 

comparisons provide some confidence that the building energy and ventilation performance in our 

model represents the observed distribution of performance among the dwelling stock.  Also, the model 

is also able to estimate the observed range of indoor temperatures and pollutant levels. 
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Appendix Table 2 – Comparison of modelled English housing stock building performance and values 
from Warm Front and national estimates (DECC) and surveys (Stephen) 

 
Modelled Warm Fronta National 

Building Performance Mean Mean Source Mean Source 

Fabric heat loss (W/K) 274 224 Oreszczyn et al. 2006 203.8 DECC, 2012 

Heat system efficiency (%) 76% 67% Hong et al. 2009 74% DECC, 2012 

Permeability (m3m-2hr-1) 13.8 17.2 Hong et al. 2006 13.9 Stephen, 1998 

Note: aWarm Front Study 

 

 

 

 

Appendix Figure 3 – Comparison of modelled English housing stock fabric heat loss and fabric 
permeability compared to Warm Front and BRE survey 

 

 

Appendix Table 3 – Comparison of modelled English housing stock exposure concentrations and 
observed survey or estimates of concentrations in houses 

Exposures Modelled Comparison Source 

Temperature - living room (°C) 18.6 17.9 - 19.1 Oreszczyn et al. 2006, Hong et al. 
2006, OPDM 1998 

Temperature - bedroom (°C) 17.1 15.9 - 18.5 Oreszczyn et al. 2006, Hong et al. 
2006, OPDM 1998 

Indoora PM2.5 (μg/m2) 17 17 - 25 Hanninan et al. 2004, Dimitroupolou 
et al. 2006 

Indoor PM2.5
b 10.9 9.3* Shrubsole et al. 2012 

Outdoor PM2.5 6.1 6.1* Shrubsole et al. 2012 

Radon (Bq/m3) 26.2 21 Gray et al. 2009 

Mould (% with MSI >1) 11.5 14.6 - 21.2 OPDM 1998, Oreszczyn et al. 2006 

% of homes with smoker 21.2 21 ONS 2008 

Note: a) Weighted average values of kitchen (10%), lounge (45%) and bedroom (45%); b) Indoor sources of 
PM2.5 relate to cooking only with an emission rate of 1.6 μg/min; * Indicates modelled estimate. 
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Appendix Table 4 – Energy efficiency improvement values used in building physics modelling of indoor 
environmental condition changes 

Intervention Type Component Value Unit Source 

Lofts to 250mm Insulation Roof u-value 0.22 W/m2 K RdSAP v9.83 2005 

Infiltration Direct adjustment 0.10 Nach* Hong et al, 2004 

Wall Insulation 
(Solid External) 

Insulation External wall u-value 0.58 W/m2 K RdSAP v9.83 2005 

Infiltration Direct adjustment 0.2 Nach Hong et al, 2004 

Wall Insulation 
(Cavity fill) 

Insulation External wall u-value 0.33 W/m2 K RdSAP v9.83 2005 

Infiltration Direct adjustment 0.20 Nach Hong et al, 2004 

Double Glazing Insulation Glazing u-value 2.00 W/m2 K RdSAP v9.83 2005 

Infiltration Draught stripping 
percentage 

0.98 Nach Hong et al, 2004 

Install Condensing 
Boilers 

Efficiency Main system efficiency 93 % RdSAP v9.83 2005 

Draught Proofing Infiltration Floor infiltration 0.10 Nach RdSAP v9.83 2005 

Infiltration Glazing draught stripping 
percentage 

0.98 Nach RdSAP v9.83 2005 

Infiltration Direct adjustment 0.20 Nach Hong et al, 2004 

Notes: * Nach = Number of air changes per hour 
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Appendix 2 – English Housing Energy Efficiency 

Housing stock 

The model uses the house and household stock from the 2010 English Housing Survey (EHS), 

conducted over the years 2010 and 2011, as the basis for the modelling.  The EHS provides a 

statistically random representative sample of the English stock on which the health impact of energy 

efficiency interventions can be modelled. 

The EHS survey collects information on the overall condition of English homes and the households 

living in them.  The survey provides data on key housing stock characteristics (including age, type and 

size) and households (age, tenure, number of occupants, income, vulnerability) based on physical 

surveys and interviews.  The surveyed ‘dwelling sample’ of properties where physical inspections were 

carried out contains 16,150 occupied or vacant dwellings, or 0.7% of the housing stock of 22.2 million 

dwellings in England [18].  The EHS provide a factor with which to weight variables in order to 

represent houses or households in England.  For the purpose of the modelling, the houses weighting 

was used as it represents the occupants of the dwellings that will be affected by energy efficiency 

improvements. 

The EHS includes details on the household occupants of the surveyed houses.  The occupant details 

include their age, sex, employment status, smoking practices, income and a number of other features.  

The occupant variables used in the modelling relate only to age, sex and whether an active smoker 

lives in a house. 

Converting the EHS for building efficiency modelling input 

In order to use the EHS housing stock data in the modelling, the EHS data must undergo a conversion 

process in order to create a set of key input variables required for calculating the ventilation 

characteristics and thermal performance [4].  The building physics component of the model uses the 

Standard Assessment Procedure (SAP) as the core calculation method to predict the ventilation and 

fabric heat loss and heat system efficiency. 

The conversion process uses variables collected in the EHS in order to infer features that are 

necessary to run a SAP-like estimation of the building efficiency.  These include details such as: 

dwelling and household information, geometry, ventilation, fabric heat loss, and space heating 

systems, see Appendix Table 5. 
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Appendix Table 5 - Building characteristics and components from EHS conversion 

Characteristic Component 

Geometry 
Gross floor area (GFA), volume, number of storeys, storey height, façade area, fabric 
component area (glazing, doors, party walls, roof, ground floor) 

Glazing Type, draught proofing 

U-values Glazing, roof, external walls, party walls, doors, thermal bridges, thermal mass parameter 

Walls Wall type, thickness,  

Infiltration Floor, fabric, draught lobby, additional infiltration, chimneys, flues, fans and passive vents 

Heat system Type, efficiency 

 

Energy efficiency retrofits 

Changes in exposures are made through the introduction of energy efficiency retrofits to those 

dwelling variants not already having had such an intervention as determined by the EHS. 

Retrofits are applied by altering key parameters within the building efficiency modelling.  Sources for 

the changes to fabric heat loss are draw from RdSAP version 9.83 [3], which provides several tables 

relating to u-values of dwelling components with varying levels of energy efficiency.  For airtightness 

adjustments, research from Warm Front that assessed the impact of retrofits on airtightness is used to 

determine the adjustment to dwelling infiltration rates post-intervention [7].  

Dwellings are deemed eligible based on rules that relate to each component or where an EHS variable 

exists. The rules for each retrofit are: 

 Lofts to 250mm: EHS variable (EPulin05e) ‘Energy upgrade loft insulation’ recorded as ‘Yes’ 

 Solid Wall Insulation: EHS variable (wallinsx) ‘type of wall and insulation’ recorded as ‘other’ 

 Cavity Wall: EHS variable (wallinsx) ‘type of wall and insulation’ recorded as ‘cavity 

uninsulated’ 

 New Double Glazing: Modified EHS variable (typewin) ‘Predominant type of window’ 

combined to form three groups, single, double, mixed, recorded as ‘single’ 

 Install Condensing Boilers: EHS variable (EPublr5e) ‘Energy upgrade boiler’ recorded as ‘Yes’ 

 Draught Stripping: All dwelling with infiltration >7 m3m-2hr-1 are eligible for draught stripping 

 Trickle vents: All dwellings with no trickle vents 

 Extract fans: All dwellings with no extract fan systems or trickle vents only 
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Appendix 3 – Disease onset time functions 

 

In reality, following an intervention, a change in exposure may not lead to an immediate change in a 

health outcome in the population. There would likely be a delay that differs by disease and whether 

there was a beneficial effect on the disease risk (i.e. positive health impact) or an increase in the 

disease risk (i.e. negative health impact).  For example, an increase in radon exposure would lead to 

almost no increase in lung cancer risk in the population for several years due to the latency period of 

the disease.[19]  To account for this, disease-specific time functions were incorporated to account for 

disease onset and cessation lags over time (see Appendix Figure 4). The time lag functions were 

based on empirical evidence of the effect of exposure changes on mortality over time, where 

available, as in the work on smoking cessation and PM2.5.[20,21]  However, where such evidence was 

not yet available, the shapes of the time lags were based on plausible assumptions regarding disease 

progression over time. 

In this study, time lags were applied to the initial cohort over a period of 50 years into the future, for 

which the output from the life tables were age-specific changes in life years (LYs) accumulated over 

the period.  Independent multiple health impact assessments were performed for each exposure-

health outcome pathway over the full range of expected exposure changes (increases and decreases) 

for which age- and sex-specific relationships between changes in exposure and cumulative changes in 

life years over 50 years were determined.  

Using this approach requires several assumptions regarding the life tables and mortality and morbidity 

impact, for example: mortality rates vary only with age and sex; changes in exposure affect mortality 

risk at all ages; the age- and cause- specific baseline mortality rates do not change over time; and, the 

time lags in risk follow an appropriate time profile.  For morbidity these include: the baseline 

prevalence is not age- or sex- dependant (for direct estimates); morbidity does not depend on e.g. 

socio-economic factors, underlying health status, etc.; baseline population disease prevalence is 

assumed to represent an individual’s probability of having the disease (direct estimates); and a fixed 

ratio exists between mortality and morbidity impacts at the population level (indirect estimates).  There 

may also be other disease- exposure specific assumptions, for example that mould is associated with 

respiratory illness in children only (up to age 14) and temperature is associated with mental health in 

adults only (age 16 and over) during winter months. 
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Appendix Figure 4 – Lag functions used for modelling the impact of cardiovascular, cardiopulmonary, 
myocardial infarction and lung cancer mortality following changes in exposure 
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Appendix 4: Probabilistic sampling of exposure 

determinants 

Sampling of exposure-determinants (intervention impact) 

Uncertainty in the exposure-determinants (i.e. interventions) was captured by sampling from a 

distribution around the mean change in the physical building component associated with an 

intervention. The mean values were derived from the RdSAP estimates. Where no estimate of the 

standard error was known, a standard approach of using 10% of the parameter mean for the standard 

error was used.[22]  Normal distributions were used to specify the uncertainty in the exposure-

determinants. For heating and insulation interventions, the means were desired target levels and 

therefore likely to be normally distributed. For ventilation changes, there is limited available evidence 

and therefore normal distributions were also specified.  

Sampling of exposure-response functions 

Using a similar approach to the interventions, shape parameters were defined for each exposure- 

outcome pathway using estimates of 95% credibility intervals (CI) from the original source references, 

where available. Normal distributions based on the CI of the central estimates were used for the 

relative risks; however, where the uncertainty was great or the evidence was limited, uniform 

distributions (i.e. uninformative prior) over an appropriate range were used. Normal distributions were 

applied to the relative risks associated with cardiovascular disease, common mental disorder, and 

asthma. 

Sampling of utility weights 

Since there is variation in the utilities within each disease category, utility weights for morbidity 

estimates were sampled using uniform distributions with +/- 10% as the upper and lower level ranges. 

These were applied to CVD, stroke, heart attack, CMD, and asthma. 
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Appendix 5: Loss of life expectancy with cold death 

 

Modelling health impact related to changes in indoor temperature draws on analysis by Wilkinson et 

al. 2001 on the change in excess winter death (as a ratio of non-winter death) due to cardio-vascular 

disease (CVD).  The relationship is from a time-series analysis of mortality data and indoor 

temperatures, standardised to 5 °C during the winter daytime [23].  The analysis provided a trend 

estimate of 2% reduction in winter: non-winter ratio of CVD, adjusted for deprivation and variation in 

excess winter death (EWD) by region, per increase in indoor hall temperature.  In this modelling, the 

impact of changes in standardised temperature is used to determine the change in EWD [5]. 

Among the multiple uncertainties relating to the quantification of the impact of cold-related deaths is 

the loss of life expectancy associated with each cold death.  Cold does not induce new disease or 

events, but rather accelerates events (especially cardiovascular events) in people with pre-existing 

sub-clinical or clinical disease. For example, the additional people dying from a heart attack or stroke 

on cold days will be people with already established atherosclerosis in whom the effect of cold is 

sufficient to precipitate (early) the thrombotic obstruction of an already narrowed coronary or cerebral 

artery. Such a thrombotic obstruction would have been likely to occur eventually anyway, but the 

patho-physiological effects of cold bring about the obstruction at a point earlier than it would otherwise 

have occurred – with consequential clinical sequelae including death in some cases. 

In consequence, it is likely that the people who die of cold-related events are people who have shorter 

than average life expectancy. The difficulty for modelling of cold-related QALYs is that the risks of 

cold-related death are determined from time-series studies from which it is impossible to determine the 

degree of life-shortening (i.e. loss of life expectancy). 

Applying relative risks for cold death derived from time-series studies to life tables makes the implicit 

assumption that those who die of cold are representative of the population as a whole and therefore 

have average age-specific life expectancy.  This is almost certainly untrue given that in nearly all 

cases they must have pre-existing underlying disease. 

To address this, we have examined the effect of assuming that those vulnerable to cold fall into a high 

risk sub-group of the population with elevated underlying risk of cardiovascular death.  This was done 

through life tables set up to include all-cause and cardiovascular mortality in England and Wales and 

considered remaining life expectancy at age 70 (to represent older populations at higher risk of cold-

related mortality).  We divided the population into two groups: a “high risk” group (of cold-related 

mortality) and a “low risk” group (i.e. the rest of the population).  We then performed life table 

simulations to examine the effect on remaining life expectancy in the high risk group (relative to the 

low risk group) as a function of (i) its size as a proportion of the total population, and (ii) the elevation 

of risk (relative risk) in the high risk group compared to the remainder of the population (i.e. 

concentrating the level of cardiovascular risk in the high risk group).  Results are show in Appendix 

Table 6. 
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Appendix Table 6 – Relationship between cardiovascular high-risk group size and life expectancy 

Proportion of the population in the 
group assumed to be at high-risk for 

cardiovascular events 

Approx. remaining life 
expectancy at age 70 in 

high risk group* 
(years) 

Approx. life expectancy in high 
risk group relative to that 

calculated using population 
average mortality rates 

100%  
(i.e. whole population equally at risk = 

default of applying time-series cold relative 
risk to life table) 

14.5 100% 

10% 7.5 50% 
5% 5.5 38% 
1% <3 21% 

0.1% ~1 7% 

*For a given size of the high risk group (as a proportion of the total population), the life expectancy declined with 
the increasing relative risk for cardiovascular death in that group.  However, the decline showed considerable 
flattening after a relative risk of around 20 or so.  The results shown here are the ‘effective asymptote’ of life 
expectancy for the high risk group at high relative risk.   

 

From this it can be seen, for example, that if the vulnerable population at risk of cold death can be 

assumed to be around 10% of the population, then their life expectancy will be only around half that of 

the population as a whole. Likewise, if the vulnerable high risk group is assumed to be 1% of the 

population, life expectancy would be little more than a fifth of that in the population as a whole. 

Using these figures, we calculate several alternative estimates for the loss of life expectancy 

associated with cold-related death, using correction factors to the original life-table estimates as 

suggested by the figures in the last column of the table above. Specifically, the modelling output gives 

three additional estimates to the (uncorrected) life-table calculations, with ‘global’ correction factors of 

0.38, 0.21 and 0.07 to the total of loss of life expectancy (and hence of QALYs) corresponding to 

assumptions that the high risk group vulnerable to cold death is confined to 5%, 1% and 0.1% of the 

population respectively. 
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