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This analysis compares the difference between the Energy Performance Certificate (EPC)-modelled and
smart-meter measured annual energy use on a like-for-like basis in 1,374 gas-heated British households
from the Smart Energy Research Lab (SERL) Observatory. EPCs and metered energy use were converted to
primary energy use intensity (PEUI) to provide a comparison of the same quantity for the first time.
We show that EPCs predict significantly more energy use than metered in homes in Great Britain. EPC

bands A and B show no statistically significant difference, but all other bands show a significant gap
which increases as EPC rating worsens. The PEUI gap widens from �26 kWh/yr/m2 (�8%) for band C to
�276 kWh/y/m2 (�48%) for bands F and G. Unlike previous research, we show that the difference persists
in homes matching the EPC-model assumptions regarding occupancy, thermostat set-point and whole-
home heating; suggesting that occupant behaviour is unlikely to fully explain the discrepancy.
EPCs are a core tool in the residential energy sector, and the gap between EPC-modelled and metered

energy use could have a significant impact on policy, research, and industry. Future research should
investigate disaggregated components of energy use, the underlying thermal model, and assumptions
regarding building characteristics.

� 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Energy Performance Certificates (EPCs) were introduced to
increase consumer awareness of building energy efficiency, and
have been required at the point of sale, rent or construction of a
building in Europe since 2013 under the European Building Perfor-
mance Directive (EBPD) [17]. They have been in use in the UK since
2007 [31] and are still required following departure from the Euro-
pean Union. Since their introduction, 23 million EPC records have
been generated in the UK, with over 1.5 million EPCs lodged in
England in the 12 months to December 2021 [14].

In the UK, EPCs rate the energy efficiency of homes using an A –
G rating system, where homes in band A are rated as the least
expensive to run (most efficient). EPCs are increasingly used to
support the net zero transition; for example rental properties in
England and Wales are required to be rated EPC-E or above as part
of the domestic Minimum Energy Efficiency Standard (MEES) [21],
and the UK government has an aspiration that all homes, where
feasible, are EPC-C rated by 2035 [31]. The model underlying the
EPC is also used in official fuel poverty statistics in England,
whereby homes in bands A-C (inclusive) cannot be classed as fuel
poor since their energy expenditure is expected to be low [6].

EPCs are not intended to give a prediction of the actual energy
use of a particular home as they assume normative consumption.
However, to be as effective as possible given their current uses,
on average they should provide a reasonably accurate measure of
the regulated energy use. This leads to our first research question:

- Is there a significant difference between metered primary
energy use intensity (PEUI) and EPC-modelled PEUI?

Additionally, any systematic difference between metered and
modelled energy use should be independent of the modelled
energy use, ideally there should be a 1:1 linear relationship
between EPCmodelled and actual energy use. This leads to our sec-
ond research question:

- What is the relationship between metered PEUI and EPC-
modelled PEUI?
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Existing research has been unable to control for factors that
may plausibly contribute to discrepancies between modelled and
actual energy use, this leads to our final research question:

- How does the relationship between metered PEUI and EPC-
modelled PEUI change while controlling for EPC band and other
key variables, including agreement with the EPC-modelled
occupancy and heating assumptions?

We test these relationships using the detailed Smart Energy
Research Lab (SERL) Observatory data [15]and present the first
like-for-like comparison of the same quantity between the EPC-
modelled and metered energy use in the UK. SERL is a UK research
council funded project which brings together, for the first time,
electricity and gas smart meter data alongside a participant survey,
EPC, weather, and location data for a representative sample of over
13,000 households in Great Britain (GB). Webborn et al. [38] find
that the SERL data provides a much wider array of energy demand
co-variates and more detailed energy use data than had previously
been reported in the literature, while McKenna et al. [30] find that
the covariates within the SERL Observatory provide good explana-
tory power for the variation in daily energy demand.

The following section presents the EPC process in the UK and
then explores the literature on the difference between metered
and EPC-modelled energy use. Section 3 describes the SERL Obser-
vatory data and methods used for comparing the metered and EPC-
modelled energy use in detail. The results are presented in Sec-
tion 4 alongside a discussion of their implications, possible causes
of the discrepancy and future research are explored in Section 5,
with the main conclusions summarised in Section 6.
2. Literature review

2.1. EPC assessment in the UK

The primary EPC banding (A to G) is based on the modelled cost
per floor area. In the UK, the model underlying the EPC is the Stan-
dard Assessment Procedure (SAP) [7]. SAP uses factors relating to
the physical building (e.g. building form, insulation, solar gains,
heating system efficiency) and assumptions regarding the occu-
pancy and heating schedule to calculate the regulated energy use
of the building. The ‘regulated energy use’ refers to demand from
fixed elements in the building; in the UK this is energy for space
and water heating and associated fans, pumps and controls, and
fixed lighting, but excluding appliances and cooking [10].

The EPC reports the annual primary energy use intensity (PEUI)
calculated using SAP with assumed local weather profiles, provided
for each region within the SAP 2012 documentation (see Appendix
U of SAP 2012) [7]. The EBPD requires that the energy use is
reported as PEUI, rather than delivered energy use intensity. Pri-
mary energy is the amount of energy contained in the raw
resources used to generate electricity or contained in gas, losses
occur in transformation of the energy resource into electricity
and in transmission of electricity and gas. The energy consumed
by the end users in their home is known as delivered energy.

For the fuel cost output (which the EPC rating is based on) the
regulated energy use is calculated assuming average UK weather,
which is then converted to cost using the assumed fuel prices
including standing charges. This cost is normalised by floor area
and the most expensive homes to run receive a G rating, and the
least expensive an A rating.

As a result, identical homes in different parts of the country
would have the same EPC rating and be in the same band since
these metrics use UK average weather, but the home in a colder
location will report greater PEUI as this metric uses local weather.
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Moreover, two homes with the same delivered energy require-
ments could be in different bands and report different PEUI
depending on the fuel used. For example, electricity is both more
expensive and has a higher primary energy factor than gas, so elec-
trically heated homes will tend to be in worse EPC bands and show
higher PEUI.

In the UK, EPCs are generated for most new homes using a full
SAP procedure whereby the energy assessor uses detailed charac-
teristics as inputs to the SAP model, since these should be known
from the building plans. However, for most existing buildings EPCs
are generated using a Reduced Data Standard Assessment Proce-
dure (RdSAP); details are provided in Appendix S of SAP 2012 [7].
RdSAP is used when all the inputs required for running the SAP
model are not available, it defines defaults and conventions based
on observable characteristics of the building to provide missing
inputs. Thus, the calculation of an EPC using both the full SAP
and RdSAP procedures use the same underlying model, but for
RdSAP some input values are estimated. In the following, we use
‘SAP model’ or ‘EPC model’ to mean the underlying calculations
used to generate the EPC rating and associated parameters, and
‘RdSAP procedure’ and ‘SAP procedure’ to refer to the processes
of generating an EPC including the assessment by an energy asses-
sor and assigning the values to use as inputs to the SAP model.

2.2. Should EPC-modelled and actual energy consumption match?

A discrepancy between modelled and actual energy use would
be expected both because of complexities in real buildings, such
as:

- Issues associated with build quality,
- Errors in the inputs to the model due to surveyor errors,
- Simplifications in the underlying model of the building physics,

And because SAP makes normative assumptions about the use
of energy in homes. It does not attempt to calculate how much
energy a particular home will use given its current occupant in a
particular year. Thus, EPC-modelled annual energy use would be
expected to be different to metered energy use for (at least) the fol-
lowing reasons:

- the occupants may behave differently than the model, for
example they may heat to a different temperature than 21 ⁰C
(assumed by the SAP model in the living space), for a different
number of hours, or for a different number of months in the
year, and they may not heat the whole home,

- the weather may be different to that assumed in the model,
- the occupants may use unmetered energy (such as oil boilers or
wood burning stoves).

Despite these reasons for disagreement on a household level,
ideally, given a large enough sample to average out occupant vari-
ations, EPCs should provide a reasonably good agreement with
metered energy use. This is important because, as noted above,
EPCs underpin research and government modelling of energy
demand, carbon emissions and fuel poverty in the residential sec-
tor. Moreover, since EPCs are primarily intended as a product rat-
ing tool, if homes are compared then the differences in EPC-
modelled energy use should be representative of differences in
actual regulated energy use.

2.3. The EPC performance gap

There have been several recent European papers exploring the
difference between metered and modelled energy use according
to local EPC processes (for compliance with the EBPD). In Flanders
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(Belgium), Van Hove et al. [22] compared the primary energy use
associated with metered gas and electricity in single-family homes
with the modelled regulated primary energy use, finding an aver-
age overprediction of 147% relative to the metered energy use
(i.e. almost two and a half times higher actual energy use than
modelled). Moreover, they found the difference significantly
increased with decreasing energy efficiency rating of the home.
The overprediction was 217% for homes which were rated least
energy efficient (band F), while homes rated most efficient (band
A) underpredicted by 9%. Note that the regulated energy calcula-
tion in Belgium does not include appliances, cooking or lighting,
so the quantities compared are not equivalent and if the total
energy use was compared this would widen the discrepancy in
the least efficient bands.

Similarly, Coyne and Denny [11] compared the Irish EPC pri-
mary energy use and metered primary energy use. The pattern of
the difference was very similar to Van Hove et al [22], with the
most energy efficient homes, bands A and B, using on average
54% more primary energy than predicted (relative to the modelled
energy use) and the least energy efficient homes, bands F and G,
using 51% less. The model and process underlying the Irish EPC
were derived from the UK system, and the two remain very similar.
The Irish EPC does not report the modelled total energy use as it
does not include cooking or appliance use.

Alongside these recent analyses, there is extensive evidence
from across Europe regarding the difference between EPC-
modelled energy use and actual metered energy use (for example,
[9,37,2]. There are several common findings in this research.
Firstly, overall, the modelled energy use is greater than the
metered energy use. Secondly, the most energy-efficient homes
frequently use more energy than predicted. Thirdly, the least
energy efficient homes use far less energy than predicted. The com-
bination of the second and third points means that the metered
energy results show a much shallower change in energy use
between band ratings than predicted. For example, in the UK, Sum-
merfield et al. [35] show that across all EPC bands the metered gas
consumption is almost always within the range estimated for EPC
band C.

This body of literature suggests several common contributing
causes of the difference:

a. Differences in real and modelled occupant behaviour,
particularly with regard to heating set-point temperatures,
schedules, and whether the whole home is heated (e.g.
[22,28,35,36]). This is sometimes termed the rebound and
pre-bound effect [36]. The rebound effect can refer to the
suggestion that occupants in high-efficiency homes alter
their space heating behaviour to provide higher internal
temperatures than they would if they lived in a lower-
efficiency home (even where a retrofit has not taken place).
The pre-bound effect is the opposite whereby occupants
seek lower temperatures, or heat fewer rooms, in lower-
efficiency homes compared to higher-efficiency homes.

b. Shortcomings in the regulated energy use calculation
methods. For example, Van Hove et al. [22] highlight that
in Belgium the underlying model assumes 24-hour space
heating, which is likely to result in an overestimate of energy
use compared to reality.

c. Shortcomings or inaccuracies in the quality of the input
data. Several authors note that the practical implementation
of the building performance assessment is undertaken by
assessors who are trained to make use of default input val-
ues for model parameters. The default values are pessimistic
by design, with the intention that the resulting output: does
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not indicate a better-than-merited rating, highlights the
advantage of carrying out a retrofit, encourages the identifi-
cation of accurate information for an accurate rating and
encourages the recording of energy efficiency upgrades
[12,33]. Raushan et al. [33] explored the Irish EPC record
and found that default U-values for elements such as walls
and floors were almost always higher (suggesting worse
insulating performance) than those recorded when more
information was available to conduct a tailored U-value esti-
mation. Although the assessors may be performing the
assessment in accordance with guidance, the use of pes-
simistic default values could have the effect of increasing
the modelled consumption compared to the real value. A
separate issue related to the practical implementation by
assessors was noted by Jenkins et al. [26] and Crawley
et al. [13], who both found large uncertainties in the EPC rat-
ing, showing that when the same dwelling is rated repeat-
edly the resulting rating changes considerably.

d. Difficulty in appropriately accounting for aspects of
energy use not included in the model. The energy use
reported by EPCs is not the total energy consumption, but
the regulated energy use which includes energy use related
to space and water heating (and sometimes lighting, as in
the UK), but excludes appliances and cooking. This means
that the metered energy consumption is not directly compa-
rable to the energy consumption reported by the EPC
[11,22]. In some research this is presented as a known
(and uncorrected) systematic bias towards lower modelled
energy use compared to expected total energy use [22],
while in others an estimation of the ‘missing’ energy use is
provided and used to adjust either the metered or modelled
energy use [11].

e. Difficulty in appropriately accounting for aspects of
energy use not included in the metered energy use. Much
previous analysis (e.g. [35,11,22] has used data which does
not record whether homes were using unmetered energy
(e.g. oil boilers, wood burning stoves) and therefore whether
the metered energy use reflects the total energy consump-
tion. In the UK, the EPC band rating is strongly influenced
by fuel cost [28], meaning that F and G homes are more
likely to be heated by more expensive fuels, such as (un-
metered) LPG and oil. This may partially explain the large
discrepancies between SAP calculations and metered energy
use in low efficiency bands.

3. Research outline and methods

Fig. 1 presents an outline of the analysis presented in this work.
Starting from the SERL metered energy use and EPC regulated pri-
mary energy use intensity, both quantities were converted to total
primary energy use intensity (PEUI), thus facilitating comparison
of the same quantity from both data sources. The conversion to
the same quantity is discussed in Section 3.1. The weather condi-
tions assumed in the SAP model are compared with the average
conditions for SERL participants in 2021 in Section 3.2. Using the
EPC and SERL survey we identify and filter out homes such that
the metered and modelled PEUI reflect the same underlying energy
uses. The criteria used to filter the data are described in Section 3.3.
We then split the remaining households by key contextual vari-
ables, such as EPC band and agreement with the occupancy and
heating-use assumptions; the approach to this is discussed in Sec-
tion 3.4. Finally, Section 3.5 presents the approach to comparing
the EPC-modelled and metered PEUI.



Fig. 1. Outline of analysis presented in this research and the sections in which they are discussed.
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3.1. Metered and modelled primary energy use intensity

3.1.1. EPC modelled primary energy use intensity
The energy use reported by the EPC in the UK does not include

appliance and cooking use, but this energy use can be calculated
4

for each home using the SAP model. The heat gains from occupant
metabolism, cooking and appliances are assumed to contribute to
the energy required for space heating in the SAP model, with the
remaining energy assumed to be provided by the heating system.
The SAP calculation of energy use associated with appliances and



1 SERL survey question B2: ‘‘Is your accommodation self-contained? By this we
mean all the rooms, including the kitchen, bathroom and toilet, are behind a door that
only your household can use”.

2 SERL survey question A3: ‘‘What type of central heating does your accommoda-
tion have? By central heating we mean a central system that generates heat for
multiple rooms”.

3 SERL survey questions A6: ‘‘Other than central heating, does your household use
any standalone heaters in your accommodation? This could be an electric heater,
fireplace and so on” and A7: ‘‘Some standalone heaters use mains gas or electricity
supply, such as gas fires or plugged-in electric bar heaters, while others have their
own source of fuel. Do any of your standalone heaters have their own source of fuel
(e.g. from logs, coal or bottled gas)?”.
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cooking use are calculated using the assumed number of occupants
in the dwelling (see Appendix L of SAP 2012), which is calculated
using the floor area (see Table 1b in SAP 2012) [7].

The publicly-available EPC data within the SERL Observatory
does not include all the input data to calculate the EPC rating or
the predicted delivered energy. However, it does provide the
annual primary energy use intensity (PEUI) for the regulated
energy uses. The primary energy is calculated from the modelled
energy consumption with the energy use for each fuel multiplied
by a ‘primary energy factor’; 3.07 for electricity and 1.22 for mains
gas in SAP 2012 Version 9.92 (the version used in this analysis) [7].
Note that it is not straightforward to convert the PEUI to delivered
EUI because the ratio of electricity to gas energy use is not
reported. To facilitate comparison with the metered energy use,
the calculated energy use for appliances and cooking according
to the SAP model was converted to PEUI (assuming all cooking
use was electric) using the above primary energy factors. This
was added to the regulated PEUI to provide the total SAP modelled
PEUI per household.

3.1.2. SERL metered primary energy use intensity
The SERL Observatory contains six datasets linked at the house-

hold level: electricity smart meter data, gas smart meter data,
weather data, location data, participant survey data and EPC data
(for full details of the data see [38], and for details of participant
recruitment see [39]). The latest edition contains data from over
13,000 homes with smart meter data from August 2018 to August
2022 [15]. Data collection is ongoing and future editions will pro-
vide updated smart meter data. Note that some homes have his-
toric EPC lodgements, but only the most recent is used for this
analysis.

We calculated the 2021 annual gas and electricity energy con-
sumption for homes in the SERL Observatory using the method
described by Few et al. [18]. Briefly, the method is as follows:

- Calculate the mean daily energy use per month if at least 50% of
the data was available and flagged as valid (according to stan-
dard SERL data quality processing, see documentation associ-
ated with [15])

- If the monthly mean was available for all 12 months in 2021
then calculate the mean daily energy use for the year (weighted
by number of days in each month).

This method ensures that any period of missing data, or partic-
ipant withdrawal from the Observatory part-way through the year,
does not skew the annual result. For each home, the mean daily
energy consumption for 2021 was converted to metered PEUI
using the SAP 2012 primary energy factors [7] and the floor area
from the EPC data.

3.2. Comparison of modelled weather with 2021 weather

Differences in actual weather compared to the assumed
weather in the SAP model would be expected to result in a discrep-
ancy between metered and modelled energy use. Fig. 2 shows the
mean monthly temperature and solar radiation for SERL homes in
2021 and the average UK weather used in the SAP model. The
yearly mean temperature was 10.2 ⁰C for SERL and 10.0 ⁰C for
SAP, and the yearly mean solar irradiance was 120 W/m2 for SERL
and 108 W/m2 for SAP. Although some months show significant
deviations (for example April 2021 was particularly cold and
sunny), the overall conditions were similar. Moreover, taking only
October to March (the assumed months for space heating in the
SAP model), the SERL mean temperature was 7.0 ⁰C and 6.3 ⁰C
for SAP, and the SERL mean solar irradiance was 53 W/m2 and
49 W/m2 for SAP. Deviations in weather conditions are therefore
5

not thought to have contributed considerably to any differences
between metered and modelled energy use in the following
analysis.

This analysis of weather data was repeated for each region, but
patterns were similar so only the average was presented here for
brevity. Note that in the subsequent analysis Scotland is excluded
as their EPC process is slightly different, but for this comparison of
the average UK weather Scotland was included.

3.3. Household selection criteria

As noted in Section 2.3, previous analysis of EPC-modelled and
metered energy use has not been directly comparable. Using the
linked contextual data within the SERL Observatory a sub-group
of homes in which the metered energy use is robustly comparable
to the SAP calculated value was selected, the following criteria
were used:

- Homes with an EPC available through the SERL Observatory
- Homes with a recorded floor area between 20 m2 and 500 m2,
which were self-contained according to the SERL survey1.

- Homes with sufficient data (at least 50% in each month) to cal-
culate an annual metered energy consumption value for gas and
electricity using the method described above (see Section 3.1.2).

- The central heating was mains gas, based on SERL survey
responses regarding the main heating system2. This was
required because electrically heated homes would have a much
higher primary energy consumption. Comparing homes with
gas heating means that the energy uses associated with each
energy vector are similar, increasing the reliability of the
comparison.

- The EPC and SERL survey agreed over the main heating fuel in
the home. Some homeowners reported different heating sys-
tems to that reported by an EPC assessor and this could result
in large PEUI differences.

- Any secondary heating was either mains gas or electricity (i.e.
the energy use was metered), this was determined using the
SERL survey question regarding secondary heating3.

- Homes without an electric vehicle (EV) according to the SERL
survey. Excluding EVs avoids an energy load not used in the
home and not included in the SAP model.

- Homes without photovoltaic (PV) electricity generation. Dis-
crepancies between the way the SAP model treats electricity
generation and the way the meters record electricity consump-
tion and generation mean comparison of these two groups is
not trivial.

- Homes in England and Wales; the Scottish EPC system is
slightly different, so these were excluded.

- Homes where the EPC was created after the introduction of SAP
2012 (from May 2014 in England and from August 2014 in
Wales) [7]. Significant changes to the primary energy factors
were introduced in this version, and since the ratio between
electricity and gas use is not reported in the publicly available
EPC database it is not straightforward to convert PEUI calcu-



Fig. 2. Mean UK average monthly external temperature and solar irradiance for the SAP model and using SERL data for 2021.
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lated under different versions of SAP. The extent to which the
primary energy factors affect the discrepancy will depend on
the degree of agreement between the ratio of electricity to
gas use as metered and as modelled. Note that this filter was
applied last and almost halved the sample. The analysis was
also performed without this filter and the findings were almost
identical, with smaller confidence intervals due to the increased
sample sizes.

These filters resulted in a final subset of 1,374 homes.

3.4. Comparison of subgroups

We subdivide the homes according to the following characteris-
tics to explore the agreement between metered and modelled PEUI
for different subgroups:

- EPC current energy rating (A to G): As noted in the literature
review, previous research has identified less energy efficient
EPC bands under-consuming compared to the SAP model and
more energy efficient EPC bands over-consuming. Note that
for this analysis only gas-heated homes were included, so the
expense correlates very well with efficiency.

- Number of occupants: previous research has identified that
number of occupants has a significant effect on energy use
[23,27], particularly electricity. SAP assumes the number of
occupants based on floor area, which may be different to the
actual number of occupants; this may be related to the
discrepancy.

- Thermostat set point: SAP assumes a thermostat set point of
21 ⁰C in the living zone, although previous research has found
a wide range of thermostat set points in homes[4,38]. Differ-
ences in thermostat set point would be expected to contribute
to a discrepancy.

- SAP occupancy and heating behaviour agreement: previous
research has suggested that differences in how occupants heat
their home compared to the modelled assumptions could sig-
6

nificantly contribute to the observed over estimation of energy
use by the EPC model. See Section 3.4.1 for the details regarding
what was considered to match the assumptions.

- Purpose of EPC rating: the transaction type variable in the EPC
register records the reason for generating an EPC. We group this
into ‘new homes’ and ‘other EPC reason’, because new build
homes will be rated using the full SAP process rather than the
RdSAP process used for most existing homes. As noted in Sec-
tion 2, RdSAP provides default values for characteristics of a
dwelling based on its age, whereas the full SAP process does
not. This may impact the outcome of the assessment and could
result in differences between groups of homes rated using each
procedure.

Analysis of some groups has been combined due to small sam-
ple sizes and the need to comply with statistical disclosure control
(SDC). EPC bands A and B, and F and G, and households with 6 or 7
occupants were grouped together for this reason. The thermostat
variable was also grouped into 2 ⁰C bands. Finally, not all partici-
pants answered every question in the SERL survey, so each variable
based on the survey also includes a ‘no answer or don’t know’
option (these are suppressed in the results that follow).

3.4.1. SAP occupancy and heating behaviour agreement
Homes categorised as matching SAP occupancy and heating

behaviour have the following characteristics:

� The number of occupants according to the SERL survey matches
the SAP assumed number of occupants to the nearest integer.
The SAP assumed number of occupants is based on the floor
area, see Table 1b in SAP 2012 [7]. The number of occupants
influences the modelled appliance and cooking energy use,
and heat gains associated with these are considered alongside
metabolic gains from the occupants in calculation of the energy
that the heating system must deliver. The mean difference
between the number of occupants according to the SAP model
and the SERL survey in the matching group was less than 0.1.
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� The self-reported thermostat set point according to the SERL
survey is between 20.5⁰C and 21.5⁰C. SAP assumes a set point
of 21⁰C for the living room, with the temperature of the rest
of the home modified by the heating control and the heat loss
parameter, see Table 9 in SAP 2012 [7].

� Participants report that they heat their whole home. SAP
assumes the whole home is heated, although it treats the living
room differently to the rest of the dwelling if there is sufficient
heating control, see Table 4e in SAP 2012.

� Participants report that they can keep comfortably warm in the
winter, this gives greater confidence that, as well as their ther-
mostat being set to 21 ⁰C ± 0.5 ⁰C, they also experience reason-
ably warm indoor conditions.

� Participants report that they are not struggling financially4, this
gives some confidence that these homes are unlikely to deliber-
ately curtail their energy use to save money on their bills.

51 homes match the criteria above, with 1,323 not matching.
The above criteria match the SAP occupancy and assumed heating
behaviours as closely as possible with the available data, but not all
SAP assumptions could be included. SAP assumes 9 h of heating
during the week and 16 h during the weekend, but we were not
able to select homes based on heating hours. The implications of
the occupancy and heating assumptions are discussed in
Section 4.2.2.

3.5. Comparing EPC and metered primary energy use intensity

To compare the metered and modelled PEUI, we report the
absolute and percentage differences, as well as constructing linear
models of the discrepancy and investigating the regression coeffi-
cients and their significance. Where we present the percentage dif-
ference, we follow the term referred to as the performance gap by
Cozza et al. [12]:

DPEUI% ¼ PEUImetered � PEUImodelled

PEUImodelled
� 100 ð1Þ

A paired t-test was used to compare the means of the metered
and modelled PEUI, with the null hypothesis that there is no differ-
ence in the mean metered and modelled PEUI, accepting that there
was sufficient evidence to reject the null hypothesis if the p-value
was less than 0.05.

A linear model of metered PEUI against EPC-modelled PEUI was
fitted to further explore the relationship between metered and
EPC-modelled energy use. If the EPC model of PEUI provides a good
estimation of the difference in energy use between homes on aver-
age, then a gradient of one and intercept of zero would be
expected. A gradient significantly different from one would indi-
cate that the level of the discrepancy is related to the EPC-
modelled energy use. For all homes, and for each group (e.g. new
home EPCs and EPCs generated for other reasons), linear models
were generated with the form:

PEUImetered ¼ aPEUImodelled þ b ð2Þ
Where, a is the gradient and b the intercept, expected to be one

and zero respectively if the EPC model accurately reflects metered
energy use. Residuals were also examined to explore the consis-
tency of the trend across the range of EPC-modelled PEUI.

Equivalently, a linear model of the difference in PEUI against the
SAP modelled PEUI should show a gradient of zero if the EPC pro-
vides a good estimation on average. In fitting a model of this form,
whether the gradient is significantly different from zero can be
4 In response to SERL survey question D4: How well would you say you yourself are
managing financially these days?” participants did not respond ‘‘finding it quite
difficult” or ‘‘finding it very difficult”.
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assessed using a t-test with the null hypothesis that there is no
association between DPEUI and PEUImodelled, accepting a p-value
less than 0.05 to indicate that the gradient is significantly different
from zero [25]. To explore this, models were generated with the
form:

DPEUI ¼ baPEUImodelled þ bb ð3Þ

where ba is the gradient and bb is the intercept, both expected to be
zero if the EPC model provides a good estimation.

Analysis was implemented in R version 4.0.1 [32], using pack-
ages dplyr [42], reshape [40], ggplot2 [41]and cowplot [43].

4. Results and discussion

In the following section we present the overall discrepancy
between PEUI predicted by the EPC and calculated from metered
energy use, in Section 4.2 we then discuss the results split by
EPC band, agreement with the SAP occupancy and heating assump-
tions, number of occupants, thermostat set point, and by reason for
EPC generation. In Section 4.3 we present the factors associated
with having an A or B EPC rating.

4.1. Overall primary energy use intensity difference

Fig. 3 presents a histogram of the difference between the PEUI
calculated from the SERL smart meter data and the PEUI calculated
using the EPC model. The distribution is weighted towards nega-
tive values, with a mean difference of – 66 kWh/year/m2 and a t-
test showing that the difference is significant (p-value � 0.05),
indicating that the EPC model tends to overpredict the PEUI com-
pared to the metered value. In response to the first research ques-
tion, this shows that there is a significant difference between the
metered and EPC-modelled PEUI.

Fig. 4 and Table 1 show a linear fit of the SERL metered PEUI to
the EPC-modelled PEUI, showing that the discrepancy tends to
increase with increasing EPC-modelled PEUI. As noted in Section 3,
if the SAP model was providing a good estimation of the metered
PEUI on average a linear model of metered to modelled PEUI
should find a gradient of one. The RMSE and confidence intervals
around the gradient and intercept remain relatively large, suggest-
ing that the EPC PEUI is not a good predictor of metered PEUI. The
residuals were largely normally distributed, although there was a
tendency for negative residuals at both low and high EPC-
modelled PEIU values, indicating that the deviation of metered
energy use from the EPC-modelled energy use is not fully linear.
Nonetheless, the results clearly show that the SAP model does
not accurately reflect the metered PEUI on average.

While this pattern of increasing difference with decreasing
home energy efficiency is similar to previous findings across Eur-
ope and the UK, there are important differences in the present
analysis. These results show that the discrepancy is not (solely)
caused by the presence of homes with unmetered energy use, com-
parisons of energy metrics which do not include the same energy
services, or comparisons of different energy units, as the pattern
of differences persists in this analysis despite accounting for these
factors.

4.2. Primary energy use intensity difference by key characteristics

4.2.1. Does the EPC band explain the difference between modelled and
measured PEUI?

Fig. 5 shows the mean and standard error of the metered and
modelled PEUI by EPC band and Table 2 presents the mean differ-
ence and their statistical significance according to a paired t-test.
All bands except A and B have statistically significantly lower



Fig. 3. Histogram of the per household difference between the PEUI using SERL metered data and the EPC modelled PEUI.

Fig. 4. Left panel: linear best fit of metered compared to EPC modelled PEUI, with the y = x line shown in black for comparison. Right panel: Linear best fit of the difference in
PEUI against modelled PEUI. Note that for this and all following figures of linear models, the model is displayed over the range between the mean of the 10 lowest EPC
modelled PEUI values and the mean of the 10 highest modelled PEUI values (the full range is not used for statistical disclosure control reasons).

Table 1
Results of the linear regression of the difference in PEUI according to metered energy use and EPC model against the EPC modelled PEUI (see equation (3) and right panel of Fig. 4).

Gradient [95% confidence
interval]

Gradient p-
value

Intercept (kWh/yr/m2) [95% confidence
interval]

Intercept p-
value

RMSE (kWh/yr/
m2)

Number of
participants

�0.67 [-0.74, �0.61] <0.01 164 [-141, 186] <0.01 95.4 1,374
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metered PEUI than modelled, with the difference increasing as the
EPC Energy Efficiency rating decreases to F and G. On average, F
and G rated homes show a metered PEUI almost half that expected
8

by the EPC model (298 kWh/yr/m2 metered vs 573 kWh/yr/m2

modelled). Note that a Wilcoxon test (suited to testing small sam-
ples) also indicated a significant difference for the F and G group.



Fig. 5. Mean primary energy use intensity according to the SERL metered energy data in 2021 and the EPC model. Points represent the mean, and the bars represent the
standard error.

Table 2
Results of a paired t-test of the mean difference between the EPC modelled and SERL
metered primary energy use intensity in 2021.

EPC Band Mean difference (kWh/yr/m2)
[95% confidence intervals]

P-value Number of
dwellings

A and B 10.6 [�10.7, 31.9] 0.32 32
C �25.9 [�17.9, –33.9] <0.001 439
D �65.8 [�58.3, �73.4] <0.001 705
E �161 [�144, �178] <0.001 185
F and G �276 [�206, �345] <0.001 13

Fig. 6. Left panel: linear best fit for each EPC current energy rating band of metered
compared to EPC modelled PEUI, with the y = x line shown in black for comparison.
Right panel: Linear best fit for each EPC current energy rating band of the difference
in PEUI against modelled PEUI.
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The difference in metered PEUI between bands is much smaller
than modelled; the difference in average metered PEUI for homes
in band D compared to band E is 8.1 kWh/yr/m2, compared to
the modelled 103 kWh/yr/m2, less than 10% of the expected
difference.

Fig. 6 shows the linear best fit of metered PEUI against modelled
PEUI and difference in PEUI against modelled PEUI for each EPC
band. This shows that only in band A and B are changes in the mod-
elled PEUI matched by equivalent changes in the metered PEUI (the
residuals are reasonably normal and show no clear pattern). All
other bands show a much shallower increase in metered PEUI with
increasing modelled PEUI. Table 3 shows the regression coeffi-
cients and their significance for the linear models of the difference
in PEUI. The only insignificant gradients are for bands A and B and F
and G. The F and G group has a small sample size and wide confi-
dence intervals for the gradient and intercept, with the central esti-
mate of the gradient for the F and G group much further from zero
than the A and B group. Only the A and B group show no significant
gradient or intercept, and no significant difference between the
metered and EPC modelled PEUI according to the paired t-test
above.

Previous analysis has frequently found that homes rated as
most efficient use more energy than the EPC predicts, whereas
our analysis shows that on average EPC-modelled PEUI is fairly
accurate for A and B rated homes. This could be because previous
9

analysis has not accounted for appliance and cooking energy use
which are not present in the model, whereas this analysis uses
the EPC model of cooking and appliance energy use to provide an
expected total PEUI (see Section 3.1.1). Since the most efficient
homes are likely to be more thermally efficient, the proportion of
their energy use associated with cooking and appliances will be
greater than for low efficiency homes where energy use is domi-
nated by heating. Excluding cooking and appliance use would
decrease the modelled energy use proportionally more in high effi-
ciency homes, and when the model is compared to metered energy
use (which includes cooking and appliances) could be interpreted
as suggesting that high efficiency homes use more energy than
expected.

Finally, both the A and B and F and G sample sizes were much
smaller than the other groups. This increases the uncertainty asso-



Table 3
Results of linear regressions of the difference in PEUI according to metered energy use and EPC model against the EPC modelled PEUI (see equation (3) and right panel of Fig. 6).

EPC
Band

Gradient [95% confidence
interval]

Gradient p-
value

Intercept (kWh/yr/m2) [95% confidence
interval]

Intercept p-
value

Number of
participants

A and B �0.10 [�1.0, 0.80] 0.83 28 [�131, 187] 0.73 32
C �0.43 [�0.65, �0.21] <0.001 97 [34, 160] 0.002 439
D �0.52 [�0.69, �0.36] <0.001 119 [61, 177] <0.001 705
E �0.70 [�0.93, �0.48] <0.001 160 [57, 263] 0.002 185
F and G �0.76 [�1.78, 0.27] 0.13 157 [�434, 749] 0.57 13
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ciated with their results, and future research on EPCs may benefit
from purposively sampling to increase the proportion of less com-
mon bands in the sample.
4.2.2. Does the SAP modelled occupancy and heating use explain the
difference between modelled and measured PEUI?

Fig. 7 and Table 4 present the best fit lines of metered PEUI and
difference in PEUI against modelled PEUI for homes where the SERL
survey responses suggest that the home is operated similarly to the
SAP model assumptions (see Section 3.4.1), and for homes where
this is not the case. Despite the relatively small number of homes
matching the SAP model assumption (51), the gradient of the dif-
ferences is significantly below zero for both groups (p less
than 0.001), meaning they both show overprediction by the SAP
model.

There could be remaining differences between the way the
occupants use their homes and the SAP model assumptions. Occu-
pants may heat their home for more or fewer hours than assumed
by SAP (9 h per day in the week and 16 h per day at the weekend),
even if they have the same set-point. Information on length of
heating is not available for the majority of SERL Observatory partic-
ipants. However, Huebner et al. [24] reported on the responses of
1,016 participants who took part in the SERL Covid-19 survey,
these participants were drawn from the SERL Observatory partici-
pants who had been recruited by September 2019. They found a
mean of 7.5 heating hours during the first lockdown and that less
than 15% of respondents reported increasing their heating hours
during this time. Additionally, the recent Energy Follow-Up Study
(EFUS, a large interview and measurement survey of household
heating patterns, thermal comfort and energy consumption) found
that the median number of heating hours was 7 h during the week
and 8 h at the weekend, and found no significant difference with
EPC band [4].

While EFUS and the SERL Covid-19 survey results suggest that
the SAP model is likely to overestimate the number of heating
hours on average, note that the effect of this on the outcome of
the SAP model is not straightforward. The heating hours are used
to estimate a monthly mean internal temperature from which a
semi-steady-state calculation is used to calculate the energy
required for heating. The difference in mean internal temperature
between the SAP model and reality would be required to under-
stand whether the modelled heating hours results in a realistic
mean internal temperature from which to estimate heating use.
Calculating the modelled mean internal temperature would
require the EPC input data.

Although SERL homes included in this analysis might be heated
for fewer hours than the SAP model assumes, the occupants
nonetheless report being comfortably warm, that they heat the
whole house, and they report thermostat temperatures between
20.5 ⁰C and 21.5 ⁰C (higher than the 20 ⁰C median found by EFUS
[4]. Even in these homes with seemingly comfortable conditions,
the increasing discrepancy with EPC-rated inefficiency remains
an apparent trend. It thus seems unlikely that the trend is primar-
ily caused by occupants deliberately ’under-consuming’ by choos-
ing less comfortable conditions in inefficient homes, suggesting
10
that there are other reasons, either part of the SAP model or the
SAP process, which are important contributors to the discrepancy.
4.2.3. Does the number of occupants or thermostat set point explain
the difference between modelled and measured PEUI?

Fig. 8 and Fig. 9 show the best fit lines of metered against mod-
elled PEUI by occupant number, and by reported thermostat set-
point, respectively. Previous analysis suggests that increases in
these parameters are associated with increases in home energy
consumption. This analysis shows increases in metered energy
use with these parameters as expected. SAP models occupant num-
ber based on the floor area and assumes heating to 21 ⁰C in the liv-
ing room (other rooms depend on heating control and thermal
efficiency), these assumptions are not always accurate, but across
all values the gradient of the best fit lines remains very similar,
suggesting that these do not account for the discrepancy between
the model and the metered PEUI across the spectrum of energy
efficiency ratings.
4.2.4. Does the reason for EPC generation (SAP or RdSAP procedure)
explain the difference between modelled and measured PEUI?

As noted in Section 2, when EPCs are generated for a new home
the full SAP procedure is performed, for which detailed inputs are
provided using the details available at the time of construction. In
contrast, when EPCs are generated for almost any other reason
(normally sale or rent of existing property) an RdSAP procedure
is performed, which can use default values for building parameters
based on the building’s age, unless evidence is provided that the
defaults are not appropriate. We explored this by comparing
homes in which the EPC was generated for a new home, and homes
in which the EPC was generated for any other reason as shown in
Fig. 10 and Table 5. The gradient of the difference against the mod-
elled PEUI is not statistically significantly different from zero (with
residuals reasonably normal and no clear pattern) in new homes.
As noted for the A and B rated homes above, there was a relatively
small sub-sample of new homes and future research may benefit
from purposively sampling this group.

Young [44] reported on dwellings that were designed to be
highly efficient receiving EPC A or B ratings when rated via the
SAP process as new buildings, and subsequently receiving EPC C
or D ratings when they were later reassessed via the RdSAP pro-
cess. Cases such as this would result in homes inaccurately being
placed in less-efficient EPC bands, with the result that the mod-
elled energy use increases and possibly exceeds the metered
energy use. Inputs to the model underlying the EPC rating may
not always be accurate [26,13,33], and this may influence EPC
outcomes.

While these results add weight to the argument that the process
of calculating an EPC rating using the RdSAP procedure might
result in systematic overprediction of energy consumption, it is
important to note that there are other confounding factors associ-
ated with the group of new homes, we explore this further in the
following section.



Fig. 7. Left panel: linear best fit of metered to EPC modelled PEUI for homes that match EPC model occupancy and heating use and homes that do not match. The y = x line
shown in black for comparison. Right panel: linear best fit of the difference in PEUI against modelled PEUI for homes that match EPC model occupancy and heating use and
homes that do not match.

Table 4
Results of linear regressions of the difference in PEUI according to metered energy use and EPC model against the EPC modelled PEUI (see equation (3) and right panel of Fig. 7).

Match EPC model occupancy and
heating use

Gradient [95% confidence
interval]

Gradient p-
value

Intercept (kWh/yr/m2) [95%
confidence interval]

Intercept p-
value

Number of
participants

Match �0.81 [�0.48, �1.13] <0.001 237 [113, 361] <0.001 51
Do not match �0.67 [�0.61, �0.74] <0.001 162 [139, 185] <0.001 1323
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4.3. Factors associated with a and B rated homes

The analysis in Section 4.2 showed that only homes in EPC bands
A and B, and new homes rated via the full SAP process showed good
agreement between the EPC modelled and metered PEUI. These are
related because new homes are much more likely to be A or B rated
than older homes. To investigate whether other factors are also
associated, the factors in the publicly-available EPC data and the
SERL survey responses associated with EPC bands A and B were
explored using Fisher’s exact test [1], with full results shown in
the appendix. Fisher’s exact test is used instead of the v-squared
test in examples where the number of cases is small. In the present
case contingency tables of two variables have small numbers of
cases in some groups, so Fisher’s exact test was used to ensure a fair
test for all variables. The null hypothesis is that the relative propor-
tions of one variable are independent of the second variable. We
accept a p-value of 0.05 as sufficient to reject the null hypothesis.

The results showed, as expected, that there was sufficient evi-
dence to reject the null hypothesis and suggest an association
between whether a home is A- or B-rated and the energy efficiency
of all major building components (e.g. wall energy efficiency, floor
energy efficiency), and whether the home is newly built. Building
age and property type are also associated, with newer homes and
flats more likely to be A and B rated. There was an association with
region, with comparatively more A and B rated homes in the East of
England and Yorkshire, and fewer in Greater London and the
Northwest in our sample. Some EPC variables were not associated,
such as the hot water efficiency, heating control and number of
habitable rooms. Almost all occupant-related parameters from
11
the SERL survey were not associated with the whether the home
was A or B rated (whether participants were managing financially,
the number occupants, number of appliances, whether heating
controls were adjusted when the dwelling was empty, how fre-
quently lights were switched off and windows opened, whether
the whole house was heated and whether the occupants made
an effort to reduce their energy use). The only exception was the
temperature set point, where 21.5 ⁰C to 23.5 ⁰C was more likely
in A and B rated homes. Finally, the floor area band (in ranges of
50 m2) and the Index of Multiple Deprivation (IMD) quintile were
not associated with A and B rated homes.

While it is unclear which factors are responsible for the good
agreement between modelled and metered PEUI in A and B rated
homes, it is worth noting several points. Firstly, many of the asso-
ciated parameters are intrinsically related; for example, highly
energy efficient homes tend to have highly efficient components
(similarly with more recently built homes; current building regula-
tions require a far higher efficiency than was required for old
homes). Secondly, while it is interesting to note the association
with temperature set point, Fig. 9 shows that homes with this
higher set point have a higher metered PEUI, but the gradient
between bands is still far shallower than suggested by the EPC pro-
cess, so this is unlikely to account for the systematic difference
across the range of predicted energy use. Similarly, the regional dif-
ference in distribution of EPC bands is unlikely to contribute to the
causes of the discrepancy in metered and modelled energy use, and
best fit lines for each region show little difference in gradients (re-
sults for this were omitted since they are similar to the results
presented).



Fig. 8. Left panel: linear best fit of metered to EPC modelled PEUI for homes with different numbers of occupants. The y = x line shown in black for comparison. Right panel:
linear best fit of the difference in PEUI against modelled PEUI for homes with different numbers of occupants.

Fig. 9. Left panel: linear best fit of metered to EPC modelled PEUI for homes with different thermostat set point temperatures. The y = x line shown in black for comparison.
Right panel: linear best fit of the difference in PEUI against modelled PEUI for homes with different thermostat set point temperatures in degrees Celsius.
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5. Future work: What could cause the discrepancy between
metered and EPC-modelled primary energy use intensity?

At present it is unclear which factors are responsible for the
increasing discrepancy as energy efficiency rating worsens. How-
12
ever, alongside the issues discussed above, there are several plau-
sible factors which will be explored in future work.

Previous research has suggested that aspects of the EPC assess-
ment process could be subject to bias and measurement uncer-
tainty. Hårsman et al. [20] studied EPC outcomes from individual



Fig. 10. Linear best fit of metered to EPC modelled PEUI for new homes (EPC generated via a full SAP process) and all other homes (EPC likely generated via an RdSAP process).
The y = x line shown in black for comparison. Right panel: linear best fit of the difference in PEUI against modelled PEUI for new homes and all other homes.

Table 5
Results of linear regressions of the difference in PEUI according to metered energy use and EPC model against the EPC modelled PEUI (see equation (3) and right panel of Fig. 10).

EPC transaction
type

Gradient [95% confidence
interval]

Gradient p-
value

Intercept (kWh/yr/m2) [95% confidence
interval]

Intercept p-
value

Number of
participants

New home �0.14 [�0.80, 0.47] 0.65 42 [�78, 163] 0.48 33
Any other reason �0.69 [�0.76, �0.62] <0.001 171 [147, 195] <0.001 1341
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EPC assessment firms in Sweden, finding that individual firms sys-
tematically rated homes as more or less efficient than the central
estimate. At present it is not known whether similar findings
would be replicated in other countries using EPCs. In the UK, con-
cerns have been raised over the repeatability of EPC ratings [26,13],
finding that the same home rated multiple times does not produce
the same outcome. Additionally, the possibility that assessors may
experience pressure to provide a particular EPC assessment out-
come has been raised [19]. The cumulative effect of these biases
and uncertainties on the relationship between modelled and
metered energy use is currently unclear.

EPCs are not automatically updated, so while installing more-
efficient heating systems, or adding wall insulation, would improve
the energy rating of the dwelling [34], it would not be reflected in
the rating until a new EPC was generated [13]. This is unlikely to
affect A and B rated homes since they are unlikely to have energy
efficiency retrofits. The extent to which undocumented upgrades
have an impact on the observed discrepancy will depend on the
rate and degree of energy efficiency upgrades in the stock.

Small differences which are not recorded via the EPC process
may make a significant difference. For example, a thick carpet on
an uninsulated floor can reduce the heat loss considerably [29],
and this would have most impact in an inefficient home.

Changes to the underlying SAP model or process are also not
reflected in existing EPCs. Such changes include primary energy
factors and default U-values, which could result in significant
13
changes in the EPC outcome [3]. These are not reflected until a
new EPC is generated, which complicates the comparison of EPCs
which were generated using different versions of SAP. Moreover,
the publicly available EPC data cannot easily be used to construct
the values that would have been obtained had a different version
been used. The present analysis attempts to limit this effect by only
selecting EPCs generated using SAP 2012 (adopted from May 2014
in England and August 2014 in Wales) [7].

Distortionary effects associated with comparing the primary
energy use intensity could impact the extent of the discrepancy
between metered and modelled energy use. If participants have
shifted much of their energy use to electricity after they completed
the SERL survey or after the EPC was generated (e.g. due to instal-
ling a heat pump or using portable electric heater), then the PEUI
could change considerably.

Moreover, different components of the SAP model (water heat-
ing, space heating, lighting, etc) are likely to have differing agree-
ment with actual disaggregated energy use. For example, in a
thermally efficient home with many occupants the proportion of
energy used for hot water is likely to be high compared to heating
demand, and vice versa for a thermally inefficient home with a
small number of occupants, which may not be reflected in the
model. It is important to note that good agreement between
metered and modelled PEUI in A and B rated homes, and new
homes, does not necessarily provide evidence that SAP accurately
models disaggregated energy uses. Future research into the disag-
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gregated components of the SAP model would help to identify such
issues.

Limitations in the underlying thermal model within SAP could
also be responsible for some of the discrepancy between metered
and modelled energy use. The space heating calculation relies on
an estimation of the mean internal temperature (MIT) [7]. The
underlying model assumes set heating hours during which the
temperature is modelled to be equal to the assumed set point
(21 ⁰C). When the heating switches off, the model assumes a linear
cool-down, with the cooling rate set according to the thermal char-
acteristics of the building. The resulting MIT is used to calculate the
energy required for space heating. The analysis presented here was
able to select homes in which the set-point temperature matched
the assumption, but real homes may be unable to reach the tem-
perature set-point depending on heating system output and build-
ing envelope thermal efficiency. Moreover, real homes will not
heat up to the set point instantaneously and will cool down expo-
nentially rather than linearly. As a result, the modelled MIT may be
significantly different to the ‘real’ MIT. This may particularly affect
less-efficient homes likely to heat slowly and cool quickly, with
these homes likely to have a lower MIT than assumed. A lower
MIT could decrease the amount of energy that these types of home
would be expected to use according to the model. While there is
some evidence that homes with different EPC ratings have differ-
ent MIT [5], the extent to which this matches the EPC model, and
so the extent of the impact on the discrepancy, are unclear as yet.

Finally, we note that a version of SAP, SAP 10.2, was introduced
in 2022 and is now used for the full SAP procedure to generate
EPCs for new homes [8]. Further changes are proposed for SAP11
and future versions of RdSAP [16]. EPCs for individual homes
remain valid for 10 years so the version of SAP analysed in this
research, SAP 2012, will remain the dominant rating method for
most existing EPCs in the near to medium term. Moreover, until
a new version of RdSAP is released the current version will be used
to generate EPCs for most existing homes. Nonetheless, we plan to
investigate the impact of new versions of SAP as the underlying
models are made available.
6. Conclusions

This research compared EPC modelled primary energy use
intensity with primary energy use intensity (PEUI) calculated from
metered energy use using the EPC primary energy use factors in
gas heated homes in Great Britain. While there has been consider-
able research into the difference between EPC modelled energy use
and metered energy use, we believe the present analysis uniquely
addresses three important shortcomings in the existing literature:

� Using the SERL survey we were able to exclude homes using
unmetered forms of energy in the home (e.g. oil boilers)

� We compared quantities where the modelled and metered
energy use were expected to be comprised of the same under-
lying elements. The publicly available EPC results for PEUI do
not include appliance or cooking use; we calculated this ‘miss-
ing’ energy use with the equations used in the underlying EPC
model.

� We compared the same quantity. The publicly available EPC
results report PEUI, so we converted the metered energy use
to primary energy use intensity using the same primary energy
factors as SAP 2012 [7].

This meant the analysis was able to robustly compare the EPC
modelled and metered PEUI, and in doing so we draw four main
conclusions:
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� On average, EPC modelled PEUI is significantly larger than
metered PEUI (see Section 4.1)

� The discrepancy is statistically insignificant in A and B rated
homes, but the discrepancy increases with decreasing EPC
energy efficiency rating, to a mean difference of –276 kWh/yr/
m2, or –48%, in F and G homes (see Section 4.2.1).

� The gradient of the difference in measured PEUI against the
modelled PEUI is significantly less than zero in bands C to E (be-
tween �0.4 and �0.7). Categories of homes which showed good
agreement between the EPC model and metered PEUI were A
and B rated homes and new homes (note the high overlap
between groups) (see Section 4.2.1 and Section 4.2.4)

� The discrepancy remained even in homes where the occupancy
and heating behaviours were matched as closely as possible
with the SAP model assumptions (see Section 4.2.2)

It is important to note that this study is observational, what
happens following energy efficiency retrofit in terms of EPC rat-
ings, actual energy use and modelled energy use according to a
new EPC assessment cannot be inferred from this work. Nonethe-
less, in the current context in which EPCs are widely used to sup-
port policy interventions regarding building energy efficiency, it is
clearly significant that on average there is a far smaller difference
in energy use between homes rated in different bands than the EPC
predicts.

While the exact cause of the discrepancy between the metered
and EPC-modelled PEUI is unclear, in the previous section we iden-
tified several factors which plausibly contribute to the discrepancy.
The cause is likely to be a combination of factors whose influence
varies between homes. Nonetheless, research has consistently
shown systematically lower metered than modelled energy use
in homes which are inefficient according to the EPC, with the dif-
ference increasing as EPC efficiency rating decreases. Given the
heavy reliance on EPCs in a policy context, and the demonstration
in this work that some of the commonly suggested reasons for the
difference are unlikely to be correct, it is imperative that the causes
of the discrepancy are identified so that future EPCs are fit for
purpose.
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Table 6.
Table 6
Results of Fisher’s exact test of the association between whether a home has an EPC rating of A or B and other relevant contextual variables. Variables where the p-value is less
than 0.05 are considered to show a statistically significant association with homes that are rated A and B are shown in bold font. The source of the variable is noted, and for SERL
survey variables the question number is shown.

Variable source Variable name p-value Variable source Variable name p-value
EPC energyTariff <0.01 EPC numberOpenFireplaces 0.30
EPC fixedLightingOutletsCount <0.01 EPC propertyType 0.34
EPC floorDescription <0.01 EPC heating_control_smart 0.37
EPC lightingEnergyEff <0.01 EPC heating_control_manual 0.37
EPC lowEnergyFixedLightCount <0.01 EPC lightingDescription 0.38
EPC mainheatcEnergyEff <0.01 SERL survey B10_sum, number of appliance options selected

from a list
0.40

EPC mainheatcontDescription <0.01 EPC glazedType 0.48
EPC mainheatDescription <0.01 EPC extensionCount 0.51
EPC roofDescription <0.01 EPC numberHabitableRooms 0.52
EPC roofEnergyEff <0.01 SERL survey A13_01, how often are lights switched off

when leaving a room
0.52

EPC secondheatDescription <0.01 EPC numberHeatedRooms 0.55
EPC transactionType <0.01 SERL survey A11, are there unheated living spaces in winter 0.58
EPC wallsDescription <0.01 SERL survey A14, how much effort to limit energy use 0.65
EPC wallsEnergyEff <0.01 SERL survey A1502, how often are windows opened on a warm day 0.67
EPC windowsDescription <0.01 EPC builtForm 0.69
EPC windowsEnergyEff <0.01 EPC flatTopStorey 0.71
EPC building_age <0.01 SERL survey D4, how do you manage financially 0.73
EPC hotwaterDescription <0.01 SERL survey A13_02, how often are more clothes worn when cold 0.84
SERL survey A5_degC, reported thermostat

set point in bands of 2⁰C
<0.01 SERL survey A1501, how often are windows open on a cold day 0.87

SERL participant summary Region <0.01 SERL survey A10, how often are heating controls adjusted
if the home is unoccupied

0.93

EPC totalFloorArea in bands of 50 m2 0.01 EPC lowEnergyLighting 0.96
EPC heating_control_temp_setting 0.02 EPC glazedArea 1
EPC localAuthority 0.06 EPC mainheatEnergyEff 1
SERL survey C1_new, number of occupants 0.14 EPC mechanicalVentilation 1
EPC hotWaterEnergyEff 0.17 EPC multiGlazeProportion 1
SERL participant summary IMD_quintile 0.20 EPC tenure 1
EPC lodgement_year 0.24
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