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Abstract Determining which attitudes and
behaviours predict household energy consumption
can help accelerate the low-carbon energy transi-
tion. Conventional approaches in this domain are
limited, often relying on survey methods that pro-
duce data on individuals’ motivations and self-
reported activities without pairing these with
actual energy consumption records, which are par-
ticularly hard to collect for large, nationally rep-
resentative samples. This challenge precludes the
development of empirical evidence on which atti-
tudes and behaviours influence patterns of energy
consumption, thus limiting the extent to which
these can inform energy interventions or conser-
vation programs. This study demonstrates a novel
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methodology for estimating energy consumption
in the absence of actual energy records by using
a large, publicly available data set of energy con-
sumption in the UK. We develop a predictive
model using the Smart Energy Research Labora-
tory (SERL) data portal (with records from nearly
13,000 UK households) and then use this model to
predict energy consumption (both electric and gas)
for a sample of 1,000 UK householders for which
we separately collect over 200 variables relat-
ing to climate change attitudes and practices. Our
approach uses a set of over 50 independent vari-
ables that are shared between the data sets, allow-
ing us to train a model on the SERL data and use
it to analyse the relationship between energy con-
sumption and the opinions, motivations, and daily
practices of survey respondents. Results show that
electricity consumption is influenced by a broader
range of factors compared to gas. Household
energy use is best explained by physical dwell-
ing characteristics, socio-demographic variables,
and certain behavioural and attitudinal measures.
Notably, pro-environmental attitudes, frugality,
and conscientiousness correlate with lower energy
use, while income and consumerism are linked
to higher consumption. We discuss how these
findings can inform efforts to decarbonise home
energy use in the UK.

Keywords Behaviour - Energy - Attitudes - Values -
Modelling - Survey
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Introduction

In order to meet climate goals, it is imperative that
emissions from household energy use are reduced. In
the EU, domestic consumption accounts for 27% of
final energy demand (Eurostat, 2023), and 26% of all
greenhouse gas emissions in the UK are from house-
holds (ONS, 2023a). Promisingly, there is significant
potential for emissions reductions from social and
behavioural changes in the domestic setting (Dubois
et al., 2019). In the US it is estimated that 20% reduc-
tions can be achieved through behavioural changes
without sacrificing wellbeing (Dietz et al., 2009).
Understanding the determinants of energy consump-
tion (and, especially, the primary social and behav-
ioural determinants that might be realised more easily
and at lower cost than infrastructural or technological
changes) is therefore essential to help accelerate the
low-carbon energy transition.

While physical characteristics of buildings such as
dwelling type, floor area and heating system type are
the strongest predictors of energy use and have been
shown to explain a large portion of observed vari-
ance in statistical studies of household energy con-
sumption (Huebner et al., 2015; Satre-Meloy, 2019),
occupant-related variables that represent social, psy-
chological, and behavioural factors have also been
shown to explain variability between houses of simi-
lar construction (Frederiks et al., 2015; Gram-Hans-
sen, 2013).

Unfortunately, evidence on social, psychological,
and behavioural determinants of household energy
consumption is limited. Research relies on survey
methods that produce data on individuals’ motiva-
tions and self-reported activities without pairing these
with actual energy consumption records, which are
particularly hard to collect for large, nationally rep-
resentative samples. This is because when answering
surveys, householders are typically poor at estimating
their energy consumption (Attari et al., 2010; Mar-
ghetis et al., 2019). As such, most household social
and behavioural surveys simply avoid direct questions
about energy consumption. Further, energy records
are otherwise hard to access directly from suppliers
due to data protection laws.

This study aims to address this research gap by
seeking to quantify the physical, social, psychologi-
cal, and behavioural determinants of energy con-
sumption in UK households. The UK represents a
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valuable case study due to its mixed housing stock
(MHCLG, 2023), relatively advanced smart-meter
roll-out programme (BEIS, 2023), and the socio-eco-
nomic diversity of its population (DWP, 2023). Aver-
age household energy consumption (around 39 kWh/
day) is close to the European average (BEIS, 2020).
We address this gap by developing a novel methodol-
ogy which combines two large datasets from the UK.
The first is obtained from the Smart Energy Research
Laboratory (SERL)', which includes energy con-
sumption data (electricity and natural gas) from smart
meters installed in nearly 13,000 UK households
(Webborn et al., 2021). The second is a large survey
of 1,001 UK householders with a total of 345 ques-
tions, spanning socio-demographic variables, knowl-
edge, attitudes, and behaviours relating to climate
change.

We use a specific class of regression models —
those from the sub-field of statistical learning with
sparsity — to develop predictive models trained
on SERL energy consumption data (electricity and
gas), which we then use to predict consumption for
the 1,001 households that responded to the sepa-
rate, detailed attitudinal and behavioural survey. Our
approach relies on the fact that these datasets share
many independent variables, allowing us to train a
model on the SERL data, predict energy consumption
for respondents who completed an entirely separate
survey, and use the resulting predicted energy values
to analyse the relationship between energy consump-
tion and the opinions, motivations, and behaviours of
our survey respondents.

The remainder of the article is structured as fol-
lows: Section 2 reviews approaches for modelling
household energy consumption, evidence on the
dwelling and socio-demographic predictors of energy
use in households, and the literature from envi-
ronmental psychology disciplines on attitudes and
behaviours related to household energy consumption.
Section 3 outlines the study’s methodology, includ-
ing data collection procedures and analysis methods.
In section 4, we report model results for the various
phases of our analysis, and in section 5, we discuss
the implications for future research as well as domes-
tic energy and climate policy.

! Available at: https:/serl.ac.uk/.
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Literature review

Modelling household energy usage using statistical
methods

There are many different approaches from the lit-
erature on quantitative analyses of household energy
consumption. We recommend Foucquier et al. (2013)
for an overview of the primary physical, statisti-
cal, and hybrid modelling approaches that research-
ers have used to predict consumption. This paper
focuses on the sub-field of statistical modelling and,
specifically, regression analysis with sparsity (Hastie
et al., 2015), to analyse patterns in household energy
demand.

Fumo and Rafe Biswas (2015) provide a com-
prehensive overview of the various regression
approaches that have been applied in previous stud-
ies of household energy consumption. The benefits
of these methods include their simplicity (in terms
of both understanding the outputs and application to
numerous types of household and energy data), their
flexibility (i.e., they can be adapted to many different
contexts and can handle many different types of data),
and their computational and data efficiency (in com-
parison to, for example, machine learning approaches
that typically require large data sets and more compu-
tational time to train).

Regression approaches also present numerous
disadvantages, however. Most traditional regression
techniques are not appropriate to handle data contexts
in which there are a large number of predictive vari-
ables that could influence the response. In the case of
household energy consumption, this is particularly
relevant given that the number of factors that could
influence consumption are nearly limitless (Hsu,
2015). Another disadvantage is the challenge of col-
lecting data on these factors — regression approaches
typically rely on either existing data bases of energy
consumption and household variables or specific
data sets collected via surveys or other similar instru-
ments. In both cases, lack of data availability can pre-
sent challenges for researchers, and data can also be
costly to access or collect. The result is often data sets
that are small or specific to particular geographic or
economic contexts, which limits their applicability to
wider populations of interest.

One related challenge for regression techniques
is that they tend to have poor predictive accuracy

when applied to samples for which they were not
originally developed (e.g., if a regression model is
trained on a data set of household energy consump-
tion and physical dwelling variables, it may not gen-
eralise well to new data sets in terms of its predic-
tive accuracy). This is especially the case when the
number of potential predictive variables is large, in
which cases typical regression models often “over-
fit” the data, meaning they are too tuned to the data
set on which they are initially trained (Lever et al.,
2016). It is also the case that data sets with a large
number of predictive variables suffer from cases
of “multicollinearity”, which occur when multiple
predictors have large degrees of pairwise correla-
tion (an example being dwelling size and income)
(Farrar & Glauber, 1967). The presence of multicol-
linearity can cause model standard errors and coef-
ficients to be inflated and lead to misinterpretation
(Daoud, 2017).

There is a class of regression techniques that were
developed, in part, to handle many of these chal-
lenges. These are a class of regression methods from
the field of statistical learning with sparsity (Hastie
et al., 2015). Also called “regularisation” methods,
these approaches exploit the concept of “sparsity”,
which refers to models that have a small number of
variables with non-zero coefficients. These models
are much easier to estimate and interpret than dense
models with many non-zero coefficients. Hsu (2015)
and Satre-Meloy (2019) provide helpful summaries
of the application of regularisation methods to regres-
sion models of household energy consumption and
test a wide variety of approaches in terms of their
accuracy in prediction tasks as well as their abil-
ity to identify key determinants of household energy
consumption.

The ability to predict with high accuracy while
also yielding sparse models that are straightforward
to interpret is perhaps the clearest advantage of regu-
larisation methods in the context of statistical mod-
elling of household energy consumption. With tra-
ditional methods, there is a trade-off between these
objectives, and one must determine prior to analysis
whether the primary aim is to predict consumption
well or yield interpretable models that have broader
insights for researchers and/or policymakers. Shmu-
eli (2010) discusses this distinction in depth and com-
ments on practical considerations when undertaking
statistical modelling.

@ Springer
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In this paper, as will be discussed in detail in the
Methods section, our aim is twofold: we both aim to
develop models with high predictive accuracy that
generalise well to out-of-sample data and can be used
to reliably estimate energy consumption for a sepa-
rate data set, and we aim to use statistical modelling
to assess the relationships between physical dwell-
ing and occupant social and behavioural factors and
energy consumption. As such, regularisation methods
are particularly apt to our modelling context.

Physical dwelling and socio-demographic
determinants of household energy consumption

Physical dwelling characteristics, building appli-
ances/equipment, and occupant socio-economic fac-
tors have been studied thoroughly in the household
energy consumption literature. These factors tend
to account for a large portion of observed variance
in statistical models of household energy consump-
tion (Huebner et al., 2016; Kavousian et al., 2013;
Satre-Meloy, 2019; Satre-Meloy et al., 2020). Dwell-
ing characteristics that have been studied the most
frequently include dwelling floor area (or number of
rooms/bedrooms as as a proxy used in occupant sur-
veys), dwelling type (e.g., detached vs. attached), year
of construction, presence or absence of different heat-
ing and cooling equipment, and thermal insulation
properties of the dwelling. Of these, dwelling size
and type tend to show the strongest associations with
energy consumption (a significant, positive effect
for larger dwellings and detached homes vs. semi-
detached or attached homes) (Jones et al., 2015).

For models of household electricity usage, appli-
ance-related variables are also shown to account for a
large percentage of observed variance in consumption
(Huebner et al., 2016). Although these variables are
distinct from “dwelling” variables that do not directly
involve occupant behaviour, previous studies have
found that the number of major appliances present in
the household has a strong, positive association with
household electricity usage. More specifically, num-
ber of TVs, computers, refrigerators, and specific
electric cooking appliances (e.g., electric ovens) all
consistently demonstrate positive associations (Jones
et al., 2015).

Socio-demographic variables also demonstrate
strong associations with household energy consump-
tion, though the percentage of observed variance these
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variables typically account for is somewhat less than
physical dwelling and appliance variables (Huebner
et al., 2016; Jones et al., 2015). Socio-demographic
variables that have consistently shown significant
positive effects in previous studies include number
and age of occupant(s) (often a single representa-
tive for the home but in some cases all occupants’
ages are collected), household income (and dispos-
able income), and presence of teenagers; presence of
young children and elderly occupants, household rep-
resentative’s education level, and tenure type show
mixed results in terms of the direction of association,
with some studies finding a positive association with
energy consumption and others demonstrating a nega-
tive association (Jones et al., 2015).

Psychological and social influences on householders’
environmental impacts

There is a long history of studies investigating the
psychological determinants of householders’ envi-
ronmental impacts, and constructs such as attitudes,
values, and perceived self-efficacy have been shown
to have significant influence on pro-environmental
behaviours such as activism, voting behaviours and
food choices (Duncan & Stewart, 2007; Koster,
2009; Larson & Story, 2009; Roser-Renouf et al.,
2014). However, evidence for psychological predic-
tors of household energy use is more variable, and a
consistent finding is that socio-demographic factors
such as income and household size have stronger
associations with consumption and conservation
behaviours (Becker et al., 1981; Brandon & Lewis,
1999; Frederiks et al., 2015; Gatersleben et al.,
2002; Seligman et al., 1979).

Various theories have been used to explain house-
hold behaviour, including the Theory of Planned
Behaviour (Ajzen, 1991; Vining et al., 2002), theories
of moral responsibility (Samuelson & Biek, 1991;
Van Raaij & Verhallen, 1983), normative social influ-
ence (Midden & Ritsema, 1983), and habit (Huebner
et al., 2013; Webb et al., 2022). There are also exten-
sive debates over how to conceptualise and measure
thermal comfort, which reveals the range of theoreti-
cal perspectives adopted in an extensive academic lit-
erature on household energy use (Cole et al., 2008;
de Dear & Brager, 1997; Fanger, 1970; Gram-Hans-
sen, 2010). Perceptions of energy costs have a sig-
nificant effect on conservation behaviours (Broberg &
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Kazukauskas, 2021; Lesic et al., 2018), and there is
robust evidence indicating that real-time feedback to
householders can lead to energy savings (Abrahamse
et al., 2007; Darby, 2006).

Social norms and peer influence are significant
psychological factors affecting energy use. Norm-
dynamics occur both within the household (Klein-
schafer & Morrison, 2014), and in relation to wider
society (Schultz et al., 2007). Knowing that energy-
saving behaviours are practised by similar social or
demographic groups can encourage similar behav-
iours. Social norms relating to responsibilities to
reduce emissions have also been shown to drive
conservation behaviour (Horne and Kennedy 2017).
Feedback based on social norms is effective inter-
vention, and messages comparing individual house-
holds with others of similar size and construction
can induce behavioural change via injunctive norms
(Mukai et al. 2022).

Carbon capability

The previous two sub-sections demonstrated that
household energy consumption can be explained by
a combination of structural, social, and psychologi-
cal factors. Reflecting this, the theoretical framework
which guides this study is one of relatively few within
energy social science which deliberately integrates
structure and agency, giving equal emphasis to psy-
chological constructs as to infrastructures and sys-
tems of provision. Carbon capability emphasises the
need for householders to make informed judgments
about energy (with sufficient knowledge and informa-
tion), but it also highlights the role of systemic actors
such as energy suppliers and market design and the
influence of social norms on household behaviour
(Wei et al., 2016; Whitmarsh et al., 2011).

In a recent review of literature on individual choice
for climate change, we (Hampton & Whitmarsh,
2023) build on the Carbon Capability approach to
identify six domains of choice. Four relate to indi-
viduals’ own environmental impacts: energy, trans-
port, food, and shopping. These reflect the main
components of an individual’s carbon footprint, and
there have been several recent studies which have
quantified the impacts of adopting less-impactful
behaviours in each of these domains, attracting
widespread interest (Ivanova et al., 2020; Wynes &
Nicholas, 2017). The remaining two domains relate

to public sphere activities—namely, ‘influence’ and
‘citizenship’. Influence relates to the ways in which
individuals can impact others in personal and profes-
sional networks to raise awareness or concern about
climate change or to take action to reduce their own
carbon footprints. Activities include talking about cli-
mate change to friends and family (Corner & Clarke,
2016), influencing leaders in the workplace (Zibarras
& Coan, 2015), or changing organisational norms and
practices. Citizenship relates to individuals’ politi-
cal agency and activities include voting behaviours,
engaging in community or charitable activities, or
campaigning for pro-environmental policy (Curtin
et al., 2010). These six distinct domains of Carbon
Capability directly inform this study’s design, as the
next section explains.

Methodology

This section presents an overview of the data col-
lection and analysis approaches used in the study.
First, we describe data collection procedures for the
national survey that was conducted as part of this
study to understand UK householders’ knowledge,
attitudes toward climate change, as well as their
emissions-related behaviours. Next, we describe an
approach to estimate energy usage for this survey
sample using an existing open-access data reposi-
tory of electricity and gas consumption for the UK
population. Finally, we present our methodology for
assessing the relationships between predicted energy
consumption and measures of Carbon Capability to
explore the social and psychological determinants of
energy consumption in the UK.

Data collection
UK household survey on Carbon Capability

To facilitate our study’s objective of determining
social and psychological determinants of household
energy consumption, we designed a survey for UK
respondents using the concept of Carbon Capabil-
ity (Whitmarsh et al., 2011). Survey questions were
split into six main sections, corresponding to the six
domains described in the previous section. These
examined householders’ knowledge, opinions, and
attitudes towards climate change, as well as energy

@ Springer
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use, transport, food, spending behaviours, willingness
to change, and support with respect to climate policy.
The survey also included question sets relating to per-
sonality traits using the Big Five Inventory, a 44-item
questionnaire (Costa Mastrascusa et al., 2023), and
personal values using the 21-item Portrait Values
Questionnaire (Bouman et al., 2018).

A third-party survey agency, Dynata, delivered
the survey to a nationally representative sample of
UK households between March and April 2022. A
single household representative was asked to com-
plete the survey on behalf of the household. Given
its length, the survey was split into two 20-minute
questionnaires. Wave 1 (n=2,000), consisting of
174 questions, focused on energy, transport, and
policy, and included a range of socio-demographic
indicators. Wave 2 (n=1,004) included 171 further
questions, focusing on food consumption, spending
habits, and social capital. In order to develop our
predictive model of household energy usage, our
survey included 24 questions which used precisely
the same wording as the SERL user survey (as
explained further in Section 3.2). The Wave 1 sam-
ple was representative on the basis of age, gender,
educational attainment, and ethnicity, based on UK
census data. Around 50% of Wave 1 respondents

also completed the Wave 2 survey, issued three
weeks later.

Two trial questions were included in Wave 1 and
one in Wave 2. Respondents failing either of these
were removed (=139 in Wave 1 and n=114 in
Wave 2). Further quality assurance included
checks for the number of children per household
(>7 excluded), the number of heating systems (>3
excluded), and any “straight line” answers to sur-
vey Likert Scale questions. These checks identified
three unreliable responses. The final sample size
thus consists of 1,001 verified household surveys.

A review of sample socio-demographics com-
pared to the UK population (based on national
statistics from (ONS, 2021) is shown in Table 1.
Due to the bias introduced by the fact that only
50% of respondents completed both surveys, some
demographic variables show under- or over-rep-
resentation in our final sample compared to the
UK population. These differences include a slight
under-representation of males and over-representa-
tion of females; an under-representation of 18-24
year-olds and an over-representation of those 65+;
and an under-representation of individuals with
lower levels of educational attainment. Chi-squared
tests indicate that differences between observed and

Table 1 Sample socio-demographic statistics and comparisons to UK population

Demographic variable CC Survey UK population Chi-Squared Degrees of Free- p-value
sample (ONS, 2021) Statistic (Xz) dom (df)

Sex Male 46% 50% 0.48 1 0.488
Female 54% 50%

Age 18-24 2% 12% 12.20 5 0.032
25-34 14% 17%
35-44 17% 18%
45-54 21% 18%
55-64 19% 15%
65+ 27% 20%

Education Low 21% 37% 17.68 2 <0.001
Middle 55% 36%
High 24% 27%

Ethnicity White or White British 90% 87% 0.79 4 0.94
Asian or Asian British 6% 7%
Black or Black British 2% 3%
Mixed 2% 2%
Other 1% 1%
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expected values are significant for age and educa-
tion (p<0.05).

Smart Energy Research Laboratory (SERL)

SERL (2022a) is a large, nationally-representa-
tive database of high-resolution electricity and
gas consumption data for the Great Britain pop-
ulation, collected using domestic smart meters
and household surveys. For 2021, data are avail-
able for a total of 12,911 households. These data
include both daily and half-hourly electricity
and gas readings as well as dwelling characteris-
tics and household/occupant variables collected
with a 40-question household survey. Variables
include size and type of house, number of bed-
rooms, type of heating system and controls, and
number and age of occupants. SERL makes avail-
able information on whether households have
solar photovoltaics installed at an aggregated level
(SERL, 2022b), but the electricity usage data in
the regression model described below is net rather
than gross electricity usage (2021 daily mean
electricity consumption) for homes with PV.

The SERL dataset was cleaned in two stages. In
the first stage, erroneous readings were excluded.
These were flagged by the research team responsi-
ble for maintaining the data (Webborn et al., 2022).
After removing errors, there were 9,909 households
with valid readings for mean daily electricity use
in 2021. Of these, 7,369 (74%) also included gas
usage readings. This share is slightly lower than in
the general UK population, where 78% of house-
holds use gas (BEIS, 2022). This is due to the lower
number of gas meter readings collected by SERL in
their sample. All zero values for gas were removed
from the final dataset. There are no households with
zero electricity use.

The second stage of cleaning excluded all obser-
vations where survey data was incomplete. Given
the large sample size, we used list-wise deletion
to remove all observations with any missing sur-
vey responses (e.g., even if only one survey ques-
tion was not completed, then the entire observation
was removed from the dataset). This process pro-
duced final sample sizes of 6,751 households for
the electricity dataset and 5,256 for the gas dataset,
which, for the modelling purposes described in the

following section, were of sufficient size to justify
the list-wise deletion approach.

Modelling household energy consumption using
SERL survey variables

As this study aims to examine the social and behav-
ioural determinants of energy consumption for
the UK population, it was not sufficient to use the
SERL database alone, as the SERL household sur-
vey did not include any questions that explored ele-
ments of Carbon Capability (as described above).
Conversely, it was not possible to directly access or
collect detailed energy records for the UK house-
hold survey on Carbon Capability (hereafter “CC
Survey”) due to privacy considerations.

For these reasons, we developed an approach to
train a predictive model on the SERL data using
variables that were common to the CC Survey data
and then use this model on those variables to pre-
dict electricity and gas data for the CC Survey sam-
ple. This section discusses this approach.

To develop predictive models of daily mean electric-
ity and gas usage for the SERL database, we applied
a specific regression technique that is commonly used
in statistical learning when there are a large number of
predictor variables that could lead to cases where the
model would “overfit” the data and lead to less accurate
predictions. This technique is called the least absolute
shrinkage and selection operator (lasso) (Tibshirani,
1996). Lasso is a member of a class of methods called
“regularisation” or “penalised regression” methods that
adapt ordinary least squares regression by applying a
penalty term to the least squares estimator, constrain-
ing the optimization problem in such a way that result-
ing model coefficients are reduced or shrunk. Lasso is
a specific case of penalised regression that constrains
coefficients by their I; norm. It is given by:

plasso __ . P

j —argmznﬂ<RSS(ﬂ)+/12j=l|ﬂjD )
where:

e RSS(P) is the conventional ordinary least

squares approach to minimise the residual sum-
of-squares with respect to , as in:

RSS(B) =Y, <)’i — B - Zf=1ﬁjxii> ’
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° Asz.zl |ﬁj|is the penalty term that penalises coef-

ficients by their absolute value or /;norm.

The lasso is unique as a regularisation method
due to penalising coefficients by their absolute value,
which delivers a sparse solution, shrinking many
coefficients’ values to zero and providing the dual
roles of improving model prediction accuracy while
also improving its interpretability.

The primary objective in this part of the analysis
is to develop an accurate predictive model that can be
trained on the SERL data using variables that are also
shared in the CC Survey data set. We use lasso given
the somewhat large number of predictive variables
in the data (p=>53). We develop separate models for
electricity and gas for the SERL samples described
above. Mean daily electricity and gas consumption in
the SERL data presents a log-normal distribution (see
Figures 4 and 5 in the Appendix), so to reduce the
heteroskedasticity of regression errors, we log-trans-
form mean daily electricity consumption and mean
daily gas consumption prior to applying lasso.

To train and test our lasso model on the SERL
data, we use a conventional 80% training/20% test
split of the data (separately for each of the electricity
and gas data sets). We use the R package glmnet to
tune the lasso model’s hyperparameter A, which deter-
mines the amount of regularisation that is applied.
We use k-fold cross-validation, setting k=10 folds,
and run lasso across a range of A values. Cross-vali-
dation partitions the training data into k subsets, and
in each iteration the prediction error (in this case,
mean-squared error) is calculated after training the
data on k—1 subsets and predicting on the held-out
set, repeating this procedure until each of the subsets
is held out. Prediction errors are averaged across the
model runs. We plot in Fig. 1 how cross-validated
mean-squared error varies as a function of 4 to select
the lasso model with the lowest prediction error that
we subsequently use on the test data set.

As is typical in penalised regression models, as
the value of A increases, the coefficients are penal-
ised to a greater extent, and mean-squared error typi-
cally increases as the number of non-zero coefficients
decreases. In other words, increasing the penalty term
(by increasing 4) leads to a reduction in the number
of non-zero coefficients with, as you progress to very
large values for A, a concomitant increase in model

@ Springer

mean-squared error. The tuning procedure described
above facilitates identification of the model that pro-
duces the minimum mean-squared error (or, in cases
where a more parsimonious model is desired, the
model that produces a mean-squared error within one
standard deviation of the minimum).

We find that models with 27 and 15 predictors for
the electricity and gas models, respectively, deliver
the models with the minimum predictive error while
reducing the number of non-zero predictors consider-
ably (52% for electricity and 73% for gas).

After tuning the lasso models for both electric-
ity and gas usage, we then apply those models to our
held-out test set data to compute their mean-squared
error, which will serve as a proxy for their perfor-
mance on out-of-sample or “unseen” data (in this
case, the CC Survey data — see Section 3.3). Table 2
shows statistics for both the electricity and gas mod-
el’s performance on the training and test data. We
use root mean-squared error (RMSE) as the accu-
racy metric given that it is reported in the units of the
dependent variable. In the case of both models, how-
ever, the dependent variables have been log-trans-
formed, so we present the test set RMSE in terms of
both log(kWh) and converted to kWh.

We find that our training and test RMSE values
are similar, indicating that the lasso procedure has
avoided overfitting the training data and leads to
fairly accurate predictions on held-out or unseen
data. Given that the model error is presented in
units of the dependent variable, we can assess the
error in the context of the distribution of electricity
and gas consumption for our samples. We find that
our selected lasso models yield a test-set RMSE of
1.59 kWh and 1.81 kWh for electricity and gas,
respectively, which represent an error that is 14.3%
of the mean daily electricity consumption
<x=11'1kWh> and 5.2% of the mean daily gas con-

sumption (x: 35kWh> for the sample of observations

in the SERL data.

These low model errors (in relative terms) provide
confidence in model performance for the next part of
our analysis, which uses the trained model on a sep-
arate data set — the CC survey data — in order to
predict electricity and gas usage for the purposes of
assessing the relationship between CC survey vari-
ables related to occupant attitudes/behaviours and
energy consumption.
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Fig.1 Lasso regression hyperparameter tuning and model
selection for electricity (a) and gas (b) models, using the SERL
dataset. The y-axis shows cross-validation mean-squared error,
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the bottom x-axis shows the value of log(4), and the top x-axis of the minimum (right dashed line)
shows the number of non-zero coefficients included in the

Table 2 Model performance for electricity and gas lasso models

model. Dashed vertical lines denote the model (and value of
A) that produces the minimum mean-squared error (left dashed
line) and a mean-squared error within one standard deviation

Model

Training RMSE Test RMSE Test R-squared

Mean daily electricity consumption (kWh,  0.464 (units = log(kWh)) 0.466 (units = log(kWh)) 0.474

log-transformed)

1.59 (units =kWh)

Mean daily gas consumption (kWh) 0.591 (units = log(kWh)) 0.592 (units = log(kWh)) 0.259

1.81 (units = kWh)

Our analysis at this stage is less concerned with
interpreting the resulting regression models than it is
with making accurate predictions, but given that lasso

models also benefit from improved interpretabil-
ity given their ability to deliver sparse solutions, we
can investigate model coefficients as a further check
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Table 3 Independent variables and coefficients for predicting
energy consumption using SERL’s survey (includes variables
that are common to both SERL and CC datasets)

SERL data lasso
model coefficients

Variable name

helac/ric[zy hgu.?
Intercept 2.017 2.02
Heating type: other electric e.g. heat pump 0.427 -0.174
Heating type: electric storage heaters 0.405 0
Heating type: electric radiators 0.235 0
Total adults over 16 0.226 0.052
Number of bedrooms 0.161 0.271
Heating type: other central heating 0.155 0
Total children 0.114 0
Heating controls: smart control 0.056 0
Thermostat temperature settings 0.03 0.037
Adjusting heating: for pets 0.029 0
Tenancy: own home 0.019 0.051
Adjusting heating: for cold weather 0.008 0
Total over 65 0 0.089
Heating type: biomass boiler 0 -0.537
Adjusting heating: for working from home 0 0.014
Self-assessed financial status -0.005 -0.016
Accommodation type: Semi-detached -0.006 0
Wear more clothing habit -0.009 0
Year of home construction -0.009 -0.04
Gender of respondent -0.022 0
Adjusting heating: for visitors -0.024 0
Central heating has temperature setting controls -0.028 0
Switch off lights habit -0.041 0
Heating controls: only on/off -0.041 0
Effort to reduce energy use -0.048 -0.04
Accommodation type: Terraced -0.087 -0.057
Accommodation type: block of flats -0.109 -0.252
Heating type: oil -0.113 0
Heating type: district heating -0.24 -0.031
Heating type: gas boiler -0.433 0.525

on the models’ behaviour (in this case, exploring
whether model coefficient signs and magnitudes are,
for the most part, intuitive).

Table 3 presents the lasso-selected coefficients in
each model (the non-zero coefficients in the final elec-
tricity and gas models, respectively). As shown in the
table, several variables related to heating type have
relatively large coefficients in the electricity model, as
do variables related to number of occupants, number
of bedrooms, and several variables related to thermo-
stat settings. In the gas model, the presence of electric
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heating in the home is, expectedly, negatively associ-
ated with gas consumption; other predictors of large
relative magnitude include total number of adults
and bedrooms as well as several other demographic
variables. These results add further confidence to the
model training and prediction procedures described in
this section, as the variables selected have mathemati-
cal relationships with electricity and gas consumption
that have been demonstrated in many previous stud-
ies of household energy consumption. We return to a
more thorough discussion of variables and their coef-
ficients in the paper’s results section.

Applying the model to predict energy consumption
for Carbon Capability survey participants

The lasso regression models that were trained on the
SERL data as described in Section 3.2 are subse-
quently used to predict electricity and gas consump-
tion for the respondents to the CC survey (n=1,001),
for which electricity and gas data are not available,
which facilitates analyses of the relationships between
social and behavioural variables included in the CC
survey that were not included in the SERL survey.
The application of SERL data-trained models to CC
Survey data is feasible given that both data sets share
variables (which are associated with identical survey
questions between the two surveys), including the
lasso-selected variables shown in Section 3.2.

Both survey samples were collected using repre-
sentative sampling techniques from the same general
population in the UK. Still, given that the surveys
were administered separately over different time
periods, as well as due to survey-specific sampling
nuances, we examine descriptive statistics for key
variables that are shared between the data sets in
order to determine how the two samples may differ.
Table 4 presents comparisons of descriptive statistics
for select variables between the two survey data sets
as well as with the UK population (based on recent
national statistics). Gas usage is predicted only for
those CC Survey respondents who indicated that
they have a gas boiler in their home or any respond-
ents who indicated they are part of a district heating
network.

As shown in Table 4, there are some notable but
relatively minor differences in key dwelling and
household variables between the SERL and CC Sur-
vey data sets, as well as between both samples and
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Table 4 Comparisons of descriptive statistics for select overlapping variables between SERL, CC Survey, and UK population data
sets. Sources: (ONS, 2021%; BEIS, 2022f; DLUHC, 2022#*; Ofgem, 202477

SERL CC Survey UK Population
n Sample Mean ~ SD n Sample Mean ~ SD Mean
Number of bedrooms 6751 295 0.89 1001 2.69 0.86 2.7*%
Number of occupants 2.37 1.19 2.36 1.20 2.4%
Heating fuel type: gas 74% 0.44 83% 0.37 78%"
Tenancy: own home 83% 0.37 68% 0.47 65%**
Accommodation type: block of flats 16% 0.37 10% 0.31 23%**
Mean daily electricity consumption, 2021 11.13 8.30 8.93 446 7407
Mean daily gas consumption, 2021 5256  35.03 21.68 829 25.03 11.78  31.517F

the UK population. In particular, the SERL data
include larger homes (using “Number of bedrooms”
as a proxy) than the CC survey (the latter of which
is very well matched to the UK population average
of 2.7), more homeowners (again, the CC Survey’s
average of 68% of the sample closely matches the
65% in the broader UK population), and lower fre-
quency of homes with gas heating. For this variable,
the SERL data under-represent and the CC Survey
data over-represent homes with gas heating compared
to the UK population (SERL = 74%, CC Survey =
83%, and UK population = 78%). Both survey sam-
ples under-represent dwellings with the type “block
of flats”, with the CC survey showing a lower sample
mean (10%) than the SERL data (16%) and the UK
population (23%).

These differences in underlying dwelling and
household-level variables are important in the context
of comparing the measured mean daily electricity and
gas consumption between the samples and compared
to the UK population. In general, the predicted mean
daily electricity consumption for the CC Survey sam-
ple is an average of 8.93 kWh, which is around 20%
lower than the measured mean daily electricity con-
sumption in the SERL data (11.13 kWh), but about
18% higher than the UK population average in 2021
(Ofgem, 2023). The difference between the SERL
and CC survey data means is likely explained by the
aforementioned higher frequency of larger, owner-
occupied homes in the SERL data as compared to
the CC survey (and UK population). It’s possible
that the slightly larger frequency of homeowners in
the CC survey than the UK population can explain
the slightly higher electricity consumption, as home
ownership is a variable that has been identified as a

positive correlate of electricity consumption, but
there are likely many other factors that affect elec-
tricity consumption and account for the (slight dif-
ferences) beyond what is shown in Table 4 (Huebner
et al., 2015).

Regarding gas consumption, the table shows larger
differences between measured mean daily gas con-
sumption in the SERL data and predicted gas con-
sumption in the CC Survey data. In the case of the
SERL data, mean daily gas consumption is higher
than the UK population average, whereas it is lower
in the CC Survey data. While it is unlikely to explain
the entire observed difference between the SERL and
CC Survey samples, a review of shared variables’
descriptive statistics show that SERL households
tend to have homes with slightly higher thermostat
set points and a higher percentage of households
with occupants who work from home (which would,
in both cases, lead to higher gas consumption). Fur-
ther, the gas model has a fairly large negative coef-
ficient for the variable “Accommodation type: block
of flats”, and the higher frequency of this accommo-
dation type in the CC Survey data as compared to the
SERL data is likely leading to the lower predicted
mean daily gas consumption in the CC Survey data.

Sample differences and differences in mean daily
energy consumption values (both measured and
predicted) are to be expected due to underlying dif-
ferences in the survey samples. This does not invali-
date the results of the predictions for the CC Survey
data, however; in fact, the explanations given above
should give confidence that the predictions are taking
into account the differences between the survey sam-
ples’ dwelling and household/occupant characteris-
tics — in other words, we should expect differences
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in predicted and measured electricity and gas con-
sumption between the two. We should also expect
some differences between both surveys’ energy con-
sumption values and those of the broader UK popu-
lation. While both surveys were conducted using
sophisticated sampling techniques (with the support
of independent survey administrators in both cases),
we would still expect some differences due to certain
factors affecting survey response (including the socio-
demographic differences noted in Table 1).

Given our aims of assessing relationships between
social and behavioural factors and energy consump-
tion for the CC survey, specifically, it is not necessary
to have perfect representation (though the representa-
tiveness of the sample provides some important cave-
ats for interpretation of the results and generalisability

Fig. 2 Histograms of pre-
dicted mean daily electricity
(a) and gas (b) consumption
for CC survey data
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of our findings) but rather to have predicted consump-
tion values that, where different from the SERL data
and/or UK population, can be reasonably explained
by differences in the underlying survey sample
characteristics.

Finally, comparing sample means is a somewhat
crude way to analyse differences, so we produce
histograms of the distribution of mean daily elec-
tricity and gas consumption for CC survey data sets
and present these in Fig. 2 using similar histogram
parameters (note: distributions are not available for
the UK population). A review of these shows that our
predicted consumption estimates and the measured
values from the SERL data (see Figures 4 and 5) are
fairly well matched across the full distributions. One
important difference is the presence of some tail-end
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usage households for both electricity and gas in the
SERL data (though more notable and extreme in the
gas data). This difference is also likely to explain the
slightly higher mean gas consumption in the SERL
data than predicted in the CC survey. While the pres-
ence of outliers in the SERL dataset is noteworthy,
we are reassured by the extensive and transparent
error checking and data cleaning processes followed
by the SERL team (Webborn et al., 2021).

As such, the following section describes the final
part of our methodology wherein we apply a second
set of regression models to the CC survey to exam-
ine associations between dwelling, social, and behav-
ioural variables and predicted electricity and gas
consumption.

Assessing relationships between CC survey variables
and energy usage

In this section, we describe our analysis to model
mean daily electricity and gas consumption for the
CC survey sample as a function of dwelling and
household characteristics in addition to the many Car-
bon Capability-related variables that explore occu-
pant attitudes, values, and behaviours in the context
of energy consumption and climate change.

To do this, we repeat the methods introduced in
Section 3.2, this time applying lasso regression pri-
marily as a means to identify key variables that pre-
dict higher or lower electricity and gas consumption.
The aim in this part of the analysis is to identify those
variables that, in particular, are related to Carbon
Capability, but because we need to control for the
variables that we already know to be predictive of
consumption (i.e., those variables that were selected
when training the lasso models on the SERL data),
we include those selected variables in addition to
all of the other variables included in the CC survey
data (namely, those that pertain to domains of Carbon
Capability).

As was the case with the SERL dataset, our pre-
dicted electricity consumption data for the CC survey
present a positive skew and thus are log-transformed
prior to running lasso regression. Note that this step
was not performed on the gas data given the relatively
normal distribution present. All other steps described
in Section 3.2 are repeated (e.g., splitting data into
training and test sets, k-fold cross-validation with
10 folds, hyperparameter tuning of A across a range

of values to identify and select final models, etc).
Regarding this last step, our approach differs from
that described in Section 3.2 as we select the model
with a cross-validation error that is within one stand-
ard deviation of the model with the minimum error.
This decision is guided by our desire to have a sparser
model that aids interpretability given that our primary
aim at this stage of the analysis is to interpret result-
ing model coefficients rather than predict on new data
(Friedman et al., 2010).

Finally, after running lasso separately on electric-
ity and gas consumption, we take the additional step
of performing ordinary least-squares (OLS) regres-
sion with all of the non-zero coefficients in each
model. Doing so permits a more straightforward
interpretation of the relationships between predic-
tors and the response variable, as the coefficients in
the lasso models are penalised and as such are not
straightforward to interpret.

For the OLS regression, we compute both stand-
ardised and non-standardised model coefficients
(Bring, 1994). We do this for several reasons: 1) to
compare the magnitude of coefficients on a common
scale for predictor variables that have different units,
and 2) to provide a more intuitive indication of the
coefficients by framing them in terms of the units of
the dependent variable (e.g., “percent change in mean
daily electricity consumption”). We use standardised
coefficients for the former comparison and non-stand-
ardised coefficients for the latter.

Non-standardised coefficients represent the change
in the dependent variable for a one-unit change in
the independent variable, providing a straightfor-
ward interpretation of the impact of each predictor
on the outcome. Standardised coefficients express the
change in the dependent variable in terms of stand-
ard deviations, enabling a comparison of the relative
importance of predictors regardless of their measure-
ment units. Standardised coefficients are beneficial
when comparing the strength of relationships across
variables with different scales (i.e., when the vari-
ables involved are measured in different units, which
many of the variables included in this analysis are —
e.g., “Age of home” in years vs. “Household income”
in dollars).

Before performing the OLS regression, to check
whether the lasso regression methods applied in this
part of the analysis appropriately handled the issue
of multicollinearity between predictors, we inspect

@ Springer



86 Page 14 of 25

Energy Efficiency (2024) 17:86

the variance-inflation factors (VIFs), which signal
whether regression coefficients are inflated due to
correlation between predictor variables. A typical
rule of thumb suggests that issues of multicollinear-
ity may be present if any variables show VIFs greater
than 10 (Roberts & Thatcher, 2009). The VIFs for the
predictors in the electricity OLS model range from
1.2-6.4 with a mean of 2.4 while those for the gas
OLS model range from 1.2-6.9 with a mean of 2.5. In
both cases, these factors suggest that multicollinearity
is not likely to be unduly influencing the magnitude
of coefficients in the OLS regression models.

Software

We conduct all of our analyses using RStudio (ver-
sion 2023.12.0; Rdc, 2010). We use the package caret
(Kuhn, 2008) for all model training/testing proce-
dures, as well as final model evaluation, and we use
glmnet (Taylor & Tibshirani, 2015) and its built-in
cross-validation capabilities specifically for lasso
regression, including hyperparameter tuning and
model fitting. We also use dplyr (Wickham et al.,
2023) for data manipulation and cleaning.

Results and discussion

In this section, we focus on assessing model results
for the models described in Section 3.4, which explore
relationships between dwelling characteristics, as
well as social and behavioural factors, for the CC sur-
vey population. We primarily review the strength and
direction of associations between selected variables
and energy consumption in relative terms, but we also
comment on what the model coefficients indicate in
real terms (i.e., how to interpret the size of effect in
the models in terms of increase or decrease in daily
mean electricity or gas consumption).

Lasso regression model results for CC survey

As described in Section 3.4, we apply lasso regres-
sion in models of household mean daily electric-
ity (n=1,001) and gas (n=829) consumption for
our CC survey sample to select influential variables
from a set of 229 predictors in the CC survey data
set. Our cross-validation procedure yields a range
of models shown in Fig. 3 for electricity (a) and gas
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(b), respectively. These figures show cross-validated
model error (vertical axis) for various values of the
penalty term A (shown along the bottom horizontal
axis) and resulting models with a discrete number of
non-zero coefficients (shown along the top horizontal
axis). We select the model with a mean-squared error
within one standard deviation of the minimum (the
right-hand vertical dashed line on the plot) for each
of the electricity and gas cross-validation procedures,
separately.

As described in Section 3.4, selecting this model
has the benefit of producing a sparser model with
fewer non-zero coefficients, which will aid in iden-
tifying the most influential variables from our large
predictor set (without trading off a large degree of
model accuracy). We select models with 40 and 21
non-zero model coefficients for the electricity and
gas models, respectively. These include many of the
dwelling and occupant characteristics that are shared
with the SERL data (and were selected via the first
round of lasso regression described in Section 3.2),
but they also include some of the social, attitude, and
behavioural variables that were the primary focus of
the CC survey. The following sections examine the
relative influence of both types of variables for pre-
dicting mean daily electricity and gas usage.

Physical, socio-psychological, and behavioural
determinants of energy consumption

We present all lasso-selected variables for the elec-
tricity and gas models along with their OLS coeffi-
cients (both standardised and non-standardised) in
Tables 5 and 6, respectively. In both tables, we sepa-
rate these variables based on whether they are spe-
cific to the CC survey or are shared across both the
CC Survey and SERL data sets, We rank variables
by their standardised regression coefficient (f), and
we also present non-standardised coefficients in the
tables (b) with 5/95% confidence intervals.

As mentioned in Section 3.4, interpretation of
regression coefficients varies between the standard-
ised and non-standardised cases. Standardised coef-
ficients can be compared in relative terms given that
they represent changes in standard deviations of the
dependent variable (mean daily electricity or gas
consumption in log(kWh)), which is why Tables 5
and 6 rank variables by their standardised coeffi-
cient. Non-standardised coefficients, however, are
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Fig. 3 Lasso regression hyperparameter tuning and model
selection for electricity (a) and gas (b) models, using CC Sur-
vey data. As in Fig. 3, the y-axis shows cross-validation mean-
squared error, the bottom x-axis shows the value of log(4),
and the top x-axis shows the number of non-zero coefficients

measured in the units of the dependent variable.
Interpretation in the case of the gas model (Table 6)
is straightforward — a one-unit increase in an inde-
pendent variable is expected to increase or decrease
mean daily gas consumption in kWh by the vari-
able’s coefficient. But for the mean daily electricity
model, because we performed a log-transformation
on the dependent variable prior to regression, the
coefficients are measured in terms of log(kWh). It
is typical in these cases to take the exponent of the
coefficients since exponentiation is the inverse of
the logarithm. Doing so produces coefficients that
represent changes in the ratio of the expected geo-
metric means of the dependent variable. In other

- - T T T
-2 0 2

log(Lambda)

included in the model. Dashed vertical lines denote the model
(and value of A) that produces the minimum mean-squared
error (left dashed line) and a mean-squared error within one
standard deviation of the minimum (right dashed line)

words, they represent a multiplicative factor for
every one-unit increase in the independent vari-
able — e.g., a coefficient of 1.2 represents a 1.2x
increase in the dependent variable (or, more simply,
a 20% increase).

The top portion of Tables 5 and 6 show lasso-
selected variables that are unique to the CC survey
and relate to occupant social, attitude, and behav-
ioural factors. The bottom portions show lasso-
selected variables that are shared across the CC and
SERL surveys. Comparing the magnitude of stand-
ardised coefficients between both sets makes clear
that the variables relating to occupant attitudes and
behaviours have much lower effect sizes than many of
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Table 5 Lasso-selected variables and their OLS standardised and non-standardised coefficients and 5/95% confidence intervals for
the mean daily electricity consumption model

Variable name Petecrricity Detecricity

(standardised) (non-standardised, expo-

nentiated) (5/95% CI)

Intercept

Selected variables that are unique to the CC survey data

5.124 (4.763, 5.513)

The energy efficiency of my home is lower than I would like 0.024 1.006*** (1.003, 1.010)
Disagrees that I have done all I can to reduce footprint 0.012 1.003 (0.999, 1.008)
Pro-consumerism attitude 0.010 1.003 (0.999, 1.008)
Monthly spending on health and beauty products 0.009 1.005 (0.997, 1.013)
Monthly spending on clothes and footwear 0.008 1.005 (0.997, 1.014)
Household income 0.008 1.001 (0.999, 1.000)
Percentage of disposable income spent on clothes, cosmetics, electronics, or sporting 0.006 1.000 (0.999, 1.000)
equipment
Close contacts do not buy things unnecessarily -0.002 1.000 (0.996, 1.003)
Frequency of buying products with less packaging -0.003 0.999 (0.996, 1.002)
Thinks carbon footprint is lower than average -0.004 0.999 (0.993, 1.003)
Big Five Inventory (BFI) Conscientiousness scale score -0.008 0.997 (0.991, 1.003)
Willingness to reduce car travel -0.008 0.998 (0.995, 1.001)
Socially distrusting indicator -0.011 0.991 (0.982, 1.001)
Others in home are unwilling to save energy -0.012 0.997 (0.994, 1.000)
Responded to April 2022 energy price increases by conserving energy -0.013 0.990 (0.980, 1.000)
Portrait Value Questionnaire (PVQ) Power scale score -0.014 0.994 (0.988, 1.000)
I always think about my environmental impact -0.014 0.996 (0.994, 1.003)
Agrees that it is unacceptable to heat an empty home -0.015 0.996* (0.993, 0.999)
Freedom of purchasing behaviour -0.018 0.994** (0.990, 0.998)
Has smart speaker -0.018 0.986** (0.977, 0.996)
Frequency of reduce, reuse, recycle behaviour -0.020 0.993*%* (0.988, 0.998)
Use of energy restricted by cost -0.027 0.994 (0.990, 0.997)
Home is colder than my friend’s or family member’s -0.029 0.993*%%* (0.990, 0.997)
Parent of child under 15 -0.163 0.862*** (0.850, 0.875)
Variables that are shared between the CC survey and SERL data
Number of occupants 0.669 1.235%%% (1.229, 1.242)
Number of bedrooms 0.364 1.175%** (1.167, 1.183)
Heating type: electric radiators 0.156 1.244%%% (1.221, 1.267)
Heating type: other electric heat pump 0.128 1.494%%%* (1.437, 1.553)
Thermostat temperature setting on cold days 0.105 1.034** (1.030, 1.038)
Gender of respondent (Male = 1) 0.032 1.025%** (1.015, 1.035)
Adjust heating: for home working 0.013 1.016* (1.001, 1.030)
Heating type: other central heating 0.007 1.040 (0.972, 1.112)
Adjust heating: for children -0.012 0.986 (0.971, 1.002)
Adjust heating: for visitors -0.016 0.986%* (0.975, 0.997)
Central heating has temperature setting controls -0.018 0.985%%* (0.975, 0.996)
Year of home construction -0.033 0.992:*** (0.989, 0.995)
Heating type: oil -0.066 0.882%#%* (0.858, 0.906)
Accommodation type: Terraced -0.100 0.909*** (0.898, 0.920)
Accommodation type: block of flats -0.120 0.884**%* (0.871, 0.898)
Heating type: gas boiler -0.417 0.655*** (0.644, 0.665)

#p<0.05, *%p<0.01, *¥%p<0.001.
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Table 6 Lasso-selected variables and their OLS standardised and non-standardised coefficients and 5/95% confidence intervals for

the mean daily gas consumption model

Variable name

Beas (standardised) Pas (non-standardised) (5/95% CI)

Intercept
Selected variables that are unique to the CC survey data
Financially living comfortably or doing alright
Household income
Votes for Green Party
Willingness to reduce car travel
Home is colder than my friend’s or family member’s
Use of energy restricted by cost
Socially distrusting indicator
Would give money to a local project
Freedom of purchasing behaviour
Parent of child under 15
Variables that are shared between the CC survey and SERL data
Number of bedrooms
Number of occupants
Age of respondent
Thermostat temperature setting on cold days
Adjust heating: for home working
Not working, student, retired, or not seeking employment
Living rent-free

Does not know if central heating has temperature setting controls

Accommodation type: Terraced
Accommodation type: Block of flats
Year of home construction

3.388 (1.410, 5.366)

0.028 0.445%* (0.054, 0.835)
0.024 0.089 (-0.010, 0.189)
0.014 0.537 (-0.283, 1.357)
-0.016 -0.078 (-0.187, 0.032)
-0.019 -0.091 (-0.203, 0.022)
-0.020 -0.093 (-0.209, 0.023)
-0.021 -0.335 (-0.684, 0.013)
-0.024 -0.387%* (-0.743, -0.031)
-0.027 -0.189%* (-0.340, -0.038)
-0.142 -2.630%** (-3.131, -2.128)
0.685 6.563*** (6.305, 6.821)
0.211 1.366%** (1.176, 1.556)
0.164 0.879%*%* (0.727, 1.031)
0.163 1.082%** (0.934, 1.229)
0.041 0.981#*%* (0.454, 1.507)
0.033 0.583** (0.144, 1.021)
0.031 1.574%* (0.446, 2.703)
-0.039 -2.365%%%* (-3.665, -1.064)
-0.112 -2.138%*%* (-2.563, -1.714)
-0.185 -4.396%** (-4.973, -3.819)
-0.205 -0.992%#%* (-1.098, -0.887)

#p<0.05, **p<0.01, ***p<0.001

the dwelling or socio-demographic variables selected.
This is not a surprising result given that the latter
types of factors have consistently shown the strong-
est statistical associations with household energy con-
sumption in the literature (McLoughlin et al., 2012;
Wahlstrom & Harsman, 2015; Huebner et al., 2015;
Satre-Meloy, 2019). It is likely the case that the pres-
ence of the dwelling variables and their large effect
sizes in the model is dominating the effect size of the
attitude and behaviour variables, but it is important
to control for the effects of dwelling size, number of
occupants, heating type, and other key variables in
these models in order to quantify the average effect
of a given variable (in this case, our focus is on the
attitude and behaviour variables) when holding all
other variables in the models constant. Thus, exclud-
ing dwelling variables from the models would likely
inflate or otherwise corrupt model coefficients and

lead to misinterpretation of results. Still, it is a clear
finding in our analysis that attitude and behavioural
factors appear to play a far less important role in pre-
dicting mean daily electricity and gas consumption
than do more structural, dwelling-related variables.
These latter variables show greater statistical signifi-
cance in the models, as well.

In UK households on the gas grid, gas is typi-
cally used for heating, hot water, and some cooking
appliances. In contrast, the energy services provided
by electricity are relatively more diverse, includ-
ing lighting, cooking, entertainment, and, in homes
without gas, heating and hot water supply. As such,
we see a larger number and greater diversity of vari-
ables selected in the electricity model than in the gas
model. The gas model includes 21 variables, of which
12 overlap with the model from the first part of our
analysis (trained on the SERL data).
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For both electricity and gas, dwelling size (meas-
ured by the variable “Number of bedrooms”) and
number of occupants show large, positive associa-
tions with electricity consumption. Type of home
shows a strong, negative association with electricity
consumption (i.e., terraced homes and flats/tenements
are predicted to have, on average, lower energy con-
sumption than detached homes). However, tenancy
type (e.g. home-ownership or renting) has less influ-
ence on energy consumption. “Living rent-free” was
selected with a small effect size (f=0.03), corrobo-
rating weak and mixed results in the literature (Ndi-
aye & Gabriel, 2011; Kavousian et al., 2013).

In EU households, space heating and water heating
represent over 64% and 14.5% of total energy use, respec-
tively (Eurostat, 2023). It is therefore unsurprising that
heating type is a strong predictor of electricity and gas
use in our analysis. Homes with electric heating (either
resistive technologies or heat pumps) use more electric-
ity, and ownership of a gas or oil boiler used for heating
and hot water correspondingly predicts lower electricity
use. Thermostat settings are also correlated with energy
use: for every increase by 1°C, our findings indicate that
electricity consumption increases on average by 3.4%
and gas by 8.2%. The importance of building energy
efficiency is also an expected finding. In the UK, where
the housing stock is typically older and less efficient than
elsewhere in Europe (IEA, 2022), housing age is strongly
correlated with energy efficiency (ONS, 2023b). In our
models, newer homes use less gas and electricity.

The CC survey includes a large number of attitudinal
and behavioural variables, as well as additional socio-
demographic factors. 25 of these are selected by the
electricity model, and nine by the gas model, although
the standardised coefficients and statistical significance
levels tend to be smaller than for those which relate to
building and household characteristics. This corrobo-
rates previous studies which find substantial diversity
in relation to energy behaviours in the residential sector
(Bartiaux & Gram-Hanssen, 2005; Vringer et al., 2007;
Satre-Meloy, 2019). Variables that show the strongest
positive associations primarily relate to whether occu-
pants could do more to conserve energy, as well as atti-
tudes toward consumerism and purchasing behaviour.
The variable showing the largest negative coefficient
is parenting. When controlling for the number of occu-
pants, our models indicate that being a parent of a child
under 15 is associated with 14% less electricity con-
sumption, and 10% less daily gas use. This indicates that
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for households with an equivalent number of occupants,
the relative contribution that children make towards
energy consumption is lower than for adults—an intui-
tive result but not one with much practical significance.

Our evidence indicates that householders with more
frugal attitudes use less electricity. Those who self-
report having colder homes compared with those whose
friends and family consume less, and so do those who
say they frequently reduce, reuse, and recycle items.
Similarly, householders who regularly think about their
environmental impact are found to use less electricity on
average. Those identified as being ‘Conscientious’ using
the Big Five Inventory scale (Costa Mastrascusa et al.,
2023), those with personal values relating to power
(Bouman et al., 2018), and those who say they have
“freedom of purchasing behaviour” are likely to use less
electricity and gas. These findings support the observa-
tion that frugal attitudes, combined with perceived self-
efficacy, support energy conservation.

Our modelling indicates that sensitivity to price is
a predictor of energy use. Those who agreed that their
energy use was “restricted” by its cost used around 1%
less electricity and gas than those who did not agree.
Additionally, our CC survey was conducted in April
2022, shortly after a substantial increase in the energy
price cap was implemented across the UK. Those who
said they had responded by conserving energy are esti-
mated in our model to use 1% less electricity than those
who did not. Income is also selected as a positive pre-
dictor in both models, and electricity use is correlated
with monthly spending on health products and clothes/
footwear.

Lastly, a surprising finding is that people who vote
for the UK Green Party are predicted to consume
0.5kWh of gas per day more than those who vote for
other parties. Other surprising findings include that
those more distrusting of others consume less energy;
and households which have smart speakers also use
less electricity.

Conclusions
Summary of findings
This study addresses a key research gap relating to

the social, psychological and behavioural determi-
nants of energy consumption in households.
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Developing a novel methodology for combining
two large datasets from UK households, we have
identified the key predictors of energy use and
quantified their effects using regularisation tech-
niques well suited to analysis of large numbers of
independent variables. Using lasso regression
based on a large sample of smart meter data
(n=6,751 for electricity; n=5,256 for gas), we
constructed a predictive model with relatively low
prediction error — 14.3% of the mean daily elec-
tricity consumption <X=11'1kWh> and 5.2% of the

mean daily gas consumption <x _ 35kWh>.

We believe this is the first study to use regularisation
to predict energy consumption values for a large-scale
social and behavioural survey using an existing, repre-
sentative smart-meter data set. Using the model trained
on smart meter data, we then conducted a further lasso
regression, using 200 independent variables from our
CC Survey.

Despite using the same set of independent vari-
ables in lasso regression models for both electricity
and gas, our electricity model selects a larger num-
ber of predictors (40) than the gas model (21). This
supports the observation that there is a greater range
and variety of factors that explain electricity con-
sumption than gas consumption. As mentioned pre-
viously, this is likely due to the fact that the energy
services provided by gas in UK households is lim-
ited to heating, water heating, and cooking whereas
the services provided by electricity are far more
numerous and varied.

Our results show that household electricity and
gas use in the UK is best explained by a mix of phys-
ical dwelling characteristics and socio-demographic
variables. Size of home and number of occupants
are significantly associated with increased energy
use, and the type of heating system (using electric-
ity or gas) in a northern European context strongly
influences average daily consumption.

Concurring with findings from studies of psy-
chological and social predictors, we also find that
certain behavioural and attitudinal measures are
selected by the lasso model as predictors of domes-
tic energy consumption. These include variables
relating to frugality and conscientiousness such as
indicated in the Big Five Inventory or those who say
they responded to energy price rises by conserving
energy (Broberg & Kazukauskas, 2021; Lesic et al.,

2018). By contrast, income and spending correlate
with greater electricity and gas usage (Frederiks
et al., 2015).

We also find correlation between pro-environ-
mental attitudes and behaviours not directly related
to energy, and lower household energy use (Schultz
et al., 2007; Horne & Kennedy, 2017). These include
recycling, buying products with less packaging, will-
ingness to reduce car travel, and perceptions about
social norms relating to heating behaviours. One sur-
prising finding is that individuals who tend to be less
trusting of others use less energy (gas and electricity)
at home, and those who value power — according to
the Theory of Basic Human Values (Bouman et al.,
2018) — use relatively less electricity.

Limitations

This study has limitations with respect to its design,
methods, and underlying data. As discussed in sec-
tion 3.1, the CC survey was designed to be wide-
ranging, necessitating two waves. This led to slight
under- and over- representation of some demograph-
ics in comparison to the UK population as a whole.
The resulting sample over-represents older people
and women, and it under-represents those with lower
educational qualifications.

Our approach to predict energy consumption for
CC Survey respondents using models trained on SERL
data was facilitated by replicating the survey questions
used by SERL verbatim. However, the SERL survey
that was conducted alongside the collection of smart
meter data (and thus the set of variables on which we
could develop predictive models) is limited in extent. It
excludes predictors known to be important for energy
use, such as household income. A greater number of
overlapping questions may have increased the accu-
racy of the predictive model that was applied to the CC
survey. Nonetheless, model predictive errors are rela-
tively low in terms of the units of the dependent vari-
able (14.3% and 5.2% of mean daily electricity and gas
usage for the sample, respectively), suggesting reason-
able predictive accuracy in this context.

Regarding our selection of modelling techniques,
there are some limitations to the use of lasso regres-
sion. Namely, lasso regression is not typically appropri-
ate for use in statistical inference because it is a selec-
tive method that already “searches” the data set for the
strongest associations with the response variable, which
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means that any follow-on statistical inference test (e.g.,
for determining variables’ significance level) must have
a higher threshold (Taylor & Tibshirani, 2015). Several
studies have explored significance tests for lasso regres-
sion (Lee et al., 2016; Lockhart et al., 2014), but we do
not take the step of applying these methods in this paper,
instead using conventional significance tests to present
p-values and confidence intervals alongside model coef-
ficients in our results. The effect is that p-values may be
slightly lower and confidence intervals slightly wider
than would be the case if we used lasso-specific signifi-
cance tests.

Finally, our treatment of missing data is limited given
that we use a relatively coarse method (list-wise dele-
tion) to remove observations with missing data, which
reduces the resulting sample sizes from the SERL data
on which we train our predictive models. Approaches to
impute missing data abound in the statistics literature,
and it is possible that our use of one of these approaches
could have improved model predictive accuracy, but
given the large starting size of our data sets and also the
computational burdens of multiple imputation (as well
as the inspection of model training and prediction error,
which confirmed that these were relatively small), we
determined that such treatment of missing data was not
warranted.

Implications and future research

This paper has demonstrated the value of /,regularisa-
tion (lasso regression) as a method for improving the
interpretability of multiple regression models that can
identify predictors of domestic energy consumption
without sacrificing model predictive accuracy. Moreo-
ver, we have demonstrated the value of such an approach
for generating energy consumption estimates (the met-
ric of interest) for a national survey sample for which
no energy-related data was collected. This study makes
an important contribution to overcoming a significant
obstacle in studies of the psychological, social, and
behavioural influences on energy consumption: that sur-
vey instruments cannot be used to gather reliable data on
household energy consumption (Attari et al., 2010; Mar-
ghetis et al., 2019). This has implications for social sci-
entists focused on energy and the environment, includ-
ing in psychology, sociology, and geography. The UK
case has wider relevance in Europe and beyond given
its broad mix of housing types and tenancy and diverse
population. For countries with advanced smart-meter
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programmes, there is scope to reproduce the SERL data
portal, and our study demonstrates the potential to lever-
age this unique dataset to generate broader social scien-
tific insights.

This study contributes to the growing literature
on carbon capability (Hampton & Whitmarsh, 2024;
Wei et al., 2016; Whitmarsh et al., 2011), which high-
lights the multiple influences on an individuals’ climate
impacts, including attitudes, social norms, infrastruc-
tures, and systems of provision. The carbon capability
framework was used to design the extensive survey that
underpins this study and led to the inclusion of variables
relating to ‘citizenship’ (e.g., voting preferences and pol-
icy support), as well as the ‘influence’ of social networks
and norms (Hampton & Whitmarsh, 2023). The models
reveal that several variables related to social influence
have a relationship with household energy use, whereas
relatively few of the citizenship behaviours are selected
(e.g., voting green is included, but policy support is not).
Building on this study, there is scope for future research
to quantify the other main categories of household-level
emissions, including transport, food consumption, and
the purchase of goods and services.

Our study adds to the large base of empirical evi-
dence that identifies dwelling characteristics (age, size),
occupancy, and type of heating system as the primary
determinants of household energy consumption in the
UK. Generally in our model, psychological, social, and
behavioural variables have smaller magnitudes of effect
size than those relating to demographic and building
characteristics, as found in other research modelling
predictors of household energy consumption (Huebner
et al., 2016; McKenna et al., 2022; Satre-Meloy, 2019).
Still, the cumulative effect of multiple related factors
(such as those related to householder frugality and con-
scientiousness) could be substantial, highlighting the
potential for behaviour to drive down consumption and
associated emissions (Dietz et al., 2009).

Further, it would be an error to infer that small effect
sizes means that the factors which relate to the choices
and behaviours of householders are insignificant in
explaining variance in domestic energy consumption.
Our models of electricity and gas, like most similar
studies, have R-squared values of less than 0.5, mean-
ing their explanatory power is limited. The remaining
variability observed in household consumption across
the population is likely to also be attributable to diverse
choices and behaviours and influenced by myriad social
and psychological factors that are difficult to capture
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with survey methods (Sonderegger, 1978; Frederiks
et al. 2016; Burgess & Whitehead, 2020). This supports
the need for in-depth qualitative research that uncov-
ers the variable and unpredictable nature of household
energy consumption. This in turn can help to improve
large scale studies using quantitative techniques.

These insights can also inform policy design and
implementation. This includes promoting frugality and
conscientiousness amongst householders via informa-
tion campaigns, education, and targeted and person-
alised feedback. Interventions which emphasise pro-
environmental benefits and injunctive norms are likely
to be effective. Our findings also highlight the need to
target interventions toward high-income, high-consump-
tion households. These groups, with greater capacity to
adopt low-carbon technologies such as heat pumps and
electric vehicles, are prime candidates for the promotion
of renewable heating systems and efficiency measures.
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Fig. 4 Distribution of
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Additional Methods and Results

Fig. 5 Distribution of
SERL data mean daily
gas consumption for 2021
(n=5,256). a untransformed 600
distribution. b log-trans-
formed distribution
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