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Abstract: The Smart Energy Research Lab (SERL) Observatory dataset described here comprises
half-hourly and daily electricity and gas data, SERL survey data, Energy Performance Certificate
(EPC) input data and 24 local hourly climate reanalysis variables from the European Centre for Me-
dium-Range Weather Forecasts (ECMWF) for over 13,000 households in Great Britain (GB). Partici-
pants were recruited in September 2019, September 2020 and January 2021 and their smart meter
data are collected from up to one year prior to sign up. Data collection will continue until at least
August 2022, and longer if funding allows. Survey data relating to the dwelling, appliances, house-
hold demographics and attitudes was collected at sign up. Data are linked at the household level
and UK-based academic researchers can apply for access within a secure virtual environment for
research projects in the public interest. This is a data descriptor paper describing how the data was
collected, the variables available and the representativeness of the sample compared to national
estimates. It is intended as a guide for researchers working with or considering using the SERL
Observatory dataset, or simply looking to learn more about it.
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1. Introduction

In 2019 the residential sector was responsible for 21% of UK carbon emissions [1] and the UK has committed to
reaching net zero carbon emissions by 2050. Understanding domestic energy consumption now and going forward will
support the transition to net zero. For example, electrification of heating and transport will become increasingly com-
mon and this will require managing increases and time shifts in energy demand [2]. Similarly, understanding the po-
tential flexibility of demand response will support future energy system operation [3]. Identifying households in fuel
poverty, or those at risk of missing out on green policy incentives, would help to ensure a just transition that benefits
sections of society who might otherwise be left behind [4]. To understand these and other related issues, a nationally-
representative empirical database of building, occupant and high-resolution energy data is imperative [5]-[7].

Historically, gathering large samples of energy consumption has been expensive and time-consuming, requiring
manual read-outs of traditional energy meters (typically performed once or twice a year), or installation of specific
monitoring equipment [7]. However, the smart meter rollout in the UK is ongoing and so far over 22 million smart
meters have been installed in homes in Great Britain (GB), amounting to 44% of all domestic meters [8]. In the UK, smart
meters record consumption every half hour and can store up to 13 months of historic import data. This data can be
accessed via the Data Communications Company (DCC) Gateway; a centralised system, potentially offering a signifi-
cant advance on the traditional metering or monitoring approach for gathering energy consumption data.

A Department for Business, Energy and Industrial Strategy (BEIS) policy paper demonstrates the UK government’s
understanding of the need for good-quality energy data throughout the energy system: “digitalisation will enable
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millions of low carbon assets, including solar PV, electric vehicles and heat pumps to be optimised across our energy
system” [9]. The BEIS strategy focuses on system data and explicitly excludes consumer data which requires informed
consent for collection. Despite the potential for using smart meter data in energy consumption research, obtaining
householders’ informed consent and ensuring compliance with General Data Protection Regulation (GDPR) and data
governance requirements laid out in the Smart Energy Code (SEC) [10] is a potentially onerous task, reducing the extent
to which the potential benefits of the smart meter rollout to energy researchers can be practically realised.

The aim of the Smart Energy Research Laboratory (SERL) is to provide UK researchers with high-quality, contex-
tualized, half-hourly energy data for a representative sample of GB households in a secure environment that meets all
data GDPR and SEC requirements; this is called the SERL Observatory dataset. SERL also has a ‘Laboratory”’ capability
where researchers can recruit their own intervention sample of households and use the Observatory as a counterfactual.
These Laboratory datasets are not part of this paper; further information about the Laboratory function of SERL can be
found on the SERL website [11].

Table Al in Appendix A summarises seven UK energy datasets that may be used to investigate granular (daily or
finer) patterns of UK domestic energy use at the household level. In terms of sample size, after the SERL Observatory
dataset, the Customer Led Network Revolution dataset [12], [13] is the largest with up to around 3 years of half-hourly
electricity data for approximately 11,000 participants in GB. Some of the other datasets provide higher-resolution energy
data; every 15 mins (Wh) and 10 seconds (W) in the case of the SAVE project’s representative sample of 4,000+ house-
holds from the South of England [14], and per second in the case of IDEAL Household Energy Dataset [15]. Various
additional data, such as indoor temperatures, weather, demographic information, and EPC data are also included with
some datasets. However, what has previously been lacking for UK researchers is a large, nationally representative,
longitudinal sample with contextual data linked at the household level [5], [16]. The SERL Observatory is also unique
in collecting data before, during and after COVID-19 lockdowns, which allows for the impact and potential develop-
ment of a ‘new normal’ to be investigated.

In this paper we report on the Smart Energy Research Laboratory (SERL) Observatory dataset, which has recruited
over 13,000 GB households who have consented to collection of their smart meter data for research purposes. The use-
fulness of energy consumption data is greatly enhanced by linking with other relevant contextual data and the SERL
participants have provided their informed consent for their smart meter data to be linked to other relevant datasets.
The SERL Observatory primarily consists of six core datasets: electricity and gas smart meter data, location data (such
as region, Lower Super Output Area (LSOA) and Index of Multiple Deprivation quintile), weather data, survey data
and energy performance certificate (EPC) data (Figure 1). These are linked at the household level, and accompanied by
auxiliary data created by the University College London (UCL) SERL team, and described in the supplementary files
with this paper. It is also possible for researchers to bring in data for linking at a local level, subject to approval by the
SERL Data Governance Board. The combination of high-resolution energy and linked contextual datasets provides a
detailed data resource facilitating exploration of co-variates and drivers of energy consumption as well as the potential
implications of energy policies. The SERL Observatory dataset is freely available to accredited researchers! in the UK
provided they comply with the relevant ethics and data governance processes.

1 https://ukdataservice.ac.uk/help/secure-lab/training-requirements/
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Figure 1: Overview of the SERL Observatory datasets.

Compared to the studies listed in Table Al in Appendix A, the advantages of the SERL Observatory dataset are
the combination of the higher number of participants (~13,000) from across GB, the inclusion of gas data (for around
10,000 households), the longitudinal collection, and significant contextual data linked at the household level. Table 1
shows the number of participants by recruitment wave (details in Section 2.2) and with different types of data available.
Nearly 12,980 participants (97%) have provided detailed survey data relating to their dwelling, appliances and house-
hold members. 52% of participants have EPC data with 80 variables relating to their dwelling. All participants have
region, LSOA and IMD quintile data and 24 climate reanalysis variables for every hour at locations within 30km of each
dwelling.

Table 1. Number and percent of participants in the SERL Observatory with different types of data. By ‘active’ we mean that they have not

withdrawn consent or moved house (i.e. data collection remains ongoing). Note that we do not include participants who were recruited but with-

drew consent too soon for smart meter data collection to begin, or for whom smart meter data collection is not possible for technical reasons.

Participants... Number  Percent (%)
... recruited 13,321 ~
... recruited in wave 1 (Aug/Sept 2019) 1,708 12.8
... recruited in wave 2 (Aug/Sept 2020) 3,169 23.8

.. recruited in wave 3 (Jan/Feb 2021) 8,444 63.4
... with an electricity smart meter 13,320 100.0
... with an electricity smart meter with any valid data and still “active” on 31t May 2021 12,823 96.3
... with a gas smart meter 10,202 76.6
... with a gas smart meter with any valid data and still “active” on 31%t May 2021 9,730 73.0
... with SERL survey data 12,977 974
... with EPC data 6,921 52.0
... with weather data 13,321 100.0
... with region known 13,321 100.0
... with LSOA known 13,321 100.0

.. with IMD quintile known 13,321 100.0

The aims of this paper are to explain how the SERL Observatory dataset was created, describe the data available
including the results of data quality analysis, assess the representativeness of the SERL Observatory sample, and explain
how researchers can access the data. Section 2 describes the research design and participant recruitment, Section 3
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describes the datasets included in the SERL Observatory dataset, Section 4 reports the data quality analysis, Section 5
considers sample bias, Section 6 advises researchers how to apply for data access, and Section 7 concludes.

2. Research Design

2.1. Overview

The SERL system diagram is shown in Figure 2 Smart meter data is recorded by the electricity or gas meter in the
home and sent to the Communications (Comms) Hub, also within the home, via the home area network (HAN) where
it is stored for up to 13 months2. The Data Communications Company (DCC) Gateway is a messaging service which
allows approved DCC Users to query a Comms Hub for which they have explicit consent from the occupants; further
details of participant recruitment are given in Section 2.2. Some types of user are able to modify information on the
Comms Hub (such as energy suppliers updating tariff information), but so-called ‘Other Users” such as SERL are re-
stricted to a reduced set of information. SERL sends data requests to participants’ Comms Hubs via our DCC Adaptor
Service, which returns data received along with any error messages/alerts. Consumer consents are stored on one data-
base and smart meter data on an OLTP (Online Transaction Processing) database. Data then undergo processing and
data quality analysis/error flagging by the SERL team, along with the contextual datasets which are brought into the
research portal network and linked at the participant level by a pseudo-unique property reference number (PUPRN).
Periodically the latest processed datasets will be made available to accredited researchers on approved research projects
in a secure-lab environment. Researchers in the UK can apply to access the data, and following statistical disclosure
control (SDC) checking by the UK Data Service (UKDS), approved outputs can be released and made publicly available;
further details of these stages are given in Section 2.3.
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Figure 2: SERL system diagram summarising the data flows and access processes for SERL Observatory data.

2.2. Participant recruitment

2 Reactive power and electricity export data are only stored for 3 months. The SERL project collects data for up to 12
months prior to consent, as asking participants whether they moved in less than 13 months previously is more compli-

cated than asking if they moved in less than a year ago.
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The goal of participant recruitment was to recruit a representative sample of the GB population, acknowledging
that not all households have a smart meter, and that bias will occur from both the unevenness of the smart meter rollout3
and from response bias. We used a stratified random sample approach for SERL participant recruitment. Our variables
for stratification were region and index of multiple deprivation (IMD) quintile (an area-based metric of affluence based
on factors such as education levels and crime) as these variables could be determined pre-mailing. Participants were
recruited over three recruitment waves: in August/September 2019, August/September 2020, and January/February
2021. The process for participant selection for each recruitment wave used a stratified random address sampling ap-
proach as follows:

1. Determine the number of households in each region and IMD quintile in the UK Address Base dataset to be as
representative as possible of the domestic housing stock, after filtering out those with an organisation name,
those listed as not “in use’, without an approved delivery point or no geographical (local authority) address.
The percentage in each gave us our target percentage to recruit for SERL.

2. Query a large random sample of these addresses via the DCC gateway to find those which returned a DCC-
accessible smart meter, from which we could (in theory) collect data if we had consumer consent. We achieved
a positive match with around 2-3% of addresses queried.

3. Estimate what the likely response rate from contacted households would be to provide an upper bound to
attempt to contact. For wave 1 we estimated a 5-20% response rate and the actual response rate was 9.5%.
Subsequent response rate estimates were based on the response rates from earlier waves and were IMD quin-
tile-specific.

4. Query additional random samples of UK Address Base addresses as required in order to achieve a stratified
random sample with the number in each region-quintile determined by the expected response rate and number
recruited to date.

The first recruitment wave piloted different recruitment options such as incentives which then informed the sub-
sequent recruitment strategies. The details and results of the first recruitment wave are reported in Webborn et al. [17].
For waves 2 and 3 participants were sent the most successful ‘Content Version’ from wave 1 and up to 2 reminder letters
were sent out. This means that in the first mailing participants were invited to participate online with a unique code.
They would access a “participant portal” to consent to smart meter data access and contextual data linking and follow a
link to complete the SERL survey. For those who did not respond, a second mailing was sent 13 days later, again en-
couraging participants to sign up online. Non-responsive participants were sent a final reminder 13 days after this with
both online signup details and a paper consent form and survey which they could post back in a pre-paid envelope.
This is known as “push-to-web’ recruitment as the postal response is initially withheld to encourage online participation.
In wave 1 some participants were offered two postal response mailings which did achieve a higher response rate, but
the higher costs and lower data quality (since automatic response checking and question routing could not be imple-
mented) meant that the push-to-web approach was selected instead. Wave 1 also found that offering a £5 conditional
“Love2Shop” voucher increased response by 1 percentage point. However, there were concerns that many of the partic-
ipating retailers would be closed/unavailable due to Covid-19 restrictions, so no incentive was offered for wave 2. The
response rate to wave 2 was lower than wave 1 (possibly impacted by Covid-19) and so the voucher was then offered
to all wave 3 participants to boost response for the final recruitment drive in January 2021.

Figure 3 shows the number of ‘active’” SERL participants from 15t August 2018 (0) to 1t May 2021 (12,992) who
responded to this recruitment strategy. Participants are ‘active’ from the time they sign up until they withdraw consent
or move house, at which point data collection stops (but collected data remains).

3 For example, flats are less likely to have smart meters due to technical issues with early versions of comms hubs, and

in GB smart meters are not mandatory.


https://doi.org/10.20944/preprints202109.0370.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 September 2021 d0i:10.20944/preprints202109.0370.v1

10000

5000

Number of SERL participants

0

2019-07 2020-01 2020-07 2021-01
Date

Figure 3: Number of active SERL participants over time.

2.3. Data Governance, Ethics and Consent

To access smart meter data via the DCC Gateway SERL is required to adhere to a strict set of criteria set out in UK
legislation known as the Smart Energy Code (SEC) [10]. As part of this, SERL participant and data management pro-
cesses have been reviewed and approved by the SEC Independent Privacy Auditor, which particularly focused on con-
sent and consumer authentication (Sections I1.2 to I1.5 of the SEC). The UCL Research Ethics Committee approved the
operation of the research data portal, including participant recruitment processes, the optional survey, data manage-
ment and data provisioning (the principle of providing the SERL Observatory dataset to researchers via a secure lab
environment). The SERL Observatory dataset is also registered with the Information Commissioner’s Office (ICO) via
UCL’s data protection officer.

Research projects using SERL data must comply with additional data governance and ethics processes. University
ethics approval may be required for projects using SERL data, and all projects must be approved by the independent
SERL Data Governance Board (DGB) [18] as the final step in the project review process. SERL data can then be made
available to accredited UK researchers in a secure lab environment, following the established ‘5 safes’ protocol [19] in
provisioning data to researchers:

1. Safe people: all researchers must obtain Office for National Statistics (ONS) Accredited Researcher status;
Safe projects: all projects must be approved by the independent SERL DGB;

Safe setting: data available via the UKDS secure lab environment;
Safe data: data is pseudo-anonymised appropriately for the secure lab environment;
Safe outputs: all outputs are SDC- (Statistical Disclosure Control) checked prior to release.

AR

3. Datarecords

Data records are released together and classed as ‘editions’ approximately twice per year following data quality
checking and basic processing. For example, ‘edition02” was released in April 2021 containing data up to the end of
October 2020. All filenames are suffixed with the edition number, e.g. ‘serl_survey_data_edition02.csv’. Documentation
is provided with each data release describing the variables available and any updates since the previous edition. The
documentation for the third edition which contains the datasets described here is provided in supplementary files with
this paper.

3.1. Smart meter data
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In GB there are SMETS1 (Smart Metering Equipment Technical Specifications 1) (first generation) and SMETS2
(second generation) smart meters. SMETS2 meters all communicate through the DCC gateway, and SMETS1 meters are
being migrated onto the DCC network, allowing access for any supplier following supplier switching, and also allowing
access for DCC “other users’ such as SERL. Both meter types record half-hourly energy readings; SMETS2 meters also
store daily readings. Electricity smart meters record both active and reactive power and export readings for dwellings
that export to the grid. Daily readings are stored for active electricity import (Wh) and gas import (m?) only.

SERL smart meter data records are split by temporal granularity and by time period (electricity and gas appear in
the same table). There are currently 12,823 electricity smart meters and 9730 gas smart meters with valid data in the
SERL Observatory dataset. Of these, SERL is still able to collect smart meter data for almost all; for example, 12,528
electricity meters and 9344 gas meters have recorded valid data since the start of 2021. Table 2 summarises the availa-
bility of the smart meter data for each read type. Note that fewer households have daily reads than half-hourly as some
of the SERL meters are SMETS1 (which do not store daily reads). The start dates are different for the different read types
because reactive reads and active export reads are only stored on the meter for three months, and initial SERL data
collection did not start with all read types at once. Mean and median availability are the mean (or median) of the percent
of reads that are available and valid for each read type for each household, given their data collection date range (unique
to each household based on when data collection started, when they moved in, when they signed up to SERL, etc.). The
median availability is higher than the mean, implying that most households have good availability, with only a small
number struggling with very little valid data. We discuss the data quality analysis of the datasets in Section 4.1.

Table 2: summary of smart meter data availability by read type for the SERL Observatory sample. By ‘available’ we mean the read exists as
expected and is valid according to our criteria (see below). *Households gives the number of households in the sample with at least one valid read.

**Mean (or median) of the data availability for each household.

Type Resolution Details  Units House- Earliest Mean first Mean Median
holds*  first read read date availa-  availabil-

date bility** ity**

Electricity daily active import Wh 9513 2018-08-18 2020-02-17 88.9% 100.0%
Electricity half-hourly active import Wh 12492 2019-01-13 2020-01-31 95.1% 99.9%
Electricity half-hourly  reactive import  varh 12819  2019-09-25 2020-08-31 85.7% 92.5%
Electricity half-hourly active export Wh 806  2019-11-07 2020-08-28 84.8% 86.6%
Electricity half-hourly  reactive export  varh 806  2019-11-07 2020-08-28 84.9% 86.7%
Gas daily import m3 8594 2018-08-19 2020-02-04 88.9% 99.7%
Gas half-hourly import m? 9729 2019-01-13 2020-02-07 90.4% 98.8%

Daily electricity data was originally released in one file, and is now split by year (currently 2018, 2019, 2020 and
2021). Half-hourly data was originally released in one file but as the file size increased it became necessary to split the
data by month (and year). Original data has not been modified; additional columns have been added to flag potential
errors and convert between units. In the daily datasets, if no readings exist for a given participant on a given day then
no row for that participant on that day will exist in the dataset, unless a full day’s half-hourly readings* exist for one of
the read types, in which case the row is included in order to show the sum of the half-hourly reads for that day. In the
half-hourly datasets, if no data is available for a given participant on a given half hour, then that row will be missing
from the dataset. Error flags are discussed in Section 4.1.

Figure 4 shows how the number of meters recording at least 20 days” worth of valid reads each month changes as
the number of participants increases. Note that for technical reasons data collection started later for half-hourly reads
than daily, and latest for half-hourly electricity active export and for half-hourly reactive reads (not shown). Half-hourly
electricity active import reads have greater availability/validity than their daily equivalent, and the sum of half-hourly
reads each day is provided in the daily smart meter data table to allow for use where daily reads are unavailable. Note
that SMETS1 meters only record half-hourly data.

4 ‘A full day’ is 48 half hours except for the start and end of British Summer Time (BST) when there are 46 and 50 half

hours, respectively.
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Figure 4: Number of meters with at least 20 daily reads (or 20 days’ worth of half-hourly reads) available, recorded at the correct time, and

flagged as "valid” each month.

The smart meter data-related documentation in the supplementary files are:
o serl_smart_meter_documentation_edition03.pdf — describes the smart meter datasets in detail including all
variables provided.
e serl_smart_meter_data_quality_report_edition03.pdf — describes the data quality analysis done and data avail-
ability.

3.2. Survey data

The SERL survey asks 40 questions of occupants about their dwelling, household members, and attitudes and
behaviours related to energy use. Where possible, questions were harmonized with those in existing surveys (such as
the English Housing Survey or Understanding Society). They were chosen collaboratively between the eight SERL con-
sortium partners; designed to capture the representativeness of the SERL sample compared to the GB population and
for analysis of factors likely to affect energy consumption.

Participants received the same survey except for question A5 which asked about temperature set points. In wave
1 only one box for temperature in degrees Celsius was provided, but since it was clear that many people responded in
degrees Fahrenheit, two boxes were provided in the future survey versions. Both versions of the (postal) survey are
provided in the supplementary files. Online and postal survey versions were identical apart from automatic question
skipping and answer checking for online respondents.

The survey data contains 12,977 rows (one per participant (responding household) who started the survey). The
survey data has been cleaned to allow for maximum compatibility between the responses of online and postal respond-
ents. This means that if a question would have been skipped for a participant automatically had they completed online,
we have removed the response for the postal participant as if automatic skipping had occurred. Additional cleaning
has been done to flag likely erroneous responses, impute variables where error correction is possible (e.g. clear that tally
notation has been used so a value should be 2 rather than 11), and summarise data (e.g. to indicate that no one is working
or everyone is aged over 65 years). In Sections 5.2 and 5.3 we present the results from the harmonized survey questions
and discuss the representativeness of the SERL sample.
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The supplementary files contain a table showing the frequencies of each response option to the survey questions
(merged or rounded where necessary for statistical disclosure control®). The survey data-related documentation in the
supplementary files are:

o serl_survey_documentation_edition03.pdf — describes the variables in the SERL survey dataset

o serl_pilot_recruitment_survey_copy.pdf — the postal version of the survey sent to wave 1 participants

e serl_main_recruitment_survey_copy.pdf — the postal version of the survey sent to wave 2 and 3 participants

o serl_survey_response_frequencies_edition03.csv — table of frequencies of responses to the SERL survey ques-
tions, merged or rounded for SDC checking where values are fewer than 10.

3.3. Energy Performance Certificate (EPC) data

Of the 13,321 registered SERL participants (including those who have withdrawn consent and for whom we are no
longer collecting data), 52% (6921) have an Energy Performance Certificate (EPC). The dataset consists of one row per
participant and 80 columns including the PUPRN identifier. The SERL Observatory edition 3 (described here) does not
include any Scottish EPC data; this will be provided in future editions. EPC data was collected for the SERL Observatory
using house number and postcode with the Domestic Energy Performance Certificates API¢. Note that where more than
one EPC is registered for an address we only provide the latest version. Other than replacing address data with our
participant identifier (the PUPRN) we have not modified or performed data quality analysis on this dataset. The EPC
documentation in the supplementary files is named serl_epc_documentation_edition03.pdf. In Section 5.4 we present a
short analysis of the representativeness of our sample in terms of current EPC ratings, and consider the potential bias
among households with an EPC.

3.4. Climate data

The SERL Observatory climate dataset comes from the Copernicus/ECMWEF ERAS5 hourly reanalysis dataset”. This
is reanalysis (modelled) data based on readings from weather stations across GB at a horizontal resolution of 0.25 x 0.25
degrees latitude and longitude (approximately 28 square km). The grid_cell variable is provided in the climate data and
participant summary table for linking at the household level. It takes the format xx_yy where xx indicates latitude and
yy indicates longitude, where 00_00 refers to 61 degrees latitude and -8 degrees longitude (the most Northwesterly point
in our original data grid) and an increase of 1 in xx represents a 0.25 degree decrease in latitude; an increase of 1 in yy
represents a 0.25 increase in longitude. Data are provided for all grid cells containing at least one household. For more
information about this dataset see the ERA5 documentation?.

The climate data is split into monthly files (currently 34 from August 2018 to May 2021), with approximately
340,000 rows per file. Data are provided for the 466 grid cells containing participants. There are 24 climate variables in
addition to the grid cell and time/date variables, as described in serl_climate_documentation_edition03.pdf in the supple-
mentary files. The variables provided relate to temperature, precipitation, pressure, solar radiation, cloud cover, wind
and snow.

3.5. BST dates

British Summer Time (BST) dates is a small table stating the start and end date of BST (the dates the clocks change)
from 2018 to 2024 (more years may be added going forward). There are 14 rows and 3 columns: Read_date_effective_local,
type (‘start’ or ‘end “of BST) and n_hh (either 46 or 50: the number of half-hours on the days the clocks change). Daily
data is recorded in local time and therefore corresponds to a different number of hours per day on the dates that BST
starts and ends. Half-hourly data was originally provided in Universal Time Coordinated / Universal Coordinated Time
(UTC) and local date times are included in the half-hourly datasets for reference.

4. Data Quality Analysis

5 For statistical disclosure control, as recommended by the UK Data Archive, we do not report figures relating to fewer
than 10 households. To avoid this, categories may be merged or counts rounded to the nearest 10.

¢ https://epc.opendatacommunities.org/docs/api/domestic

7 https://www.ecmmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
8 https://confluence.ecmwf.int/display/CKB/ERA5%3A+datat+tdocumentation
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We have performed data quality checking and analysis for the smart meter and survey data as a guide for data
users. The climate variables are derived data from re-analysis of multiple original datasets and therefore do not suffer
from missing data, although other issues may exist that we have not investigated. EPC data quality has been investi-
gated previously and found to suffer from inaccuracies [20], [21]. Researchers are encouraged to treat EPC data with
caution and consider potential data quality issues, in addition to the potential bias that requiring an analytic sample to
have 100% EPC data will entail (Section 5.4). All data processing for the edition 03 data and the analysis presented here
was performed using R version 4.0.1 (2020-06-06) [22]. Code used to perform the pre-processing of SERL datasets is
available on GitHub?®.

4.1. Smart meter data
As part of the smart meter data preprocessing, each read is given an error flag to indicate our belief about its
validity. Each row also contains a "valid_read_time’ flag (TRUE if on the hour/half-hour for half-hourly data or at mid-

night for daily data). The error flags are described in Table 3. Note that if all reads for a particular time are missing for
a meter then the data will be a missing row rather than an empty row in the dataset.

Table 3: Error flags and their meanings.

Code Name Meaning/Details

3 Ignore Invalid read time, no read. The row exists for a different read type that was taken at the wrong
time so we do not require a read for this time stamp.

2 No meter The meter does not exist in the DCC system; the read is not actually ‘missing’ because we do
not expect it. For example, when there is no gas meter all gas read flags will be "2’ for rows
that exist because there are electricity reads.

1 Valid The read exists and does not meet any of the other error flag criteria, and valid_read_time =
TRUE thus presumed valid.

0 Missing The read should exist as far as we are aware but it is missing.

-1 Max read The largest number storable on the meter (equal to 16777215, all 1s in 32-bit binary (the 64-bit
equivalent is converted to 32-bit to save memory). Likely due to a technical fault.

-2 Very high Table 5 in the serl_smart_meter_documentation_edition03.pdf (supplementary file) shows the

but not max  threshold for flagging a read as larger than we (cautiously) deem plausible, excluding those
flagged as ‘max reads’.

-3 Negative Value less than 0 (no occurrences).

-4 Elecin kWh  Electricity reads are required to be recorded in Wh but for some meters we believe that the
readings have incorrectly been stored in kWh. Some properties do not suffer from this prob-
lem for the entire period of collection; the issue may start or stop when a meter is replaced.
Due to the difficulty in automatically assessing this issue, any meter with at least 5 rows of
electricity data where the daily reads are approximately 1/1000t of the sum of the half-hourly
reads for that day are flagged with this error for their entire recording period. A new column
with unit correction has been included, but since the reads are rounded to the nearest kWh
instead of the nearest Wh researchers may wish to exclude such data.

-5 Valid read, Originally flagged as valid (1) but valid_read_time = FALSE therefore we cannot say over

invalid read
time

what time period the energy has been recorded. E.g. at 15:01 we may wish to keep the read,
and assume it is for 14:30 — 15:01. But at 15:15 perhaps it is 14:30 — 15:15 but it may be 15:00-
15:30, depending on the previous read. We suggest researchers filter out reads at invalid
times.

Zero reads may indicate erroneous data, as some meters have been found to record zeros during British Summer
Time (BST), but these are left to researchers to consider. It is also possible that some half-hourly electricity data is rec-
orded in tens of Wh, as a handful appear to have half-hourly sums approximately 1/100t of the daily read. Table 4
shows the number and percentage of each error flag by read type for the SERL Observatory edition 3 dataset. Missing
data is the most substantial issue, affecting 11.5% - 24.2% of reads. The worst affected are the daily reads and we provide
the sums of half-hourly reads alongside the daily data for imputation and comparison. There are very few reads flagged
with error codes other than valid or missing; ‘Max read’ is the next most prevalent, affecting around 0.7% of gas reads

9 https://github.com/smartEnergyResearchl.ab/observatoryData
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(half-hourly and daily). In terms of individual meters, 82% of meters have at least 90% of their half-hourly electricity
active import reads flagged valid; 75% of accessible gas meters have at least 90% of their half-hourly gas reads valid.
These numbers are lower for daily reads: 56% of electricity meters have at least 90% of reads valid; 71% for daily gas.
Fewer electricity meters have high-quality export data; only 36% with at least 90% valid, but this rises to 84% if we only
require at least 75% valid.

Table 4: Smart meter error flag prevalence by read type.

Half-hourly reads Daily reads
2 2 20 L 2 o - 2 -
BRE |8%¢ |85E |8§s |[UE | ZHE |CE
= 54| [Sa} 54} =
Valid 280,433,417 | 10,236,704 | 158,556,764 | 10,246,482 | 208,866,909 | 4,009,715 | 3,803,714
88.5% 87.0% 84.1% 87.0% 86.6% 66.0% 82.7%
Missing 36,290,271 | 1,526,268 | 29,901,735 | 1,526,268 | 30,480,701 | 1,467,930 749,785
11.5% 13.0% 15.9% 13.0% 12.6% 24.2% 16.3%
Max read 542 0 2 0 1,736,169 0 37,880
0.0% 0.0% 0.0% 0.0% 0.7% 0.0% 0.8%
Very high 182 9,778 1 0 7,622 1,196 4,394
0.0% 0.1% 0.0% 0.0% 0.0% 0.0% 0.1%
Negative 0 0 0 0 0 0 0
0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Elec in kWh 0 0 0 0 0 594,690 0
0.0% 0.0% 0.0% 0.0% 0.0% 9.8% 0.0%
Valid but invalid time 228 18 186 18 69,431 6 1,260
0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Figure 5 and Figure 6 summarise the availability of valid data by read type; each point represents the percent of
meters with at least x% of their reads available and valid (flag 1). We see that nearly 25% of electricity meters have less
than 10% valid daily reads over their possible data collection date range; significantly lower than for their half-hourly
equivalent. However, the meters with at least 10% valid typically have a very high percentage valid; over 50% of meters
have at least 99% of their daily and half-hourly electricity reads valid. For electricity export data, almost all export
meters have at least 50% validity, but this starts to decrease, with only around 20% having at least 95% data valid. For
gas meters (Figure 6), daily and half-hourly data quality issues seem to affect meters similarly, and around 75% of
meters record at least 90% valid reads.
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Figure 6: Percent of meters with x% of data valid over their potential valid read date range, by type of gas read (daily and half-hourly (‘hh’)).

SMETS]1 meters do not store daily readings and SMETS2 daily reads can suffer from missing data or other data
quality issues highlighted above. For these reasons we provide researchers with additional columns in the daily datasets
that show the sum of the half-hourly reads each day. In order to be included, there must be the correct number of valid
half-hourly reads taken at the correct time (error flag 1). By ‘correct number’ we mean 48, unless the clocks change, in
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which case 46 or 50. We also provide an ‘Elec_sum_match’ and ‘Gas_sum_match’ to code a comparison between the
half-hourly sums and the daily read. A description of these codes can be found in Table 6 in the serl_smart_meter_docu-
mentation_edition03.pdf supplementary file.

Information about the data quality for each read type for each participant is provided in the read-type summary
dataset. It contains information about the ‘theoretical’ date range when data could have been available (if not missing
or erroneous), the actual date range when valid data was recorded, the number and percent of reads with each error
code, and the minimum and maximum recorded valid reads. Note that in this table missing data is counted as the
number of theoretical reads minus the number of reads with error flags 1, -1, -2, -3, -4 or -5 (as some missing data will
be in a missing row rather than flagged as missing). For more details about this dataset see the serl_smart_meter_docu-
mentation_edition03.pdf supplementary file.

4.2. Survey data

The SERL survey questions underwent in-person cognitive testing with ten smart meter owners to check for clarity
and, in some cases, adapt their wording [17]. Copies of the wave 1 and wave 2/3 versions of the survey are available as
supplementary files. 12,977 participants started the SERL survey, and each question had a response rate of at least 95.0%.
The highest response rate, 98.9%, was for the first question on the survey: “Before we contacted you, did you know you
had a smart meter?”. The question with the lowest response rate (95.5%) asked about the main heat source for their hot
water taps and shower, with tick-boxes for the shower and taps. The following questions had detectable potential data
quality issues:

e A5 - What temperature do you set your controller to in the winter months for the late afternoons or evenings?
A box with °C was provided in the wave 1 survey, but it was clear that some respondents were reporting tem-
peratures in °F. Reported temperatures above 35 were assumed to be temperatures in °F and were converted to
°C. In subsequent surveys two boxes (°C OR °F) were provided. Some issues remained despite this, including:
°F continuing to be reported in the °C box, a range of temperatures being provided, temperatures reported in
both °C and °F but not matching within 1°C, and excessively high or low temperatures (defined as less than
10°C, or more than 35°C after assuming answers more than 35 were given in °F); all these issues have been
flagged as errors in the dataset. After converting responses above 35 in the °C box (assuming they were in °F)
(1.6%) 0.4% of responses remain flagged as errors.

e A16 - Which of the following, if any, is your household considering replacing or adding to your heating or
energy supply in the next 12 months? This question had several possible options to tick and a free text “other”
option. The free text response contained comments about various energy related issues, including describing
works previously completed, comments on why various options are not possible and comments regarding in-
stalled solar panels. This may be useful data and has been retained in the dataset, but it is not necessarily the
case that a participant answering ‘other’ is considering a change to their heating or energy supply in the next
12 months.

e B3 - How many other households do you share with at the moment? This question is applicable only to those
who responded in the previous question that their accommodation is not self-contained. 0.6% of respondents
who answered that their accommodation is not self-contained (i.e. shared with other households) went on to con-
tradictorily indicate that they lived with zero other households.

e B5 - How many rooms are available for use only by this household? And B6 - How many of these rooms are
bedrooms? Some respondents reported more bedrooms than rooms; these have been flagged as errors (0.4%).
Some reported zero bedrooms, these have been edited to one bedroom; the same imputation as in the UK 2011
Census [23].

e (1 - How many people currently live in your household, including you? And C2 - Including you, how many
males and females are there in each of the following age groups in your household? In some cases, the total
number of householders reported in these two questions did not match; it appears that some respondents re-
ported the ages of each householder, rather than the number of householders in each age and gender bracket.
1.7% of all respondents have C2 flagged as an error.

e (3 - Thinking about the working situation of each member of your household aged 16 and over, including you,
how many would you say fall into each category below? In some cases, the numbers reported were larger than
the number of occupants reported in the previous two questions. Sometimes it appears that people were re-
porting the number of hours worked in each category. 5.3% of all respondents have C3 flagged as an error.


https://doi.org/10.20944/preprints202109.0370.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 September 2021 d0i:10.20944/preprints202109.0370.v1

e (4 - Including you, how many people in your household hold a degree (e.g. BA, BSc) or higher qualification
(e.g. MA, PhD, PGCE)? In some cases more people with degrees were reported than people living in the house
(C1), and in some cases non-numeric responses were given. 0.1% of all respondents have C4 flagged as an error.

5. Sample bias and representativeness

SERL'’s original target was to recruit 10,000 households in GB to allow for national-level estimates for population
sub-groups such as building types with a 2-3% margin of error [16] (page 25). The aim was for the sample to be maxi-
mally representative of GB, considering the limitations of a) bias in the smart meter rollout and b) response bias. Re-
cruiting in three waves allowed us to attempt to redress the balance of participants by region and IMD quintile, by over-
recruiting in areas/quintiles that were currently under-represented. In this section we assess the representativeness of
the full SERL sample, those who responded to the survey (95%), and those with an EPC.

5.1. All SERL Observatory participants

We can use estimates for the “true’ proportions of households from Ordnance Survey’s Address Base dataset [24]
to assess the representativeness of the SERL Observatory sample by region and IMD quintile. Figure 7 compares the
locations of SERL Observatory participants with the estimated national breakdown. Most of the regions are very close
to the national proportion; Wales and Yorkshire being the exceptions with a -2.9 and +3.5 percentage point difference,
respectively. Table B1 in Appendix B gives the number of participants in each region.
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Figure 7: Percentage of the SERL Observatory in each GB region compared with our national estimate from Address Base.

Figure 8 shows the equivalent results to Figure 7 but split by IMD quintile (quintile 5 has the greatest affluence).
Overall, the SERL Observatory slightly over-represents the two quintiles with the greatest deprivation (1 and 2) but
only by a small amount. Initial recruitment strongly under-represented the lower quintiles and so efforts were made to
redress this balance in later recruitment waves. Note that Index of Multiple Deprivation is an area-based metric rather
than household-specific, and while it means that a household is more or less likely to experience deprivation, the socio-
economic circumstances of individual households within the area could still play a role in response bias of the SERL
participants. Region and IMD quintile were used for sample selection as these variables were available for all addresses
pre-contact.
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Base.

5.2. SERL Observatory survey respondents: households

Many of the SERL survey questions are designed to assess household demographics and attitudes towards energy-
saving practices. In this section we compare responses to the SERL survey with those from harmonized questions in the
English Housing Survey (EHS) 2019/20 [25], Understanding Society Wave 10 [26], and the UK 2011 Census [23]. Note
that the figures presented from these external datasets have not been weighted for response bias. The EHS only surveys
households in England, and so comparisons can only be made with SERL survey respondents in England. Understand-
ing Society covers the UK including Northern Ireland, and it was not possible to restrict this data to GB-only, so we
have to assume that removing households in Northern Ireland would not have a significant effect on the Understanding
Society statistics. The UK Census data can be filtered by region, so unless stated otherwise, 2011 Census’ refers to
households in GB. The Census has far more respondents than either of the other two surveys, and can be filtered for the
regions required, but was carried out approximately 9 years before the SERL survey. For these reasons, none of the
datasets should be considered to be ‘ground truth’, rather, indicative of potential bias in the SERL sample.

Figure 9 compares the number of occupants in SERL Observatory households in England with those in EHS 2019/20
households. The main difference is an overrepresentation of two-person households. Responses to question C2 about
the number of males and females in each age category indicates that the SERL Observatory may also overrepresent
households with all occupants aged 65 and over (30.9% in SERL compared to 23.7% in the 2011 Census).
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Figure 9: The number of occupants in SERL Observatory households in England (question C1) compared to EHS 2019/20 households.

Question B4 asks about tenure with five response options: 1) own it outright/buying it with a mortgage/loan, 2)
part own and part rent (shared ownership), 3) rent privately, 4) rent from council (local authority) or housing associa-
tion, and 5) live here rent free. The rental options are all stated as ‘with or without housing benefit’. In order to compare
with other surveys some of the categories need to be combined. The EHS has high-level response categories ‘all owner
occupiers’, ‘all social renters’” and ‘all private renters’. We compare the SERL responses (in England) by excluding “no
answer” (1.9%) and “live here rent free” (0.6%) and merging “own it outright/buying with a mortgage/loan” (77.6%)
with “part own and part rent (shared ownership)” (0.8%). We see that the SERL Observatory significantly overrepre-
sents owner-occupiers (15.7 percentage points higher than EHS) and underrepresents both private renters (8.8 percent-
age points lower) and social renters (6.9 percentage points lower) (Figure 10). Understanding Society Wave 10 also asks
this question but only has one ‘rented” option (for full details see Figure B1 in Appendix B). Comparing with this dataset
we find a substantially smaller disparity between the SERL percentage of owner-occupiers (77.7%) and the percentage
in Understanding Society (70.6%), while the SERL renters make up 19.2% compared with their 27.3%. This bias is likely
to be due to response bias from people renting, fewer smart meter installations in rental properties where renters may
not be invested in changing something in a property they plan to live in temporarily, and flats (which suffer from lower
smart meter install rates) are more likely to be rented than dwellings such as detached houses.
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Figure 10: Comparing SERL Observatory tenure types in England (counts rounded down to the nearest 20 for statistical disclosure control) with

the EHS 2019/20 survey (question B4).

The SERL survey also asks respondents how well they would say they personally are managing financially. Figure
11 compares the results to the responses from the same question in Understanding Society Wave 10. Note that the SERL
‘null response” includes those who didn’t respond, those who responded “prefer not to say” and those who responded
“don’t know”, while the Understanding Society ‘null response’ includes those with response options “missing”,
“proxy”, “refusal”, or “don’t know”. SERL respondents were less likely to answer the question, either because they had
stopped answering the survey already, or perhaps because they found the question too intrusive/personal. SERL re-
spondents were much more likely to report ‘living comfortably’ compared to ‘just about getting by’, ‘finding it quite
difficult’, or “finding it very difficult’.
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Figure 11: SERL Observatory responses to question D4 about financially wellbeing, compared to Understanding Society Wave 10.

Question A13 in the SERL survey concerns energy-saving behaviours, asking “how often do you switch off lights
in rooms that aren’t being used?” and “how often do you put more clothes on when you feel cold rather than putting
the heating on or turning it up?”. The responses can be compared with those to the same question in the Understanding
Society Wave 10 survey. Note that “Null response” in the SERL survey includes those who answered “not applicable,
cannot do this” and those who did not answer. Understanding Society had more response options, and “null response”
includes those who did not respond or whose response was “proxy”, “refusal”, “don’t know” or “not applicable, can’t
do this”. Figure 12 shows that SERL respondents were much more likely to switch off lights in unused rooms ‘very
often” although slightly less likely to switch off lights “always’. SERL respondents were a little less likely not to respond
or respond with ‘never’, ‘not very often’, or ‘quite often’. Interestingly we see a similar pattern of response differences
when comparing the question about putting more clothes on instead of using the heating more (Figure 13); fewer re-
spondents with the most energy-conscious response but more with the second-most, and significantly fewer choosing
‘never’. When combining the two most energy-saving behaviour options, the results from both questions show that the
SERL participants are slightly more energy conscious than those in Understanding Society, which is possibly to be
expected given the framing of the SERL recruitment information [17].
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Figure 12: Responses given to question A13a about saving energy by switching off lights (SERL survey respondents compared to Understanding
Society Wave 10).
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Figure 13: Responses given to question A13b about saving energy by choosing to wear more clothes over using more heating (SERL survey

respondents compared to Understanding Society Wave 10).

5.3. SERL Observatory survey respondents: dwellings
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Dwelling characteristics play a key role in how households consume energy, and many of the SERL survey ques-
tions were designed to capture relevant dwelling information, in some cases harmonized with other surveys for repre-
sentative comparisons.

We can compare the responses to question B1 about dwelling type with the results from the 2011 Census (Figure
14). The SERL Observatory slightly overrepresents detached dwellings (4.5 percentage points higher) and slightly un-
derrepresents flats (7.4 percentage points lower for all flat categories combined). As mentioned above, smart meter
installs are known to have been less prevalent in flats. Note that 2.1% of survey respondents did not answer this ques-
tion, and the percentages shown exclude non-response.
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Figure 14: Dwelling types for SERL survey respondents (question B1) compared to the 2011 Census.

Dwelling size can also play a role in energy consumption, as larger dwellings require more energy to heat. Question
B5 asked SERL respondents to count the rooms in their dwelling available for use only by the household, excluding
bathrooms, toilets, halls, landings and storage-only rooms such as cupboards. Compared to EHS 2019/20 respondents,
SERL survey respondents in England are substantially more likely to live in very large properties (more than 8 rooms)
or very small (1 or 2 rooms), and substantially less likely to live in 4 or 5 room properties (

Figure 15). The reason for this difference is unclear but could be associated with the different data collection meth-
ods between SERL and EHS; SERL is a self-reported survey whereas EHS collects this data either via a surveyor or a
telephone interview. When comparing the number of bedrooms reported in the SERL survey with the 2011 Census
data’®, SERL also overrepresents dwellings with 4 or more bedrooms, but underrepresents those with 1 or 2 bedrooms
(Figure 16).

10 Data on the number of bedrooms in Scotland is not reported in the 2011 Census so we compare with SERL survey
data for England and Wales.
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Figure 15: The number of rooms in SERL Observatory dwellings in England (counts rounded down to the nearest 20 for statistical disclosure

control) compared to those reported in the EHS 2019/20 survey.
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Figure 16: The number of bedrooms in SERL Observatory dwellings in England and Wales (E & W) compared to those reported in the 2011

Census (England and Wales only as bedroom data not available for Scotland).

Understanding whether a household can achieve their desired thermal comfort is important for understanding
their heating choices. We can compare the results of asking “during the cold winter weather, can you normally keep
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comfortably warm in your living room?” (question B7) with a similar question in Understanding Society Wave 10 which
asks “in winter, are you able to keep this accommodation warm enough?” and merging their categories “refusal” and
“doesn’t apply” into one which we call “no answer” (Figure 17). We see similar results between the two, with the SERL
respondents being a little more likely to report not being able to keep comfortably warm (6.5% compared to 4.8%, and
more of the SERL participants did not answer).

A related question (B8) asks “do you have any problems with condensation, damp or mould in your home?”.
Problems with damp and mould can be indicators that dwellings are insufficiently ventilated, poorly constructed or
under-heated, either because the heating system is incapable of providing sufficient warmth or because householders
are unable or unwilling to heat their dwelling sufficiently to prevent these issues. The EHS reports only 3.4% of house-
holds with ‘any damp’ (rising or penetrating damp or condensation/mould) whereas in the SERL survey 26.1% re-
sponded yes to the question “do you have any problems with damp or mould in your home?” (compared to 70.2% who
said no). This very large difference may be because of how the two surveys collect their data (self-reported in SERL; by
a surveyor or telephone interview in EHS). Moreover, the wording between the two surveys is different in that EHS
surveyors report instances of rising or penetrating damp, or serious condensation/mould growth, whereas SERL asks
about any problems with damp or mould, which may result in a lower threshold for reporting of an issue.
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Figure 17: Comparing responses to SERL survey question B7 about being able to keep comfortably warm with a similar question in Understanding

Society Wave 10.

For participants whose heating can be controlled by a temperature setting or smart device, question A5 asked
“what temperature do you set your controller to in the winter months for the late afternoons or evenings? If you have
more than one controller, choose what you would consider the main one”. Figure 18 is a histogram of the responses
between 10°C and 35°C, where the least popular choices have been merged into wider bars at the extremities for statis-
tical disclosure control. The modal reported set point in the SERL dataset is 20°C, the same modal value as found by
Shipworth et al. [27] in their study of 164 reported temperature set-points. Currently air conditioning is fairly rare (in-
deed less than 4% of respondents reported an air conditioning unit) and so temperature set points in summer were not
part of the SERL survey.
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Figure 18: Self-reported winter afternoon temperature set points in °C for those who could control the temperature of their heating (question A5).

Outliers are excluded and bars with fewer than 10 participants have been merged.

5.4. SERL Observatory participants with EPC data

Just over half of SERL participants have an EPC rating logged in our database, around 58% of those in England
and Wales (we do not yet have Scottish EPC data). Figure 19 compares the EPC ratings of dwellings in the SERL sample
with a national estimate from the English Housing Survey 2019 to 2020: headline report data [28]. It should be noted
that the EHS data does not include Welsh homes unlike the SERL EPC dataset and the processes for generating EPCs
for EHS dwellings are not identical to those used to generate standard domestic EPCs. In particular, EHS EPCs are
carried out by a different group of assessors, their results are more likely to undergo quality control, and only RASAP
version 9.93 was used to calculate EPC ratings (depending on when a standard domestic EPC was generated different
versions of SAP would have been used). Nonetheless, we include the following comparison of EHS and SERL EPCs as
an indication of possible differences between the SERL Observatory sample and the wider population of English dwell-
ings. When compared to the EHS EPC ratings, the SERL Observatory has roughly the same proportion of dwellings in
EPC band D, F and G, while those with rating A/B and E are overrepresented and those with rating C are underrepre-
sented in SERL. This will need to be borne in mind when generalising from studies that require an EPC rating.
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Figure 19: Percentage of dwellings in the SERL Observatory sample with each EPC rating (in England and Wales) compared to an estimate for
England (EHS). Note that EPC ratings A and B have been merged as fewer than 10 households have EPC rating A.

Regionally, EPC prevalence in the SERL sample is fairly consistent within England; from 55.6% in the Midlands to
59.4% in the South West. The prevalence in Wales is higher at 62.3% (Figure B2 in Appendix B). Figure 20 shows the
regional representation of the SERL sample with an EPC compared to the full SERL sample and the national estimate
from the Address Base dataset!’. Overall, the sample with an EPC is more representative regionally (in England and
Wales) than the full SERL sample; for the North West, South West, West Midlands and Wales, filtering out homes
without an EPC makes the sample at least 0.3 percentage points more regionally representative, while the opposite is
true for the East Midlands (all other regions show very similar percentages). Future SERL Observatory editions will
include EPC data in Scotland, but this has not been included yet for edition 3 as Scottish EPC data was only recently
released in a machine-readable format.

11 Since we do not yet have Scottish EPC data, the percentages are calculated excluding households in Scotland.
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Figure 20: Regional split of dwellings in SERL (England and Wales), national estimate from Address Base (England
and Wales), and the SERL sample of participants with an EPC (Scottish data to be included in future).

The difference between EPC prevalence among IMD quintiles within the SERL Observatory is significantly greater
than the regional differences, with those in the areas of least deprivation far less likely to have an EPC (only 43.5%) than
those with the most (56.3%) (Figure 21). This may be because rental properties (required to have an EPC) are more likely
to be in areas with greater deprivation. Almost all IMD quintiles are less representative of the national distribution
when filtering out homes without an EPC (Figure 22), with the filtered sample biased towards lower IMD quintiles.
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Note that we are not have national estimates for EPC ratings by IMD quintile, so it may be that our sample reflects the

skew in EPCs by IMD quintile.
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Figure 21: Prevalence of EPCs among SERL Observatory households by IMD quintile.
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Figure 22: Representation of IMD quintiles in each sample: the full SERL sample (GB), a national estimate from
Address Base (GB), and the SERL sample with an EPC (England and Wales).
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There are advantages for representativeness of EPC filtering; owner occupiers are substantially less overrepre-
sented and private (and to a lesser extent social) renters are less underrepresented (Figure 23). In terms of dwelling type,
the subsample of SERL dwellings with an EPC accurately represents semi-detached houses and purpose-built flats (pre-
viously over- and under-represented, respectively) and the overrepresentation of detached houses less than for the
SERL survey respondent sample (Figure 24). In general, researchers should take care when reporting results to note the
bias in the selected (sub)sample, in order to allow the generalisability of their results to be better understood.
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Figure 23: Tenure types among SERL survey respondents in England (counts rounded down to the nearest 20 for statistical disclosure

control), EHS respondents and SERL survey respondents in England with an EPC.
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Figure 24: Dwelling type among SERL survey respondents (counts rounded down to the nearest 20 for statistical disclosure control), the 2011
Census respondents and SERL survey respondents with an EPC (all England and Wales only).

6. Usage notes and code availability

Access to the SERL Observatory dataset is provided via a secure virtual lab environment and is restricted to ac-
credited researchers working on approved projects. This aligns with the 5 Safes protocols used by the UK Data Service
(UKDS). Currently, SERL only provides controlled data via a secure lab environment.

The process to obtain access to controlled data is appropriately rigorous to comply with the data governance, pri-
vacy and ethics requirements described in Section 2.3. It is strongly recommended that researchers read the detailed
documentation associated with the SERL catalogue record (SN 8666) provided as supplementary files and with the
latest data edition in the UKDS data catalogue to ensure that SERL data is appropriate for their research project before
starting the application process. In terms of timelines, the following is a rough guide to the application process:

1. Accredited researcher status (safe researcher training and exam): 1 month

2. University ethics approval: this varies by institution but allow at least 3-4 weeks

3. Project application (UKDS triage and SERL Data Governance Board review): 4-6 weeks.

Therefore, for new applicants it is recommended that at least 3 months is allowed to access the data. Full details and
guidance on submitting an application are available on the UKDS website [29].

7. Conclusions

The SERL Observatory dataset comprises 13,321 households recruited to date with linked daily and half-hourly
gas and electricity use, household survey, weather and dwelling energy performance data. The data will remain avail-
able on UKDS secure lab indefinitely, with ongoing longitudinal data collection until at least August 2022, and longer
if funding allows. The role of SERL has been explicitly acknowledged by BEIS as a platform “allowing energy research-
ers to carry out valuable public interest work” [9] (page 11). The Public Interest Advisory Group on access to smart
meter energy data final report further highlights the value of SERL as a “unique resource spanning gas and electricity
and linking energy consumption to socio-demographic and other data” and recommending “that funding is provided
for it to continue” ([30], page 6).
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In this paper we have described the SERL Observatory dataset and detailed the key processes involved from par-
ticipant sample selection, recruitment, data collection, analysis, provisioning and researcher access. Our three recruit-
ment waves during 2019-2021 and stratified random sampling approach ultimately resulted in a very close representa-
tion of IMD quintiles (within 1.7 percentage points of the target in all quintiles), and reasonable regional representation,
with the exceptions of Yorkshire (overrepresented) and Wales (underrepresented). Our sample with an EPC overrepre-
sents the most energy-efficient dwellings (EPC rating A-C) compared to the EHS EPC distribution, although it should
be noted that EHS EPC ratings are carried out slightly differently to standard domestic EPCs, which may influence this
result. We have used the SERL survey data to identify sources of bias, which are likely to have been introduced by a
combination of response bias and an uneven distribution of smart meter installations. The main sources of bias that we
can detect with the data available are the overrepresentation of owner-occupiers (underrepresenting private and social
renters), detached houses (underrepresenting flats), dwellings with a large number of rooms/bedrooms, those who are
more energy conscious and those with the greatest self-reported financial wellbeing. Researchers should consider the
change in sample bias introduced by filtering. For example, filtering out households without an EPC results in an
overrepresentation of lower IMD quintiles and certain regions, but for some characteristics (such as owner-occupiers,
renters, detached houses and flats), the filtered sample is more representative than the full SERL Observatory sample.

Ongoing research (such as [31], [32]) is demonstrating the value of the SERL linked data in a number of policy
contexts and we encourage researchers to apply to use the SERL Observatory dataset (see Section 6 for details) to make
the most of this unique UK research community resource.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Report S1: readme_serl_supplemen-
tary_files.pdf, Report S2: serl_climate_documentation_edition03.pdf, Report S3: serl_epc_documentation_edition03.pdf, Report S4:
serl_main_recruitment_survey_copy.pdf, Report S5: serl_participant_summary_documentation_edition03.pdf, Report S6: serl_pi-
lot_recruitment_survey_copy.pdf, Report S7: serl_smart_meter_data_quality_report_edition03.pdf, , Report S8: serl_smart_me-
ter_documentation_edition03.pdf, , Report S9: serl_survey_documentation_edition03.pdf, Table S1: serl_survey_response_frequen-
cies_edition03.csv.
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Appendix A: UK domestic energy datasets

Seven UK energy datasets that may be used to investigate granular (daily or finer) patterns of UK domestic energy use at the household level. Datasets are
included according to the following criteria: in terms of variables, they include whole-home energy use for at least one fuel type (electricity or gas), at daily resolution
or higher, and measurements of at least some factors which are likely to influence that energy use, e.g. contextual, building, occupant and/or appliance characteris-
tics. In terms of coverage and size, they include households sampled from within Great Britain, and sample sizes of at least 100 homes to allow for investigation of
the influence of home-level variation, relatively contemporary (covering a period that falls at least partly within last 10 years), for any duration. Datasets based on
data from simulated homes rather than occupied by actual residents are not included. The table also includes only datasets that have been made available free at
point of use for research purposes. Depending on the intended use case for the data, other suitable datasets may exist that are not listed here.

Table Al: Previously released energy datasets with comparable features to the SERL dataset, most recent first (by end of data collection). See Section 1 for criteria for inclusion of datasets described in

this table. “T” stands for ‘temperature’. See below table for additional relevant notes. Datasets were identified from: Elam 2016 [33], CEEDS: The Centre for Energy Epidemiology Data Service 2017

[34], Pullinger et al 2021 [35], Georgia Tech n.d. [36], authors” existing knowledge.

Smart Energy Solent Achiev- IDEAL House- DEFACTO: Dig- | Smart Meter En- | Customer Led North East Scot-
Research Lab ing Value from hold Energy Da- | ital Energy Feed- | ergy Consump- Net-work Revo- | land Energy
(SERL) Observa- | Efficiency taset [15], [35] back and Con- tion Data in Lon- | lution [41] Monitoring Pro-
tory [37] (SAVE) Data trol Technology | don Households ject, 2010-2012
[14], [38] Optimisation [40] [12], [13]
[39]
Number of >13,000 >4,000 255 393** 5,567 ~11,000 215
homes*
Sampling Stratified random Stratified random Mixed methods, Stratified random Participants of UK CLNR trial partici- | Purposive selec-
method** sample sample with quota sam- sample Power Networks pants tion/case studies
pling. Low Carbon Lon-
don project: "bal-
anced sample rep-
resentative of the
Greater London
population”
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Geographic cov- | Mainland England, | Hampshire, South- | Edinburgh, Lothi- | English Midlands London GB North East Scot-
erage Scotland and Wales | ampton, Ports- ans and S. Fife, land

mouth, Isle of Scotland

Wight
Temporal cover- | Aug. 2018 - Aug. Jan. 2017 — Dec. Aug. 2016 - Jun. 2015 -2018 Nov. 2011 — Feb. 2011 - 2014 2010 -2012

age**

2022 and beyond

2018

2018

2014

Whole-home en-

Electricity (import

Electricity, 15min*

Electricity, 1s. Gas,

Electricity, 2min.

Electricity, 30min

Electricity, 30min

Electricity, 5min

ergy data (fuels and export) and 1 reading per 1dm?® | Gas, 30min
and resolution) gas, 30min or 1ft’
bt
Building and Dwelling attributes | Dwelling attributes | Property type, age, | Property floor plan. | None Indoor temperature | Temperature, 1
room data*** entry floor, out- Home energy sur- (homes with air room
door space. Room vey, including a source heat pumps
type, external domestic energy only)
doors and win- assessment. EPC+
dows, floor area, input data (project-
height, radiators, collected). T per
thermostat pres- room.
ence — per room.
Occupant data Occupant charac- Occupant charac- Sociodemo- Demographic and None Mosaic consumer Demographic,

teristics, sociodem-
ographics, self-re-
ported energy
awareness and be-
haviours

teristics and house-
hold behaviours

graphics, values,
attitudes, self-re-
ported energy
awareness and be-
haviours, including
occupancy, house-
hold income band
and stability

occupancy. Heat-
ing system and ap-
pliance usage. Self-
reported zonal con-
trol usage

classification

"psycho-social
measures including
individual environ-
mental attitudes,
household charac-
teristics, and every-
day behaviours"
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(see Section 6)

regarding access

Contextual data IMD quintile, re- Urban-rural classi- | Weather, Urban-ru- | Weather None External tempera- Urban-rural classi-
gion, LSOA, EPC, fication; IMD dec- ral classification ture (homes with fication
24 weather varia- ile; modelled % of air source heat
bles LSOA in fuel pov- pumps only)
erty
Homes with and
Appliance Presence of 14 ap- None Inventory, presence | Heating system de- | None without: solar PV None
data*** pliances of smart systems; T | tails. (with automatic or
for boiler pipes, ra- with manual in-
diator pipes, hot premises balanc-
water outlets, fires, ing); air source heat
cookers; Electricity pumps; EVs. Elec-
for selected appli- tricity for EV
ances, main sub- charge points
circuits.
Other data*** Potential for link- Time use diary Tariffs, meter read- | Changes to prop- Tariff — 1100 ap- Tariff type, flat or Carbon footprint
ing ings erty near end of prox. had a dy- Time of Use questionnaire
trial vs start. namic Time of Use
tariff; remainder
flat rate.
Availability Accredited re- Registered users Open access, CC Contact data con- Open access, un- Open Access, CC UK Data Archive,
searchers on ap- via UK Data Ar- BY 4.0 trollers at Lough- specified license BY-SA 4.0 safe-guarded
proved projects chive borough University

* Maximum number of homes that include some whole-home electricity and/or gas sensor/smart meter data. Not all variables and/or the full time period may be
available for all of those homes.

** Refers to sample and period with electricity and/or gas sensor/smart meter data collection.

** Key to abbreviations: E: Electricity; G: Gas; T: Temperature; H: Humidity; L: Light level; EV: Electric Vehicle

*SAVE dataset: 10s electricity data available for staff and students at the University of Southampton on request [14].

** DEFACTO dataset: Information in table refers to main sample only (not pilot homes).
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Appendix B: Supporting Tables and Figures
Table B1: Number of participants in each region and percentage of the SERL Observatory sample.

Region Total Percentage
East Midlands 952 7.1%
East of England 1151 8.6%
Greater London 1773 13.3%
North East 508 3.8%
North West 1610 12.1%
Scotland 1297 9.7%
South East 1716 12.9%
South West 1171 8.8%
Wales 779 5.8%
West Midlands 1170 8.8%
Yorkshire 1194 9.0%

Understanding Society Wave 10 asks about tenure but only has one ‘rented” option (rather than splitting into pri-
vately and from the council/local authority/housing association). This survey also gives multiple options which we
combine into ‘null response’: ‘inapplicable’, ‘refusal’, “don’t know’, and ‘other’. The SERL ‘null response’ is the percent
who did not answer. The full results are shown in Figure B1.
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Figure B1: Comparing SERL Observatory tenure types (question B4) with the Understanding Society Wave 10 survey.

Figure B2 shows the percentage of SERL households in each region (excluding Scotland) with an EPC. Scottish
EPC data will be included in future SERL Observatory editions.
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Figure B2: Prevalence of EPCs among SERL Observatory households by region.
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