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Abstract Demand-side response (DSR), the
incentivised time-shifting of energy use by consumers
away from peak times, is regarded as a potentially effective measure to balance electricity supply and demand.
This will be even more important in the low-carbon
energy system of the future, with a high share of nondispatchable power, such as variable renewable energy
and nuclear power. Most DSR programmes require consumers’ active engagement in shifting end-use activities.
Previous studies have, however, rarely revealed sociodemographic factors influential for consumers’
willingness-to-shift specific end-use activities. This study
thus aims to fill this research gap and, using a multinomial logistic model to analyse a nationwide survey, identify factors influential for DSR-related decisions. The
Highlights
• Consumers’ willingness-to-shift demand was explored using
multinomial logistic models.
• Focus was on the willingness-to-shift various energy using
activities to two off-peak periods.
• The timing of consumers’ end-use activities consistently influences their choices.
• Socio-demographic factors strongly affect consumers’
willingness-to-shift activities.
• Ownership of appliances also significantly influences consumers’ decisions.
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nationwide survey for 1004 respondents was carried out
to collect data about consumers’ willingness-to-shift their
daily activities. We focused on the activities that constitute the major part of domestic energy consumption, i.e.
cooking, dish-washing, entertainment, heating, laundry
and showering. According to the results, consumers’
original timing of the end-use activities, sociodemographic factors, ownership of specific appliances
and level of concern for energy-saving are influential
for their willingness-to-shift activities. These findings
can not only help policymakers make more targeted
DSR promotion plans but also help to improve broader
modelling tools to better consider consumers’
willingness-to-shift their demand.
Keywords Flexibility . Demand response . Consumer
behaviour . Multinomial logistic model

Introduction
The UK has set in the UK Climate Change Act (HM
Government 2008) an ambitious, legally binding target to
reduce greenhouse gases (GHGs) emissions to at least
80% below 1990 levels by 2050. To achieve the requisite
emission reductions, the whole energy system needs to be
dramatically transformed over the coming decades.
As the electricity generation sector is one of the major
sources of GHG emissions, accounting for 25% of total
emissions in 2016 (BEIS 2018a), it should be largely
decarbonised through the adaptation of low-carbon
power production technologies. In fact, it’s estimated
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that the carbon intensity of the power sector needs to
drop below 100 gCO2/kWh by 2030, followed by full
decarbonisation by 2050 (CCC 2015). A combination of
low-carbon technologies, such as nuclear, renewable
energy and thermal power plants with CCS, therefore
needs to be deployed at scale. Given the recent cost
reductions for renewables, such as wind turbines and
solar photovoltaic (PV) (IEA 2017), the share of these
intermittent generation sources is likely to keep increasing. According to estimates, the capacity of such variable renewable energy (VRE) sources could increase to
89 GW, providing about 46% of total electricity generation by 2050 (National Grid 2017). However, high
share of variable renewable energy poses challenges to
a balanced electricity system, due to their intermittent
nature of the production. For instance, an unexpected,
sharp increase in wind speed over a short period of time
could lead to a surplus of electricity; an unpredicted,
sudden drop of wind speed at another period in time
could cause a supply deficit.
The system balance challenge can become even more
demanding due to the expected high level of electrification in the end-use sectors. Electrification is generally
seen as a way to decarbonise many of the sectors (e.g.
space heating, hot water and transport) that currently
mostly rely on energy vectors other than electricity.
According to estimates (CCC 2015; Usher and
Strachan 2010), the level of electricity consumption in
2050 could be 50% to 135% higher than the current
level. Installation of heat pumps could increase to 16.7
million units (National Grid 2017), or approximately
49% of households, by 2050. Similarly, electrification
could play a substantial role in the transport sector (CCC
2015), with up to 25 million electric vehicles (EVs)
deployed to replace conventional passenger vehicles
by 2050, together consuming 35 TWh/year of electricity
(National Grid 2017). Increasing electrification in the
end-use sectors could lead to higher fluctuations (the
difference between peak and average demand) in the
daily demand profile. Consequently, this further increases the challenge of moving from dispatchable generation to more intermittent, or less responsive, generation. Dispatchable plants, such as gas-fired power
plants, and storage systems can be deployed to
balance electricity supply and demand across time
periods, in order to cope with the intermittency.
However, these technologies are either carbonintensive or, for the time being, costly (Deane
et al. 2015; Teng et al. 2016).

Demand-side response (DSR), also known as demand response, from the end-use sectors is regarded as
a promising, additional mechanism to balance the electricity system (Bradley et al. 2013; Cappers et al. 2012;
Grünewald et al. 2014; Strbac 2008; Strbac et al. 2015).
Both time-based and incentive-based DSR programmes
(Parrish et al. 2019) can contribute to system balancing
by shifting or shedding loads to match with the electricity supply profile (Cappers et al. 2012). However, as
suggested by Cappers et al. (2012), DSR programmes
with time-based retail rates might have less potential as
the granularity in the prices of these programmes is
usually not sufficient to affect consumers’ electricity
consumption to reflect detailed system conditions. For
example, time-of-use (TOU) pricing, critical peak pricing (CPP) and critical peak rebate (CPR) only have a
limited number of time-differentiated prices fixed for
specific blocks of hours in a day. Real-time pricing
(RTP), which allows the price to differ on an hourly
level, can be more effective in changing consumers’
behaviours based on the system conditions in place.
On the other hand, incentive-based programmes that
reward consumers for their willingness to alter their
consumption in response to system events could have
a significant potential to accommodate higher shares of
VRE. For example, direct load control (DLC)
programmes can control appliances, such as air conditioners and water heaters, via smart grid automatically,
without consumers’ direct interventions.
For time- and incentive-based programmes, both
consumers’ participation and engagement play a central
role in influencing the potential of these programmes for
integrating higher shares of VRE. Time-based schemes,
such as TOU, require consumers to adjust their energy
consumption behaviour in response to pricing signals.
The potential of the incentive-based schemes, such as
DLC, heavily depends on consumers’ acceptance of the
interruptions to their daily routines (Cappers et al. 2012;
Parrish et al. 2019). Consumers are cautious about losing control over appliances and comfort, and would thus
prefer to have the right to override smart control of
appliances (Fell et al. 2015; Lopes et al. 2016; M.
Nicolson et al. 2017; Xu et al. 2018). On the other hand,
it has also been noted that recruitment approach (opt-in
and opt-out) influences consumers’ willingness to engage in DSR schemes. A higher average response to
various DSR schemes has been observed when consumers participated in DSR schemes on their own initiative (opt-in recruitment), in comparison to cases in
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which consumers were automatically enrolled in DSR
schemes, with a possibility to opt-out (opt-out
recruitment) (Parrish et al. 2019). For example, Power
System Engineering (2012) ran a critical peak pricing
(CPP) pilot test on different consumer groups in the
USA to investigate their responses to CPP rates. The
test found the opt-in group had on average 12% deeper
demand reduction than the opt-out group did. Similarly,
in another test carried out in CA, USA (Potter et al.
2014), opt-in customers also had higher average demand reduction rates than opt-out customers, for both
CPP and TOU pricing signals (with 12% and 7% more,
respectively). Moreover, opt-in recruitment can sometimes result in higher aggregate peak load reduction than
opt-out recruitment, even when the former has a lower
enrolment rate (Ida and Wang 2015). Therefore, understanding consumers’ heterogeneous engagement with
DSR programmes is crucial for policymakers and utilities, so that they can target their DSR promotion
schemes especially towards those who are most likely
to engage with it and help increase system flexibility
effectively in the early stage (Faruqui and George 2005).
There have been numerous studies aiming to explore
consumers’ engagement in DSR programmes. Most of
them focused on consumers’ aggregated reactions to
pricing signals, such as static TOU tariff or dynamic
pricing, but did not consider the possible influences of
numerous socio-demographic factors (Asadinejad et al.
2018; Roldán Fernández et al. 2017). It has, however,
been suggested that, in addition to financial incentives,
socio-demographic backgrounds might also play a crucial role in consumers’ decisions to participate in DSR
(He et al. 2012; Horne and Kennedy 2017; Xu et al.
2018). There are, however, currently only a limited
number of studies exploring consumers’ heterogeneous
acceptance of DSR based on their socio-demographic
characteristics. Moreover, those few studies that did
consider socio-demographic elements all focused on
aggregate use of electricity alone and did not assess
the willingness to adjust specific domestic end-use activities, such as cooking and heating, as a function of the
socio-demographic indicators (Fell et al. 2015; M.
Nicolson et al. 2017; Xu et al. 2018). As consumers’
acceptance of DSR programmes could vary dramatically for different end-use activities (Carmichael et al.
2014; Li et al. 2017), the estimation of future benefits
of DSR in system balancing based on aggregated engagement with DSR (Teng et al. 2016) could be misleading. Moreover, the lack of understanding of

consumer behaviour and the capacity to adjust end-use
activity has also been suggested to be a significant
barrier to the design and deployment of effective DSR
programmes (Gyamfi et al. 2013).
The UK residential sector can, in principle, provide
substantial potential for DSR, accounting for about 30%
of total final energy consumption and 36% of total
electricity consumption (108 TWh) in 2016 (BEIS
2018b). Cooking, dish-washing, entertainment (e.g.
watching TV), heating, laundry and showering are the
major drivers of energy use in the sector, as is shown in
Fig. 1. Natural gas accounted for about 76% of fuels
used for heating, but heat decarbonisation in the future is
expected to increase the share of electricity use.
This study aims to use a nationwide survey to
explore the influential factors for consumers’
willingness-to-shift loads for a set of domestic enduse activities. We will focus on the six end-use
activities listed above and will use multinomial logistic models (MNLMs) to explore the impact of a
wide range of factors on consumers’ willingness-toshift the six end-use activities to two off-peak periods, namely late night (20:01~0:00) and early
morning (0:01~7:00) periods, when the electricity
consumption is lower according to the historical
electricity demand profile, with the lowest consumption in the early morning (Gavin 2014). Besides
providing information on the determinants of consumers’ acceptance, or non-acceptance, of DSR, the
developed MNLMs can also be further incorporated
in other modelling frameworks, such as agent-based
models, to better reflect consumers’ heterogeneous
engagement with DSR programmes. However, it
should be noted that various DSR designs are not
taken into account in this study; we only focus on
the general willingness to engage with DSR.
The paper is structured as follows: the “Literature
review” section reviews literature on consumers’ reactions to DSR measures. The “Methodology” section describes the methodology and the nationwide survey on
consumers’ willingness-to-shift, if lower energy prices or
a flexible device is available, and the multinomial logistic
model applied to explore the influential factors for consumers’ decisions. The results, i.e. the identified influential factors for the six end-use activities and the implications of the findings on shifting demands, are then
discussed in the “Results and discussion” section.
Finally, the “Conclusions and policy implications” section draws out the main conclusions from the study.
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Fig. 1 Domestic energy consumption by energy use and fuel type and electricity consumption by domestic appliances (excluding heating
technologies) in 2016 (BEIS 2018b)

Literature review
During the past few years, DSR has been identified as a
promising measure for, among others, providing system
flexibility to reduce electricity demand, shifting peak
demand, providing reserve capacity for unforeseen
events, balancing electricity supply and demand and
reducing congestion of the network and thus avoiding
additional investments in new plants and network reenforcements (Bradley et al. 2013; Strbac 2008). As a
result, there are numerous studies focusing on consumers’ reactions to pricing rates of various DSR
schemes, such as static TOU, dynamic TOU and DLC
(Asadinejad et al. 2018; Bradley et al. 2016; D’hulst
et al. 2015; Faruqui and George 2005; Roldán
Fernández et al. 2017; Thorsnes et al. 2012). For instance, BC Hydro’s residential TOU/CPP pilot study in
British Columbia found that higher price ratio between
peak and off-peak rates increased customers’ reduction
of energy use (Woo et al. 2013).
The influence of non-monetary factors on customers’ aggregate engagement with DSR has also
been explored in previous studies. As suggested by
Parrish et al. (2019), consumers’ engagement might
be affected by enabling technologies, such as inhome displays, ownership of specific appliances, recruitment measure and level of commitment from the
organisers of the scheme. For example, Hydro One’s
trial on TOU in Toronto, Canada, showed that customers with in-home displays reduced their energy
use 1.8% more than those without displays (Hydro

One 2008). Xcel Energy (Faruqui and Sergici 2010)
carried out a CPP trial in CO, USA, and found that
peak load reduced 6.4% more when an autonomous
control technology was offered to customers.
California’s state-wide CPP pilot trial revealed that
customers who owned air conditioners reduced 8.4%
more load in peak periods than those who did not
own air conditioners (Faruqui and George 2005).
However, previous studies mostly did not investigate
how consumers’ heterogeneous engagement with DSR
is correlated with their socio-demographic characteristics, even though understanding the various responses
among different social groups of consumers can be
useful from both policy and marketing perspectives
(Faruqui and George 2005). The few identified studies
that did do this are reviewed as follows.
Some studies on DSR programmes considered how
social group membership affects engagement with DSR
programmes, but did not differentiate between the various end-use activities. For instance, Ipsos MORI
(2012) used an online survey to interview 602 UK
respondents who had adopted static TOU programmes
about their characteristics and attitudes towards the tariffs. The survey found that middle-aged consumers with
higher income were more likely to participate in the
static TOU programmes. These participants were also
more likely to live in specific geographic regions, such
as South East, East Midlands and Eastern regions in
England. However, acceptance of load-shifting in terms
of various, specific appliances across different social
groups was not investigated.
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Other studies investigated consumers’ heterogeneous
engagements with DSR trials, exploring the influence of
generally only a limited number of socio-demographic
characteristics and not differentiating between the different
end-use activities. Carmichael et al. (2014) investigated the
responses of 1119 London residents, divided into 17 different social groups (reflecting a handful of sociodemographic attributes, such as wealth, living area and
race), to low and high price signals in a dynamic TOU
trial. The acceptance of the dynamic TOU was found to be
generally fairly strong, with an in-home display showing
the energy price found the most useful measure to help
consumers react to the dynamic TOU. Consumers with
higher incomes or more family members were also found
to be more responsive to the programme. Potter et al.
(2014) carried out DSR trials in a municipal district in
CA, USA, for 2 years, in order to explore the impacts of
various pricing schemes (including CPP and static TOU),
recruitment approaches (opt-in and opt-out) and in-home
display on customers’ energy use. However, customers’
socio-demographic characteristics were not taken into account. Opt-in customers had a higher average load reduction than opt-out customers, while low-income customers
were found to be more likely to opt in the trial and less
likely to drop out. The customers with lower income level
were, however, also less willing to shift consumption from
peak to off-peak period under both pricing plans. None of
the studies reviewed here considered participants’ responses in terms of different end-use activities.
Online surveys are the most often adopted approach
for exploring consumers’ heterogeneous engagement
with DSR. Even though respondents’ stated preferences
could be different from their revealed preferences, this
approach is seen as an efficient way to investigate consumers’ possible behaviours (Helveston et al. 2018).
Moreover, unlike participants of DSR trials who opt
in, respondents of an online survey are more likely to
represent the general public as a whole, as they have not
been screened by DSR recruitment mechanisms. Some
studies using online surveys are reviewed as follows.
For example, Mert et al. (2008) conducted online
surveys in five EU countries (Austria, Germany, Italy,
Slovenia, and the UK), in order to better understand
consumers’ appliance specific acceptance of loadshifting (washing machine, tumble drier, dishwasher,
air conditioner, refrigerator, electric water heater, electric space heater and heat pump were considered). It was
found that the acceptance of smart operation of appliances was heterogeneous across the countries, e.g.

respondents in Slovenia had a higher willingness to
accept smart control of space heating while the UK
respondents were more likely to accept smart control
of heat pumps. Consumers’ acceptance of load-shifting
by their socio-demographic characteristics within these
countries was not considered, however.
Demski et al. (2013), in turn, carried out a nationwide
online survey to investigate UK public’s stated acceptance
of various remote control strategies related to their electricity
use. Autonomous turn-off of standby digital boxes, TVs and
computers had the highest acceptance, while about half of
respondents also accepted remote control of their washing
machines and showers. Fewer respondents, about 30%,
were willing to accept remote control of their boilers and
fridges. Again, the impact of socio-demographic characteristics was not considered in the study.
Oseni et al. (2013) used an online survey to investigate UK consumers’ stated attitudes towards three scenarios of shifting, through smart appliances and dynamic supplier intervention, the energy use of cold appliances, wet appliances and cooking. Load shifting of
cold appliances had the highest acceptance rate; whereas, respondents were less likely to accept the use for wet
appliances (dishwashers and washing machines) to be
interrupted. The diverse level of engagement among
social groups of respondents—defined based on their
gender, age and income—was also investigated. Only
the influence of age was identified as significant by the
study. Other major end-use activities, such as heating
and showering, were not considered.
Using an online survey, Fell et al. (2015) explored the
factors affecting UK consumers’ willingness to adopt
specific DRS programmes (static TOU tariff, static TOU
with automated response to price changes, dynamic
TOU, dynamic TOU with automated response to price
changes and DLC). DLC was found acceptable in principle (within tight bounds and with override ability).
Dynamic TOU with automated response to price changes and static TOU had a similar level of acceptance.
Several socio-demographic factors, such as age and
housing tenure, were included in a multiple linear regression to identify the relationship between respondents’ acceptance of DSR programmes and the predictor
variables, but no influential socio-demographic factors
were revealed or discussed in the study. Instead, only the
influences of perceived usefulness, perceived ease of
use, spending control and general control were reported.
Nicolson et al. (2017) used a survey experiment to
study UK consumers’ willingness to switch to a 3-tiered
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TOU tariff. Consumers’ willingness was found to be
influenced by loss-aversion, ownership of demand flexible appliances, age of the respondent, household lifestyle
and household size. How consumers’ willingness-to-shift
depends on the original end-use time (e.g. morning,
evening) and the specific end-use activity, such as heating
and cloth-washing, was not examined in the study.
Li et al. (2017), in turn, explored, with the help of an
online survey, users’ willingness in the Netherlands to
adopt smart appliances and to shift the use time of the
appliances. Socio-demographic characteristics, dwelling
characteristics, household energy use, familiarity with
smart technologies and energy attitude were taken into
account in a linear regression formulation, to identify the
consumers’ heterogeneous willingness to change their
end-use behaviours. These behaviours included the use
of smart technologies, postponing the start times of
appliances, turning off heating or air-conditioning
and lowering the indoor temperature. Willingness-to-shift
other major end-use activities, such as cooking, clothwashing and showering, was not considered, neither was
the influence of the original timing of the activities.
Horne and Kennedy (2017) conducted three online
experiments to explore the influences of social norms,
such as positive behaviour visible to others, on US
consumers’ willingness to reduce energy consumption
and carbon emissions. Non-monetary strategies, such as
normative pressure, were identified as efficient in
influencing consumers’ energy consumption behaviours. However, the considered socio-demographic factors, including political orientation, gender, age and
education, were not found statistically significant in
influencing consumers’ decision on adopting smart
technologies to shift end-use times.
Most recently, Xu et al. (2018) used an online survey
to investigate US consumers’ acceptance of DLC with
and without financial incentives and an override option.
The relationship between consumers’ sociodemographic characteristics and their decisions was also
explored. About half of the participants were found
willing to accept DLC without any conditions, and the
existence of an override option was found to increase
acceptance by further 20%. Respondents who were
younger, Democrats, non-Whites, had higher education
levels, lived in larger dwellings and lived with more
people were more likely to adopt DLC. The authors,
however, only considered consumers’ acceptance for
the two DLC programmes to control air conditioners,
but did not consider any other end-use activities.

Overall, a fairly limited range of socio-demographic
characteristics, such as age, education level, ethics, political orientation, homeownership and dwelling characteristics, were considered in the previous studies. More
importantly, consumers’ heterogeneous willingness to
change the time of major residential energy end-use
activities, such as heating and cloth-washing, as a function of their socio-demographic characteristics has not
been explored. Understanding better the potential for
shifting various residential demands, and the acceptable
timing for those shifts, is crucial for understanding the
system flexibility that may be available to accommodate
increasing share of VRE.
In view of the identified research gap, this study thus
aims to consider a wider range of potentially influential
factors, including the original end-use time for a specific
activity, ownership of appliances and consumers’ attitude towards energy-saving, into account to assess consumers’ heterogeneous willingness-to-shift their enduse time of all major energy consumption activities.
Consumers’ choices of shifting to specific two offpeak periods, late night (20:01~0:00) and early morning
(0:01~7:00), are explicitly considered.

Methodology
Nationwide survey
An existing nationwide survey (Xenitidou 2016) was
adopted as it includes data about UK consumers’
willingness-to-shift individual end-use activities, while
simultaneously reporting on a wide range of respondents’ socio-demographic attributes. The nationwide
survey was conducted to collect respondents’ choices
about three shifting options, “would not shift,” “shift to
early morning (0:01~7:00)” and “shift to late night
(20:01~0:00)”. The survey was carried out in 2015
among UK adults aged 18–65 by a market research firm
using an online questionnaire. Rim-weighting (Sharot
1986) was then used to correct any imbalances in the
sample profile achieved during the survey. The
variables that were weighted were age, gender,
region, number of people in a household, education, income, working status and tenure (for more
detailed information regarding the design of the
survey, refer to Xenitidou (2016)).
The following question was presented to respondents
for each of the six end-use activities, i.e. cooking, dish-
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washing, entertainment, heating, cloth-washing and
showering:

If there was a time in the day/night when the
following activities could be done in a cheaper
or more energy efficient way (e.g. flexible use
option, ecological or economy programme or device, cheaper gas/electricity rate), would you shift
the time in the day that the following activities are
done in your home?
As specific DSR programme implementations and
monetary measures were not included in the survey,
the responses only reflect consumers’ general willingness, or non-willingness, to shift their activities. In other
words, we measure how consumers’ choices are affected by their socio-demographic and other considered
characteristics, but different price signals are outside
the scope of our research.
Along with the question regarding willingness-toshift, the questionnaire also comprised a long list of
questions regarding respondents’ original timing of activities, socio-demographic background, dwelling characteristics, ownership of appliances and eco-attitudes towards
energy-saving. Up to 51 attributes were collected through
the survey, as shown in Table 1. These attributes were
then treated as potentially influential factors on respondents’ willingness-to-shift. Only some attributes were
regarded as continuous variables, e.g. number of residents
and number of children in a household. The rest of the
attributes were regarded as dummy variables, i.e. binary
variables representing respondents’ specific sociodemographic characteristics, such as being male or living
in a detached house, in the analysis in which influential
factors were identified. These attributes were taken into
account because previous studies had suggested they
might be influential for DSR or other consumer behaviour issues, such as heating technology choices (Decker
and Menrad 2015; Michelsen and Madlener 2012).

have thus been adopted widely in many studies that
investigate factors influencing consumers’ choice of, for
example, residential heating technologies and transport
technologies (Byun et al. 2018; Decker and Menrad
2015; Hackbarth and Madlener 2013; Laureti and
Secondi 2012; Lillemo et al. 2013; Michelsen and
Madlener 2012; Rouvinen and Matero 2013; Ruokamo
2016; Scarpa and Willis 2010; Willis et al. 2011). The
question regarding consumers’ willingness-to-shift is also
a choice problem, comprising, in our case, of three alternative options: not willing to shift, willing to shift to early
morning (0:01~7:00) and willing to shift to late night
(20:01~0:00). Even though there are other approaches,
such as simple descriptive statistics (Demski et al. 2013;
Tjørring et al. 2018) and ordinary least squares regression
analysis (M. L. Nicolson et al. 2018), that have been
applied in some previous studies, those approaches are
not able to represent consumers’ preferences for multiple
options in parallel, in order to compare their choice
preferences on the same statistical basis. Furthermore,
the constructed MNLMs can estimate the probability of
consumers’ choices based on their multiple characteristics. Such models can then be used to evaluate DSR
potential of a target group of consumers, in order to
support policymaking. Therefore, the MNLM is adopted
also in this study to explore consumers’ preferences for
demand-shifting of end-use activities.
The utility (U) for shift alternative i (i.e. no shift, shift
to late evening, shift to early morning) for activity j (i.e.
cooking, dish-washing, entertainment, heating, clothwashing, showering) for individual n (n = 1, 2, ..., N)
can be expressed as follows:
U nij ¼ V nij þ εnij

ð1Þ

Vnij is the systematic observable component or mean
utility value of the alternative i for activity j for an
individual n. εnij is the random error component associated with an alternative i for activity j for an individual
n. The observable systematic utility, Vnij, is given by:

Multinomial logistic model

V nij ¼ αij þ βijk X nk

ð2Þ

This study applies an MNLM to investigate the factors
affecting the choice of whether to shift energy use or not.
An MNLM explains choice behaviour as a set of preferences where the consumer is assumed to choose the most
preferred available outcome in order to maximise one’s
own utility (Ben-Akiva and Lerman 1985). MNLMs

where Xnk is a vector of the explanatory variables (k = 1, 2,
…, K), such as consumer n’s age, household income,
dwelling type and ownership of appliances, βijk is a vector
of the unknown parameters associated with the explanatory variables Xnk and αij is the alternative-specific constant,
which also reflects the average (system-specific) impacts
of factors that are not observed and included in the model.
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Table 1 Respondents’ attributes collected from the survey
Category

Attribute

Time of use

Cooking, dish-washing, entertainment,
heating, laundry, showering in 5
intraday periods, including 0:01~7:00,
7:01~9:00, 9:01~18:00, 18:01~20:00,
20:01~0:00

Socio-demographic

Gender, age range (younger than 17,
18~24, 25~34, 35~44, 45~54, 55~64,
older than 65), regions (North East,
North West, York and Humber, East
Midlands, West Midlands, East of
England, London, South East, South
West, Wales, Scotland), number of
residents*, number of children*,
education level (GCSE or similar,
A-levels, degree level,
professional/work related, none),
household income (less than 15,000,
15,000~29,999, 30,000~79,999, more
than 80,000), employment status, work
from home (yes/no, days*, hours*), pay
bill

Dwelling
characteristics

House type (detached, semi-detached,
terraced, flat, studio), number of
bedrooms*, ownership, house age*

Ownership of
Energy-efficient appliances, smart meter,
appliances/devices
CFL, LED, PV, heat pump, wood stove,
wood pellet boiler, home insulation
solution, dishwasher, vacuum cleaner,
TV, home cinema audio system, DVD
player, game console, audio system,
computer, electric storage heater, central
heating, space heater, continuous water
heater, instantaneous water heater,
tumble drier, washing machine, iron,
shower, cooker, microwave, fridge,
freezer
Eco-attitude

Level of concern for energy-saving*

Only those with * are continuous variables. The rest are dummy
variables

The probability of consumer n’s choice of a specific
shifting option m can be represented as follows:



exp βijk X nk

ð3Þ
P ynj ¼ mjX nk ¼ 3
∑i¼1 exp β ijk X nk
where ynj is consumer n’s choice of willingness-to-shift
for activity j. As there are three shifting options considered in this study for each activity j, the denominator
thus comprises the summation of the exponential function for the three options.
The coefficients of the model and their significance
were estimated using the PythonBiogeme package,

which uses maximum likelihood estimation to determine those coefficients (Ben-Akiva and Lerman 1985;
Bierlaire 2016). The considered socio-demographic factors were introduced into the model sequentially as
explanatory variables to investigate their significance
in influencing consumers’ choices. Only those statistically significant enough factors, whose p values1 are
less than 0.1, were retained and are discussed in the
following sections. Changes of these statistically significant factors are likely to lead to changes in the prediction of respondents’ willingness-to-shift. Therefore,
these factors could be meaningful for understanding
respondents’ heterogeneous engagement with DSR.

Results and discussion
Respondents’ end-use activities and overall
willingness-to-shift
In total, 1004 respondents completed the survey, and the
descriptive statistics of these respondents are given in
Appendix 1. Compared to ONS (2017), the age and
gender profile of the respondents is very similar to that
of UK population. According to a standard statistical
formula for sample size design suggested in Pani and
Sahu (2019), the sample size of this study corresponds
to a confidence level of 99%. The confidence level
represents the percentage of replies that can reflect the
opinions of the whole population. Moreover, the sample
size also leads to a margin of error of about 4%, which is
the percentage of error that could exist in the estimated
parameters compared to real parameters. Both statistics
are better than default statistical settings used for the
sample size design (Raosoft Inc. 2004). Similar sample
sizes have also been reported in other survey-based
studies (Lillemo et al. 2013; Ruokamo 2016; Willis
et al. 2011). The revealed relationship between consumers’ characteristics and their shifting choices in this
study is thus statistically meaningful.
The temporal distribution of the various end-use activities as obtained from the survey is shown in Fig. 2, to
illustrate the contribution of individual activities to hourly
residential energy consumption. This information,
1
P values are measures to tell how likely it is the corresponding
explanatory variables have a meaningful influence on the response
variables. The lower the p value is, the higher the chance of the
explanatory variable correlating with response variables is.
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together with the identified willingness-to-shift that will
be discussed in the following sections, will allow the
potential for DSR to be evaluated based on consumers’
characteristics. Percentage of respondents carrying out
activities in the five time-slots (0:01~7:00, 7:01~9:00,
9:01~18:00, 18:01~20:00 and 20:01~0:00) is distributed
evenly for each hour within each time-slot. It should be
noted that each respondent might carry out a specific
activity several times a day and do several activities
during a specific time-slot, which means the summation
of the percentages of respondents over all time-slots for
an activity, or over a specific time-slot for all activities,
can both be larger than 100%. Since the magnitude of the
y-axis represents the percentage of respondents, the profile of activities only illustrates the frequency of activities
in each time-slot, rather than the amount of energy consumed. Cooking takes place more frequently both during
the morning (7:01~9:00) and the evening (18:01~20:00)
peaks. Dish-washing follows a similar trend as that of
cooking. Entertainment (e.g. watching TV), on the other
hand, happens mostly in later time-slots, such as
18:01~20:00 and 20:01~24:00. Finally, heating, laundry
and showering all have two peaks: one in the morning
(7:01~9:00) and another one in the evening
(18:01~20:00). Overall, activities are generally taken less
often in early morning (0:01~7:00). These results are
consistent with those found by Torriti (2017).
The timings of individual activities are correlated to
each other, as the correlation coefficient matrix in
Appendix 2 shows. This suggests that respondents can
have specific combinations of how the end-use activities
are timed. Also, it is often found that the timing of an
activity also influences the likelihood of performing that
same activity at another point during the day. For example,
statistically speaking, when one cooks during daytime
(9:01~18:00), it is less likely that one would cook during
the evening peak (18:01~20:00). For laundry and
showering, this applies for all time-slots, i.e. once the
activity is taken in a specific time-slot, it’s less likely to
be carried out in any other time-slot. Moreover, some
activities are likely to happen together. For instance,
cooking time has a positive correlation with dish-washing
during the same time-slot, implying that these two activities
often occur side-by-side (as opposed to, for example, one
happening after the other). Results also suggest that a
respondent who cooks during the evening peak
(18:01~20:00) also has a higher chance to watch TV during
the evening peak (18:01~20:00) and night (20:01~0:00)
than a respondent who cooked at a different time.

The overall willingness-to-shift for the six end-use activities is presented in Fig. 3. Cooking, entertainment,
heating and showering are the least likely to be shifted,
with, depending on the specific activity, 73–88% of respondents not willing to shift. Dish-washing and laundry,
in turn, are the two activities that respondents are more
willing to shift; 45% would be willing to shift the timing of
their dish-washing and 58% the timing of laundry. The
high willingness to change dish-washing and laundry time
is in line with the findings in previous studies (Carmichael
et al. 2014; Li et al. 2017; Power System Engineering
2012; Smale et al. 2017). In general, respondents tend to
shift the end-use time to late night (20:01~0:00) rather than
early morning (0:01~7:00) to avoid noises from the operation of appliances (Carmichael et al. 2014; Friis and
Haunstrup Christensen 2016).
Multinomial logistic models
Six MNLMs were constructed to identify influential factors for respondents’ willingness-to-shift the timing of the
six activities. The overview for the importance of specific
factor groups in influencing respondents’ willingness-toshift end-use activities is shown in Table 2, with the
colour of the circles reflecting the number of individual
influencing factors (darker circles equals a higher share of
all factors in the group being influential). This table is
used to summarise how influential the different factor
groups are for each of the end-use activities. The underlying, more disaggregated individual factors are then
discussed further in the following sections.
The coefficients of the identified influential factors in
six MNLMs, one for each specific activity, have also
been compiled into Table 6 in Appendix 4 for cross
comparison. The definitions of the variables shown in
Table 6 can be found in Appendix 3. Each end-use
activity, such as cooking and dish-washing, has its
own MNLM, with coefficients representing the influences of the corresponding variables on respondents’
choices of shifting (including no shift, to 0:01~7:00
(early morning) and to 20:01~0:00 (late evening)). A
positive coefficient in the table implies the corresponding variable increases respondents’ tendency of choosing the corresponding shifting option; a negative coefficient suggests the opposite. For variables represented
by binary variables (e.g. male vs female), the larger the
coefficients, the higher the influences the corresponding
variables have on respondents’ decisions. For example,
the positive coefficient 0.39 for variable male in the
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Fig. 2 Temporal distribution of domestic energy consumption activities

column indicating the choice of switching “to
20:01~0:00” for cooking activity suggests that male
respondents agree to shift cooking to late evening more
often than women do. For the continuous variables, such
as the number of residents or house age, the influence is
evaluated by multiplying the coefficients with the variable values. For example, as shown in Table 6 in
Appendix 4, living in a house with 5 bedrooms (variable
“No. of bedrooms”) increases the likelihood to shift
dish-washing time to the early morning more than doing
cooking in the early morning does, as their coefficients
are 0.306 and 1.08 respectively (variables “No. of bedrooms” and CK0to7). Finally, the variables with no

coefficients reported in the table are not influential for
the specific activity and are discarded from the MNLM.
For example, living in London does not affect the likelihood for shifting cooking in any way.
Overall, the current timing of activities is consistently
found influential on respondents’ willingness-to-shift.
More importantly, the original timing of an activity not
only affects the general willingness-to-shift the activity,
but also the original timings of the other activities often
play a role. Furthermore, respondents’ age also shows
substantial correlations with their shifting tendency for
most of end-use activities, e.g. older respondents were
often found less likely to be willing to shift their usual
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timings of activities. Likewise, the ownership of appliances and devices is also identified as strong explanatory
factors on respondents’ decisions, even in cases when the
specific appliance is not directly linked to the activity
(e.g. respondents who own washing machines have lower
intention to shift the timing of dish-washing). Strong
influences of respondents’ eco-attitudes on predicting
respondents’ willingness-to-shift were identified, but are
limited to dish-washing, entertainment and laundry.
Finally, consumers’ other socio-demographic attributes,

Shift to 0:01~7:00

Heating

Laundry

Showering

Shift to 20:01~0:00

such as gender and education level, can also affect their
willingness-to-shift for certain activities, e.g. house type
is particularly influential for heating. The identified influential factors for each end-use activity are discussed in
more detail in the following sections.
End-use time
Timing of the end-use activities was consistently found
to be an influential factor on consumers’ willingness-to-

Table 2 Importance of variable groups in influencing respondents’ shifting choices for six end-use activities
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shift the activities. The timing of an activity can be
influential for the willingness-to-shift the same
activity—or another activity. As an example for the
former, consumers are more likely to shift their enduse activity, if they originally carried out the specific
activity in the time-slot right before or after the new
time-slot. Dish-washing, laundry and showering belong
to this category; respondents who wash dishes in the
morning (7:01~9:00) or the evening (18:01~20:00) peak
were more willing to shift dish-washing to a little earlier
(0:01~7:00) or later (20:01~0:00). The same applies to
doing the laundry. This suggests that respondents would
be more likely to change end-use time if the changes are
not very large and the new timing of the end-use activity
remains close to the original slot. According to our
results, this is especially the case for dish-washing,
laundry and showering.
In contrast, for some activities, respondents would
clearly prefer to keep activities at their original slots.
This is especially evident for the respondents who heat
their homes between 7:01 and 20:00 (and even more
clearly, 9:01~18:00). The same applies to the respondents who shower in the morning (7:01~9:00), as also
shown in Table 6 in Appendix 4.
As noted, significant correlations also exist between
the timings of different activities. For example, the timing
of respondents’ cooking and showering has clear relationships with consumers’ willingness-to-shift other activities. Dish-washing, for example, is more likely to be
shifted after or to the same time-slot as cooking time, as
the coefficient of variable CK0to7 (cooking in the early
morning) for the choice of shifting dish-washing to early
morning is positive (1.08). A range of similar dynamics
can be observed, for example, for laundry and showering
(showering preferred to be shifted to the period before
laundry) and laundry and entertainment (entertainment
preferred to be shifted to the period after laundry). While
some of these, such as the connection between cooking
and dish-washing, appear understandable, others are less
obvious, might reflect some other underlying characteristics and would require further research.
Finally, activities taking place in daytime (9:01~18:00)
have been found to increase the likelihood of consumers
being unwilling to shift their activities. For example, respondents who cook during daytime (9:01~18:00) are less
likely to be willing to shift their timing for dish-washing,
laundry and showering. This could be due to those activities being also carried out in the daytime (9:01~18:00), as
cooking does (see the correlation coefficient matrix in

Appendix 2). Timings of heating and showering have
similar influences, as heating houses during the daytime
increases respondents’ unwillingness-to-shift their cooking
time, as does showering for dish-washing and laundry.
Socio-demographic factors
A wide range of significant socio-demographic factors
has also been identified and discussed as follows.
i. Age
Age of respondents is found to be very relevant to their
willingness-to-shift, as is shown in Table 6 in Appendix
4. The respondents who are older than 55 are more likely
to express their unwillingness-to-shift any of the six
activities. Furthermore, respondents aged between 45
and 54 are also identified to be less willing to shift certain
activities. Conversely, being younger than 44 increases
the likelihood to be willing to shift various end-use
activities (dish-washing, heating, laundry and
showering). The influences of age on respondents’
switching choices are also shown in Fig. 4. The varying,
age-dependent willingness-to-shift activities has also
been confirmed by other studies (Li et al. 2017; Xu
et al. 2018). Nicolson et al. (2017) did find that UK
consumers older than 65 would be more likely to switch
to smart TOU tariff, but as our study did not consider that
age group, our findings do not contradict those of
Nicolson et al. (2017) either. As elderly consumers are
more vulnerable to cold weather (Alexander 2010;
Gyamfi et al. 2013), one could speculate that they might
be less willing to shift heating due to health-related
concerns.
ii. Gender

In the previous survey-based studies, gender has not
been found influential on consumers’ engagement with
DSR (Mert et al. 2008; Oseni et al. 2013), but this could
be due to considering the end-use activities in a more
aggregated manner, rather than individually. When individual appliances are taken into account, the differences
of willingness-to-shift between male and female respondents were found in a DSR trial (Tjørring et al. 2018).
This study found that male respondents were more
likely to shift their cooking and heating time than their
female counterparts (for laundry, this is reversed), as
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shown in both Table 6 in Appendix 4 and Fig. 5. For
example, male respondents were found more likely to
shift their cooking and heating time to late night
(20:01~0:00) and early morning (0:01~7:00) respectively. About 10% more of the male respondents showed
their unwillingness-to-shift their laundry time than their
female counterparts did.
The lower willingness-to-shift laundry shown by
male respondents has also been confirmed by Tjørring
et al. (2018), who reported female respondents were
more likely to respond to pricing signals by shifting
laundry time in a dynamic TOU trial in Denmark. Due
to other activities linked to laundry, such as hanging up
clothes, the involved series of activities thus lowers the
ease of shifting laundry time (Tjørring et al. 2018).

entertainment time to the early morning. The influences
of education qualification have also suggested in the
previous studies (Faruqui and George 2005; Xu et al.
2018), which concluded consumers with higher education qualification are more willing to engage in DSR
programmes. Our study, in turn, suggests that the
willingness-to-shift of higher educated respondents was
more heterogeneous across the various activities.
v. Household size

According to the influential geographic variables in
the MNLMs, as shown in Table 6 in Appendix 4, the
geographical regions of the UK in which the respondents reside also affect consumers’ views on shifting
their activities. Respondents from North East, North
West, West Midlands and London expressed a higher
willingness-to-shift activities. For example, respondents
from London are more likely to shift their dish-washing
and showering time to the early morning (0:01~7:00)
and respondents from York and Humber are more likely
to shift heating time to the early morning (0:01~7:00).
Furthermore, those from North East and North West
expressed higher willingness-to-shift their showering
time to the early morning (0:01~7:00).
The existing participants of static TOU programmes in
the UK are mostly from East Midlands, West Midlands,
East of England and the South East (Ipsos MORI 2012).
In view of the identified higher willingness-to-shift of
respondents from other regions, there might be potential
to promote DSR programmes in those regions further.

Furthermore, respondents from households with a
higher number of occupants have a higher
willingness-to-shift their cooking, heating and
showering time. Higher occupancy and higher electricity consumption in these households might motivate the respondents to be more flexible, as households with higher baseline electrical demand usually
have larger responses in DSR programmes (Parrish
et al. 2019). For example, respondents were more
willing to shift their showering time to the late night
(20:01~0:00), if a higher number of occupants lived
in the house. Also, respondents living in homes with
more bedrooms have shown a higher willingness-toshift their dish-washing and laundry time. Since the
number of bedrooms is highly correlated to household size (DCLG 2015), this could also imply those
households with more residents might also tend to
shift their dish-washing and laundry time.
Similar findings have also been reported in previous
studies. An online survey in the USA showed that
respondents who were more likely to adopt DLC
programmes without any financial incentive or override
option usually had a larger household size (Xu et al.
2018). Furthermore, higher responsiveness of larger
households to pricing signals has also been reported in
a dynamic TOU trial in the UK (Carmichael et al. 2014).

iv. Education

vi. Household income

Education qualification has also been identified as
influential, but no clear tendency can be identified, as
shown in Table 6 in Appendix 4 and Fig. 6. For example,
respondents with a degree-level education (higher education qualification) are more likely to shift their timing of
cooking and laundry but not their showering time. Those
with professional/work-related qualifications, in turn, are
more willing to shift their dish-washing and

Household income was also found to be influential
for respondents’ willingness-to-shift, as is shown in
Table 6 in Appendix 4. Respondents with lower household incomes are more likely to consider shifting the
timing for heating. For example, those earning less than
15,000 GBP/year were more likely to shift heating time
to the early morning (0:01~7:00), as were, to a lesser
extent, those with incomes between 15,000 and 29,999
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Fig. 4 Respondents’ shifting choice against age for six end-use activities

GBP/year. The higher willingness-to-shift heating is
also illustrated in Fig. 7. In contrast, the figure further
reveals that respondents with the highest income level
showed their higher willingness-to-shift timing of other
activities, such as dish-washing and laundry.
Gyamfi et al. (2013) have suggested the lower income households are more responsive to a higher price
and thus more likely to reduce energy consumption
during peak load events. Low-income households might
not have the capacity to pay the high peak prices
(Alexander 2010), leading to stronger engagement.
Our results suggest that the responsiveness is, however,
also a function of the specific activity to which the
energy consumption is related, with lower income
households being more responsive to shift certain activities and high-income households others.

decisions to shift the timing of activities. According to
the survey, respondents who worked from home were
already more likely to carry out these activities during
the off-peak time-slots (e.g. 20:01~0:00 and 0:01~7:00)
and are therefore unable to shift those activities to these
slots. Showering is the only activity that might be positively influenced by this working arrangement.
However, those who work from home have also been
found less likely to shift their usual laundry time as they
already wash clothes more frequently in the late night
(20:01~0:00) and early morning (0:01~7:00). Therefore,
according to this finding, the change of working arrangement, i.e. working from home more frequently,
might not be a crucial factor for demand flexibility.

vii. Working from home

Likewise, dwelling type has a strong relationship with
respondents’ willingness-to-shift activities, as is shown in
Table 6 in Appendix 4 and Fig. 8. Respondents living in
detached houses expressed more frequently their

Finally, working from home has not often been
recognised as an influential factor on consumers’
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Fig. 5 Respondents’ shifting
choice against gender for six enduse activities
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unwillingness-to-shift their heating time. In contrast, those
living in semi-detached and terraced houses showed a
higher willingness-to-shift entertainment and heating time.
Furthermore, flat dwellers are found more likely to
shift heating time, but less likely to shift their laundry
time. The unwillingness-to-shift laundry time could be
related to their dwelling characteristics as the operation
of washing machines could be too noisy during the night
(Carmichael et al. 2014).
Ownership of appliances and devices
Those with smart meters were found to be more willing to
shift their end-use activities, including cooking, dishwashing, entertainment, laundry and showering, as
shown in Table 6 in Appendix 4 and Fig. 9. In fact, it
has been reported that about 80% of owners of smart
meters with in-home displays change their behaviour to
reduce energy use (BEIS 2018c). This might be due to the
better information they have about their electricity consumption and costs that the in-home displays, rolled out
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to UK homes under current regulation (Ofgem 2010),
provide. A separate investigation would be needed to
confirm a causal relationship, however. In contrast, as
heating in the UK is still largely provided by gas boilers,
better information about electricity use might thus not
affect respondents’ decisions about shifting the timing of
heating. The benefits of information disclosure with inhome displays in motivating consumers’ responses to
dynamic TOU pricing signals have been previously reported by Carmichael et al. (2014), as smart metering can
act as a reminder and motivator to drive consumers to
engage in DSR (Carroll et al. 2014). Participants in a
dynamic TOU trial in the UK claimed the in-home displays are helpful for them to respond to pricing signals
(Carmichael et al. 2014). Therefore, rolling out smart
meters with in-home displays could increase UK consumers’ willingness-to-shift their end-use activities.
Furthermore, respondents who owned electric storage
heaters were more likely to be willing to shift end-use
time of other unrelated activities, such as cooking. This
tendency has also been shown by the fact that participants
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Fig. 6 Respondents’ shifting choice against education qualification for six end-use activities

of a static TOU programme (Economy 7) in the UK are
more likely to have electric storage heaters in their households, in order to exploit the low electricity price during
the night (Bradley et al. 2016). Higher demand reduction
from electric storage heater owners has also been observed by Carroll et al. (2014) in a static TOU trial.
Nonetheless, owning energy-efficient or energysaving technologies does not always imply that the
owners would be more willing to shift the timing of their
activities. For example, as shown in Table 6 in Appendix
4, LED users showed less willingness-to-shift their
cooking time. PV owners have also expressed their unwillingness to shift their laundry time. Similar influences
can be found for energy-efficient appliances on shifting

entertainment time. The negative correlation between
energy-saving behaviours, such as using energy-saving
bulbs, and acceptance of smart appliances for DSR has
also been reported for the UK by Mert et al. (2008). This
tendency, however, is opposite to that found for other
countries, such as Slovenia (Mert et al. 2008).
Overall, appliance ownership can be an important
indicator for revealing customers’ willingness to shift
their end-use activities.
Attitude towards energy-saving
Finally, the concern for energy-saving (an attitudinal variable) could also motivate consumers to adjust their routines

Showering

Energy Efficiency

More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP
Less than 15,000 GBP

Laundry

More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP
Less than 15,000 GBP
Heating

More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP

Dish-washing Entertainment

Less than 15,000 GBP
More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP
Less than 15,000 GBP
More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP
Less than 15,000 GBP

Cooking

More than 80,000 GBP
30,000~79,999 GBP
15,000~29,999 GBP
Less than 15,000 GBP
0%
No shift

20%

40%

To 0:01~7:00

60%

80%

100%

To 20:01~0:00

Fig. 7 Respondents’ shifting choice against household income for six end-use activities

for the end-use activities, as is shown in Table 6 in
Appendix 4 and Fig. 10. This has been found relevant
for dish-washing and laundry. For example, respondents
with higher concern for energy-saving are more likely to
shift their dish-washing and laundry time to the two offpeak time-slots, i.e. the late night (20:01~0:00) and the
early morning (0:01~7:00). However, respondents who
agreed that they are very concerned about energy-saving
were less willing to shift entertainment time, as is shown in
Fig. 10.
Overall, the identified influence of energy-saving
attitude is in line with other studies. Customers who
took part in a DSR trial in the UK stated that environmental benefits motivated them to participate (Bradley

et al. 2014). Respondents with higher ecological awareness were also found to be more willing to accept smart
appliances for DSR (Mert et al. 2008). Therefore, consumers’ attitudes could also be related to their energy
use behaviour (Abrahamse and Steg 2009; Bradley et al.
2014; Hong et al. 2019; Thøgersen 2018).

Conclusions and policy implications
This study adopted a UK-wide survey that collected data
on consumers’ stated willingness to shift their end-use time
for six major energy using activities: cooking, dish-washing, entertainment, heating, laundry and showering. An
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Fig. 8 Respondents’ shifting choice against house types for six end-use activities

MNLM was then used to identify the influential factors for
respondents’ decisions on whether to agree to shift demand. Six MNLMs were constructed for the factor identification, one for each end-use activity, and influential
factors for consumers’ stated willingness to shift the timing
of each specific end-use activity were separately assessed.
This study thus contributes to the existing knowledge with
a more detailed analysis of consumers’ heterogeneous
willingness to shift various end-use activities to off-peak
periods, based on their stated willingness to do so.
Overall, the original timings of activities were found
to be influential for consumers’ stated shifting decisions.
Not only does the original timing of the activity under
consideration have a strong influence on the outcome,
but also those of other activities are frequently found
significant. Respondents are more willing to shift loads
when the new time-slot is closer to original timing of the
end-use activity. In addition, respondents’ stated
willingness-to-shift of end-use activities is highly correlated to many socio-demographic characteristics, such
as age, gender, geographic region, education qualification, household size and household income. For

example, older respondents are less likely to be willing
to shift loads. Male respondents are more willing to shift
cooking and heating. Some geographic regions, such as
North East, where respondents show a higher willingness to shift, might be ideal for promoting DSR
programmes. Respondents with higher education qualification are also more willing to shift their loads.
Similarly, those with larger household size show higher
intention to change their end-use activities. Low-income
respondents, on the other hand, are more likely to shift
heating time. Respondents living in flats are more likely
to shift their heating time. Furthermore, the ownership
of appliances was also found to affect respondents’
decisions. For example, electric storage heater owners
are more likely to shift their loads. Finally, respondents
with a higher level of concern for energy-saving
expressed a higher intention to shift their activity time
more frequently.
By revealing factors influencing consumers’ stated
decisions, our results could help policymakers understand
better the bottlenecks and opportunities and perhaps focus during the early stages of DSR schemes on the
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consumers who appear to be more willing to shift the
timing of their activities. For example, consumers living
in terraced houses have higher willingness-to-shift.
Income also plays a role, and it may be households with
a higher income should be targeted first as they generally
have a higher willingness to shift their several end-use
activities, with a higher capability of having flexible
technologies. Nonetheless, the status of vulnerable households with lower disposal income should also be taken
into account carefully, to avoid negative impacts (e.g.
discomfort) on them (Powells and Fell 2019). DSR promotion strategies can also be designed based on different
genders’ willingness to shift different types of appliances.
For example, flexible operation of washing machines for
DSR is specifically appealing to female consumers and
could be incorporated in the promotion materials to target
those who are in charge of using relevant appliances
(Tjørring et al. 2018).
Consumers accessing smart meters have been found to
be more willing to shift residential energy loads, possibly
due to their higher awareness of electricity consumption
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via in-home displays, which consumers in the UK get
together with their smart meters. Until the end of 2018,
however, there were only 12.8 million smart meters operating across Great Britain (BEIS 2018c). To increase
demand-side flexibility, the government should strengthen the implementation plan to ensure the rollout of smart
meters to every household as soon as possible.
Meanwhile, more active, transparent and accessible channels, such as text messaging, mobile applications and
social media, could be exploited to enhance consumers’
knowledge of their electricity expenditure and to inform
how bills could be reduced with DSR schemes.
Concern for energy-saving has also been found influential on consumers’ stated willingness-to-shift.
Since information policies have proved to be effective
in influencing consumers’ energy-saving attitude and
even behaviour (Henryson et al. 2000; Hong et al.
2019; Lindén et al. 2006), the government could thus
consider to campaign for energy-saving along with the
promotion of DSR programmes. This matches with the
suggestion made by Faruqui and Sergici (2010) to blend

Laundry
Cooking

Dish-washing Entertainment

Heating

Fig. 10 Respondents’ shifting
choice against level of concern for
energy-saving for six end-use activities (very, very concerned
about energy-saving; not much,
not concerned about
energy-saving)

Showering
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Very
Not much
Very
Not much
Very
Not much
Very
Not much
Very
Not much
Very
Not much
0%

20%
No shift

DSR programmes with education initiatives to increase
the demand impact.
Furthermore, understanding what affects people’s
stated decisions can also help policymakers assess the
potential of DSR and how it could contribute to e.g.
balancing VRE cost-effectively. Combining the understanding of the electricity demand profiles for the six
major end-use activities with the penetration rates of
electricity-using appliances and survey outcomes for
the share of electricity consumption that may be possible
to shift, an approximation can be developed for the
potential of DSR to shift demand to the late night or
the early morning timeslots. The probability of shifting,
and thus DSR potential, can be determined on a disaggregated level using the developed six MNLMs, with
e.g. the residents’ socio-demographic attributes.
This study has already taken a wide range of potential
factors into account, such as socio-demographic factors
and dwelling characteristics. Nonetheless, more relevant
factors, such as price signal and neighbours’ adoptions of
DSR measures, can be considered in the future to explore
the potential drivers for consumers’ DSR participation, so

40%
To 0:01~7:00

60%

80%

100%

To 20:01~0:00

that policymakers can consider those in the process of
policymaking. Furthermore, choice experiments with
various pricing signals and DSR programmes, such as
DLC, can also be incorporated in the future survey. As
this study focused on consumers’ stated willingness, future studies can consider consumers’ revealed willingness
to shift to further verify the findings in this study based on
responses of participants in DSR trials and programmes.
Finally, the revealed influential factors can be included
in agent-based models or energy system models to reflect
consumers’ heterogeneous preferences for DSR to determine more cost-effective decarbonisation pathways.
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Table 3 Descriptive statistics of respondents
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Appendix 2. Correlation between end-use times

Table 4 Correlation coefficients between end-use times

CK cooking, DS dish-washing, EN entertainment, HT heating, LD laundry, SW showering

Appendix 3. Definition of considered explanatory
variables in the MNLMs

Table 5 Definition of explanatory variables in the MNLMs
Variable

Definition

CK0to7

Whether cook during 0:00~6:59 (1 if yes; 0 otherwise)

CK7to9

Whether cook during 7:00~8:59 (1 if yes; 0 otherwise)

CK9to18

Whether cook during 9:00~17:59 (1 if yes; 0 otherwise)

CK18to20

Whether cook during 18:00~19:59 (1 if yes; 0 otherwise)

CK20to0

Whether cook during 20:00~23:59 (1 if yes; 0 otherwise)

DS0to7

Whether wash dishes during 0:00~6:59 (1 if yes; 0 otherwise)

DS7to9

Whether wash dishes during 7:00~8:59 (1 if yes; 0 otherwise)

DS9to18

Whether wash dishes during 9:00~17:59 (1 if yes; 0 otherwise)

DS18to20

Whether wash dishes during 18:00~19:59 (1 if yes; 0 otherwise)

DS20to0

Whether wash dishes during 20:00~23:59 (1 if yes; 0 otherwise)

EN0to7

Whether entertain, such as watching TV, during 0:00~6:59 (1 if yes; 0 otherwise)

EN7to9

Whether entertain, such as watching TV, during 7:00~8:59 (1 if yes; 0 otherwise)

EN9to18

Whether entertain, such as watching TV, during 9:00~17:59 (1 if yes; 0 otherwise)

EN18to20

Whether entertain, such as watching TV, during 18:00~19:59 (1 if yes; 0 otherwise)

EN20to0

Whether entertain, such as watching TV, during 20:00~23:59 (1 if yes; 0 otherwise)

HT0to7

Whether turn on space heating during 0:00~6:59 (1 if yes; 0 otherwise)

HT7to9

Whether turn on space heating during 7:00~8:59 (1 if yes; 0 otherwise)

HT9to18

Whether turn on space heating during 9:00~17:59 (1 if yes; 0 otherwise)
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Table 5 (continued)
Variable

Definition

HT18to20

Whether turn on space heating during 18:00~19:59 (1 if yes; 0 otherwise)

HT20to0

Whether turn on space heating during 20:00~23:59 (1 if yes; 0 otherwise)

LD0to7

Whether wash clothes during 0:00~6:59 (1 if yes; 0 otherwise)

LD7to9

Whether wash clothes during 7:00~8:59 (1 if yes; 0 otherwise)

LD9to18

Whether wash clothes during 9:00~17:59 (1 if yes; 0 otherwise)

LD18to20

Whether wash clothes during 18:00~19:59 (1 if yes; 0 otherwise)

LD20to0

Whether wash clothes during 20:00~23:59 (1 if yes; 0 otherwise)

SW0to7

Whether take a shower during 0:00~6:59 (1 if yes; 0 otherwise)

SW7to9

Whether take a shower during 7:00~8:59 (1 if yes; 0 otherwise)

SW9to18

Whether take a shower during 9:00~17:59 (1 if yes; 0 otherwise)

SW18to20

Whether take a shower during 18:00~19:59 (1 if yes; 0 otherwise)

SW20to0

Whether take a shower during 20:00~23:59 (1 if yes; 0 otherwise)

Male

Male, 1; female, 0

Age (younger than 17)

Whether respondent is younger than 17 years old (1 if yes; 0 otherwise)

Age (18~24)

Whether respondent’s age is between 18 and 24 years old (1 if yes; 0 otherwise)

Age (25~34)

Whether respondent’s age is between 25 and 34 years old (1 if yes; 0 otherwise)

Age (35~44)

Whether respondent’s age is between 35 and 44 years old (1 if yes; 0 otherwise)

Age (45~54)

Whether respondent’s age is between 45 and 54 years old (1 if yes; 0 otherwise)

Age (55~65)

Whether respondent’s age is between 55 and 64 years old (1 if yes; 0 otherwise)

Age (older than 65)

Whether respondent is older than 65 years old (1 if yes; 0 otherwise)

North East

Whether live in North East (1 if yes; 0 otherwise)

North West

Whether live in North West (1 if yes; 0 otherwise)

York and Humber

Whether live in York and Humber (1 if yes; 0 otherwise)

East Midlands

Whether live in East Midlands (1 if yes; 0 otherwise)

West Midlands

Whether live in West Midlands (1 if yes; 0 otherwise)

East England

Whether live in East England (1 if yes; 0 otherwise)

London

Whether live in London (1 if yes; 0 otherwise)

South East

Whether live in South East (1 if yes; 0 otherwise)

South West

Whether live in South West (1 if yes; 0 otherwise)

Wales

Whether live in Wales (1 if yes; 0 otherwise)

Scotland

Whether live in Scotland (1 if yes; 0 otherwise)

GCSE or similar

Whether highest education level is GCSE or similar (1 if yes; 0 otherwise)

A-levels

Whether highest education level is A-levels (1 if yes; 0 otherwise)

Degree level

Whether highest education level is degree level (1 if yes; 0 otherwise)

Professional qualification

Whether highest education level is professional qualification (1 if yes; 0 otherwise)

No degree

Whether no education degree (1 if yes; 0 otherwise)

No. of children

Number of children

No. of residents

Number of residents

HI15kless

Whether household income is less than 14,999 GBP (1 if yes; 0 otherwise)

HI15k~29k

Whether household income is between 15,000 and 29,999 GBP (1 if yes; 0 otherwise)

HI30k_79k

Whether household income is less than 30,000~79,999 GBP (1 if yes; 0 otherwise)

HI80kmore

Whether household income is more than 80,000 GBP (1 if yes; 0 otherwise)

Employment

Whether respondent is employed (1 if yes; 0 otherwise)

Work from home

Whether respondent occasionally works from home (1 if yes; 0 otherwise)
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Table 5 (continued)
Variable

Definition

Days working from home

Number of days in a week working from home

Hours working from home

Number of hours in a week working from home

Not pay bill

Whether respondent is not responsible for paying bills (1 if not; 0 otherwise)

Flat

Whether live in a flat (1 if yes; 0 otherwise)

Terraced house

Whether live in a terraced house (1 if yes; 0 otherwise)

Detached house

Whether live in a detached house (1 if yes; 0 otherwise)

Semi-detached house

Whether live in a semi-detached house (1 if yes; 0 otherwise)

Studio

Whether live in a studio (1 if yes; 0 otherwise)

Other house type

Whether live in an other type of house (1 if yes; 0 otherwise)

House age

House age

Own house

Whether own a house (1 if yes; 0 otherwise)

No. of bedrooms

Number of bedrooms in the house

Dishwasher

Whether own a dishwasher (1 if yes; 0 otherwise)

Vacuum cleaner

Whether own a vacuum cleaner (1 if yes; 0 otherwise)

TV

Whether own a TV (1 if yes; 0 otherwise)

Home cinema

Whether own a home cinema (1 if yes; 0 otherwise)

DVD player

Whether own a DVD player (1 if yes; 0 otherwise)

Game console

Whether own a game console (1 if yes; 0 otherwise)

Audio system

Whether own an audio system (1 if yes; 0 otherwise)

Computer

Whether own a computer (1 if yes; 0 otherwise)

Central heating

Whether own a central heating system (1 if yes; 0 otherwise)

Space heater

Whether own a space heater (1 if yes; 0 otherwise)

Continuous water heater

Whether own a continuous water heater (1 if yes; 0 otherwise)

Tumble drier

Whether own a tumble drier (1 if yes; 0 otherwise)

Instantaneous water heater

Whether own an instantaneous water heater (1 if yes; 0 otherwise)

Washing machine

Whether own a washing machine (1 if yes; 0 otherwise)

Iron

Whether own an iron (1 if yes; 0 otherwise)

Shower

whether own a shower room (1 if yes; 0 otherwise)

Cooker

Whether own a cooker (1 if yes; 0 otherwise)

Microwave

Whether own a microwave (1 if yes; 0 otherwise)

Fridge

Whether own a refrigerator (1 if yes; 0 otherwise)

Freezer

Whether own a freezer (1 if yes; 0 otherwise)

Efficient appliances

Whether own energy-efficient appliances (1 if yes; 0 otherwise)

Smart meter

Whether own a smart meter (1 if yes; 0 otherwise)

CFL

Whether own a CFL (1 if yes; 0 otherwise)

LED

Whether own a LED (1 if yes; 0 otherwise)

PV

Whether own a PV panel (1 if yes; 0 otherwise)

Electric storage heater

Whether own an electric storage heater (1 if yes; 0 otherwise)

Heat pump

Whether own a heat pump (1 if yes; 0 otherwise)

Wood stove

Whether own a wood stove (1 if yes; 0 otherwise)

Wood pellet boiler

Whether own a wood pellet boiler (1 if yes; 0 otherwise)

Insulation

Whether house has insulation (1 if yes; 0 otherwise)

Concern energy-saving

Level of concern for energy-saving (1, not at all, to 5, very concerned)
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Appendix 4. Multinomial logit models
for consumers’ willingness to shift six major end-use
activities

Table 6 Influential variables for respondents’ willingness to shift six end-use activities (each activity has its own MNLM to predict
respondents’ shifting choices, including no shift, to early morning and to late evening, based on the identified influential variables)
Cooking
Category

Variable

ASC_ZERO
ASC_SECOND
CK0to7
CK9to18
CK20to0
DS0to7
DS7to9
DS9to18
DS18to20
EN0to7
EN7to9
EN9to18
EN18to20
EN20to0
HT0to7
Time of use
HT7to9
HT9to18
HT18to20
HT20to0
LD0to7
LD7to9
LD18to20
LD20to0
SW0to7
SW7to9
SW9to18
SW18to20
SW20to0
Male
Age(18~24)
Age(25~34)
Age(35~44)
Age(45~54)
Age(55~65)
North East
North West
York & Humber
West Midlands
East England
SocioLondon
demographic South East
South West
Wales
GCSE or similar
A-levels
Degree level
Professional qualification
No. of residents
HI15kless
HI15k~29k
Work from home
Not pay bill
Constant

No shift

To
0:01~7:00

Dish-washing
To
20:01~0:00

-0.666

No shift

Variable

Flat
Terraced house
Detached house
Dwelling
Semi-detached house
characteristics
House age
Own house
No. of bedrooms
Dishwasher
Audio system
Instaneous water heater
Washing machine
Microwave
Fridge
Ownership of
Efficient appliances
appliances/
Smart meter
devices
LED
PV
Elc storage heater
Wood stove
Wood pellet boiler
Insulation
Eco-attitude Concern energy saving

Entertainment
To
20:01~0:00

1.34
-0.31

No shift

To
0:01~7:00

Heating

To
20:01~0:00

-2.93
-0.636

No shift

To
0:01~7:00

Laundry
To
20:01~0:00

0.731
-1.69

No shift

To
0:01~7:00

Showering
To
20:01~0:00

-0.387
-1.89

No shift

To
0:01~7:00

To
20:01~0:00

1.82
0.405

-0.637

1.08*
0.291

1.22**
3.66**

1.36*

0.622*

1.51*
3.76**

0.843

0.84**

1.71*
0.702*
0.4*

0.531*

1.59*

0.502

1.28*

2.05**
1.71*

1.2*

0.681**
1.23*
0.465**

0.442**

0.477*

1.08*

1.44*
1.06

0.722
0.881*
1.36*
0.775*

0.951*
1.08*

0.387*
1.39
1.36**

0.999*
0.683*
1.49*

0.936*
0.785*

1.76**

1*

0.471
0.57*
0.442**

2.45*
1.1*

-0.742

-1.82*
1.17*

0.489*

0.619

0.452*

1.29*

0.439*
0.39

0.375
0.545

1.01*
0.6
0.442*

1.25*

2.03*
2.42*

0.774*

1.15*
1.55*

0.385**

0.622*

0.719*

1.16*
1.36*

3.14*
2.28*
1.49*

3.29*

0.755
0.723**

1.23*
1.5*
-0.644*

0.824**
-0.67

0.824**

-0.644**

0.486*
0.445*

0.506**
0.765*

0.427**

2.16*

0.218

0.253**

0.208*

1.57*
0.903**

0.396*

-0.447
0.422*

0.631**

1.2*

Cooking
Category

To
0:01~7:00

No shift

To
0:01~7:00

Dish-washing
To
20:01~0:00

No shift

To
0:01~7:00

Entertainment
To
20:01~0:00

No shift

To
0:01~7:00

Heating
To
20:01~0:00

No shift

1.69*
1.2*
0.372

To
0:01~7:00

Laundry
To
20:01~0:00
0.808**

No shift

To
0:01~7:00

Showering
To
20:01~0:00

No shift

To
0:01~7:00

0.404**

0.863**
1.5*

0.825**
0.543*
0.307*

0.306*
-1.42*

0.404**
0.851*

-0.743**
0.974*

1.62*

1*

0.796*
1.72*
2*

0.785**

0.575**

1.24**

0.575*

0.555*

2.77*
4.44*

-0.929*
1.23**

0.729**

3.56*

1.29*

0.995**

2.26*

*p value < 0.05; **p value < 0.1

0.432*

0.242*

0.685*

0.31*

-0.224**

To
20:01~0:00

Energy Efficiency
Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and
the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party
material in this article are included in the article's Creative
Commons licence, unless indicated otherwise in a credit line to
the material. If material is not included in the article's Creative
Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need
to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

References
Abrahamse, W., & Steg, L. (2009). How do socio-demographic
and psychological factors relate to households’ direct and
indirect energy use and savings? Journal of Economic
Psychology, 30(5), 711–720. https://doi.org/10.1016/j.
joep.2009.05.006.
Alexander, B. R. (2010). Dynamic pricing? Not so fast! A residential consumer perspective. The Electricity Journal, 23(6),
39–49. https://doi.org/10.1016/j.tej.2010.05.014.
Asadinejad, A., Rahimpour, A., Tomsovic, K., Qi, H., & Chen, C.
(2018). Evaluation of residential customer elasticity for incentive based demand response programs. Electric Power
Systems Research, 158, 26–36. https://doi.org/10.1016/j.
epsr.2017.12.017.
BEIS. (2018a). 2016 UK greenhouse gas emissions, final figures.
ht t ps : / / w w w. g ov. uk / go v e r nm e n t / up l oa ds / sy st e m
/uploads/attachment_data/file/680473/2016_Final_
Emissions_statistics.pdf
BEIS. (2018b). Energy consumption in the UK (ECUK) 2018 data
tables. London: BEIS. https://assets.publishing.service.gov.
uk/government/uploads/system/uploads/attachment_
data/file/752689/ECUK_Tables_2018_corrections.xlsx.
BEIS. (2018c). Smart metering implementation programme progress report for 2018. doi:https://doi.org/10.1111/j.17510813.1962.tb15761.x.
Ben-Akiva, M. E., & Lerman, S. R. (1985). Discrete choice
analysis : theory and application to travel demand.
Cambridge: MIT Press https://mitpress.mit.
edu/books/discrete-choice-analysis. Accessed 5 Feb 2018.
Bierlaire, M. (2016). PythonBiogeme: a short introduction. Report
TRANSP-OR 160706, Series on Biogeme. Lausanne:
Transport and Mobility Laboratory, School of Architecture,
Civil and Environmental Engineering, Ecole Polytechnique
Fédérale de Lausanne.
Bradley, P., Leach, M., & Torriti, J. (2013). A review of the costs
and benefits of demand response for electricity in the UK.
Energy Policy, 52, 312–327. https://doi.org/10.1016/j.
enpol.2012.09.039.
Bradley, P., Coke, A., & Leach, M. (2014). The potential role of
financial payments in incentivising shifts in residential

electricity use in the UK: findings from a small-scale explorative field study. http://eprints.uwe.ac.uk/25009/.
Bradley, P., Coke, A., & Leach, M. (2016). Financial incentive
approaches for reducing peak electricity demand, experience
from pilot trials with a UK energy provider. Energy Policy,
98, 108–120. https://doi.org/10.1016/j.enpol.2016.07.022.
Byun, H., Shin, J., & Lee, C.-Y. (2018). Using a discrete choice
experiment to predict the penetration possibility of environmentally friendly vehicles. Energy, 144, 312–321. https://doi.
org/10.1016/j.energy.2017.12.035.
Cappers, P., Mills, A., Goldman, C., Wiser, R., & Eto, J. H. (2012).
An assessment of the role mass market demand response
could play in contributing to the management of variable
generation integration issues. Energy Policy, 48, 420–429.
https://doi.org/10.1016/j.enpol.2012.05.040.
Carmichael, R., Schofield, J., Woolf, M., Bilton, M., Ozaki, R., &
Strbac, G. (2014). Residential consumer attitudes to timevarying pricing. London.
Carroll, J., Lyons, S., & Denny, E. (2014). Reducing household
electricity demand through smart metering: the role of improved information about energy saving. Energy Economics,
45, 234–243. https://doi.org/10.1016/j.eneco.2014.07.007.
CCC. (2015). The Fifth Carbon Budget: the next step towards a
low-carbon economy. Committee on Climate Change,
London. London. https://www.theccc.org.uk/wpcontent/uploads/2015/11/Committee-on-Climate-ChangeFifth-Carbon-Budget-Report.pdf.
D’hulst, R., Labeeuw, W., Beusen, B., Claessens, S., Deconinck,
G., & Vanthournout, K. (2015). Demand response flexibility
and flexibility potential of residential smart appliances: experiences from large pilot test in Belgium. Applied Energy,
155, 79–90. https://doi.org/10.1016/j.apenergy.2015.05.101.
DCLG. (2015). English housing survey, 2013: housing stock data.
UK Data Service. https://doi.org/10.5255/UKDA-SN-78021.
Deane, J. P., Gracceva, F., Chiodi, A., Gargiulo, M., & Gallachóir,
B. P. Ó. (2015). Electrical power and energy systems
assessing power system security. A framework and a multi
model approach. International Journal of Electrical Power
and Energy Systems, 73, 283–297. https://doi.org/10.1016/j.
ijepes.2015.04.020.
Decker, T., & Menrad, K. (2015). House owners’ perceptions and
factors influencing their choice of specific heating systems in
Germany. Energy Policy, 85, 150–161. https://doi.
org/10.1016/j.enpol.2015.06.004.
Demski, C., Pidgeon, N., & Spence, A. (2013). Summary findings
from a survey conducted August 2012. http://www.ukerc.ac.
uk/support/Transforming+the+UK+Energy+System.
Faruqui, A., & George, S. (2005). Quantifying customer response
to dynamic pricing. The Electricity Journal, 18(4), 53–63.
https://doi.org/10.1016/j.tej.2005.04.005.
Faruqui, A., & Sergici, S. (2010). Household response to dynamic
pricing of electricity: a survey of 15 experiments. Journal of
Regulatory Economics, 38(2), 193–225. https://doi.
org/10.1007/s11149-010-9127-y.
Fell, M. J., Shipworth, D., Huebner, G. M., & Elwell, C. A. (2015).
Public acceptability of domestic demand-side response in
Great Britain: the role of automation and direct load control.
Energy Research and Social Science, 9, 72–84. https://doi.
org/10.1016/j.erss.2015.08.023.

Energy Efficiency
Friis, F., & Haunstrup Christensen, T. (2016). The challenge of
time shifting energy demand practices: insights from
Denmark. Energy Research and Social Science, 19, 124–
133. https://doi.org/10.1016/j.erss.2016.05.017.
Gavin, C. (2014). Seasonal variations in electricity demand.
L o n d o n . h t t p s : / / a s s e t s . p u b l i s h i n g . s e r v i c e . g o v.
uk/government/uploads/system/uploads/attachment_
data/file/295225/Seasonal_variations_in_electricity_
demand.pdf.
Grünewald, P., McKenna, E., & Thomson, M. (2014). Keep it
simple: time-of-use tariffs in high-wind scenarios. IET
Renewable Power Generation, 9(2), 176–183. https://doi.
org/10.1049/iet-rpg.2014.0031.
Gyamfi, S., Krumdieck, S., & Urmee, T. (2013). Residential peak
electricity demand response—highlights of some behavioural
issues. Renewable and Sustainable Energy Reviews, 25, 71–
77. https://doi.org/10.1016/j.rser.2013.04.006.
Hackbarth, A., & Madlener, R. (2013). Consumer preferences for
alternative fuel vehicles: a discrete choice analysis.
Transportation Research Part D: Transport and
Environment, 25, 5–17. https://doi.org/10.1016/j.
trd.2013.07.002.
He, Y., Wang, B., Wang, J., Xiong, W., & Xia, T. (2012).
Residential demand response behavior analysis based on
Monte Carlo simulation: the case of Yinchuan in China.
Energy, 47(1), 230–236. https://doi.org/10.1016/j.
energy.2012.08.046.
Helveston, J. P., Feit, E. M., & Michalek, J. J. (2018). Pooling
stated and revealed preference data in the presence of RP
e n d o g e n e i t y. Tr a ns p o rt a t i o n R e s e a rc h P ar t B :
Methodological, 109, 70–89. https://doi.org/10.1016/j.
trb.2018.01.010.
Henryson, J., Håkansson, T., & Pyrko, J. (2000). Energy efficiency
in buildings through information – Swedish perspective.
Energy Policy, 28(3), 169–180. https://doi.org/10.1016
/S0301-4215(00)00004-5.
HM Government. (2008). Climate Change Act 2008. London:
HMSO.
Hong, J., She, Y., Wang, S., & Dora, M. (2019). Impact of
psychological factors on energy-saving behavior: moderating
role of government subsidy policy. Journal of Cleaner
Production, 232, 154–162. https://doi.org/10.1016/j.
jclepro.2019.05.321.
Horne, C., & Kennedy, E. H. (2017). The power of social norms
for reducing and shifting electricity use. Energy Policy,
107(July 2016), 43–52. https://doi.org/10.1016/j.
enpol.2017.04.029.
Hydro One. (2008). Hydro One Networks Inc. Time-of-use pricing pilot results. Toronto.
Ida, T., & Wang, W. (2015). A field experiment on dynamic
electricity pricing in Los Alamos: opt-in versus opt-out. In
Communication au colloque Experimenting smart communities in Europe and Japan, Lyon (pp. 16–17).
IEA. (2017). World energy outlook 2017. Paris: International
Energy Agency.
Ipsos MORI. (2012). Consumer experiences of time of use tariffs.
L o n d o n : C o n s u m e r F o c u s . h t t p s : / / w w w. i p s o s .
com/sites/default/files/publication/1970-01/Ipsos-MORIreport-on-Consumer-Experiences-Of-Time-Of-Use-Tariffs.
pdf.

Laureti, T., & Secondi, L. (2012). Determinants of households ’
space heating type and expenditures in Italy. International
Journal of Environmental Research, 6(4), 1025–1038.
Li, R., Dane, G., Finck, C., & Zeiler, W. (2017). Are building users
prepared for energy flexible buildings?—a large-scale survey
in the Netherlands. Applied Energy, 203, 623–634.
https://doi.org/10.1016/j.apenergy.2017.06.067.
Lillemo, S. C., Alfnes, F., Halvorsen, B., & Wik, M. (2013).
Households’ heating investments: the effect of motives and
attitudes on choice of equipment. Biomass and Bioenergy,
57, 4–12. https://doi.org/10.1016/j.biombioe.2013.01.027.
Lindén, A.-L., Carlsson-Kanyama, A., & Eriksson, B. (2006).
Efficient and inefficient aspects of residential energy behaviour: what are the policy instruments for change? Energy
Policy, 34(14), 1918–1927. https://doi.org/10.1016/j.
enpol.2005.01.015.
Lopes, M. A. R., Henggeler Antunes, C., Janda, K. B., Peixoto, P.,
& Martins, N. (2016). The potential of energy behaviours in a
smart(er) grid: policy implications from a Portuguese exploratory study. Energy Policy, 90, 233–245. https://doi.
org/10.1016/j.enpol.2015.12.014.
Mert, W., Suschek-Berger, J., & Tritthart, W. (2008). Consumer
acceptance of smart appliances: a report prepared as part of
the EIE project Smart Domestic Appliances in Sustainable
Energy Systems (Smart-A). Brussels: Intelligent Energy
Europe.
Michelsen, C. C., & Madlener, R. (2012). Homeowners’ preferences for adopting innovative residential heating systems: a
discrete choice analysis for Germany. Energy Economics,
34(5), 1271–1283. https://doi.org/10.1016/j.
eneco.2012.06.009.
National Grid. (2017). Future energy scenarios. http://fes.
nationalgrid.com
Nicolson, M., Huebner, G., & Shipworth, D. (2017). Are consumers willing to switch to smart time of use electricity
tariffs? The importance of loss-aversion and electric vehicle
ownership. Energy Research & Social Science, 23, 82–96.
https://doi.org/10.1016/j.erss.2016.12.001.
Nicolson, M. L., Fell, M. J., & Huebner, G. M. (2018). Consumer
demand for time of use electricity tariffs: a systematized
review of the empirical evidence. Renewable and
Sustainable Energy Reviews, 97(September 2017), 276–
289. https://doi.org/10.1016/j.rser.2018.08.040.
Ofgem. (2010). Smart metering implementation programme : inhome display.
ONS. (2017). Population Estimates for UK, England and Wales,
Scotland and Northern Ireland, Population Density Tables,
1 9 8 1 t o 2 0 1 0 . h t t p s : / / w w w. o n s . g o v. u k / p e o p l e
populationandcommunity/populationandmigration/
populationestimates/bulletins/annualmidyearpopulation
estimates/mid2016/pdf. Accessed 7 Feb 2020.
Oseni, M. O., Pollitt, M. G., Reiner, D. M., Richter, L., Chyong,
K., & Baddeley, M. (2013). 2013 EPRG public opinion
survey : smart energy – attitudes and behaviours.
Pani, A., & Sahu, P. K. (2019). Planning, designing and
conducting establishment-based freight surveys: A synthesis
of the literature, case-study examples and recommendations
for best practices in future surveys. Transport Policy,
78(August 2018), 58–75. https://doi.org/10.1016/j.
tranpol.2019.04.006.

Energy Efficiency
Parrish, B., Gross, R., & Heptonstall, P. (2019). On demand: can
demand response live up to expectations in managing electricity systems? Energy Research and Social Science,
51(May 2018), 107–118. https://doi.org/10.1016/j.
erss.2018.11.018.
Potter, J. M., George, S. S., & Jiminez, L. R. (2014). SmartPricing
options final evaluation. Sacramento: Sacramento Municipal
Utility District (SMUD).
Powells, G., & Fell, M. J. (2019). Flexibility capital and flexibility
justice in smart energy systems. Energy Research and Social
Science, 54(January), 56–59. https://doi.org/10.1016/j.
erss.2019.03.015.
Power System Engineering. (2012). EmPOWER critical peak
pricing pilot assessment. March.
Raosoft Inc. (2004). Sample size calculator by Raosoft, Inc.
http://www.raosoft.com/samplesize.html. Accessed 27
Nov 2019.
Roldán Fernández, J. M., Payán, M. B., Santos, J. M. R., & García,
Á. L. T. (2017). The voluntary price for the small consumer:
real-time pricing in Spain. Energy Policy, 102(November
2016), 41–51. https://doi.org/10.1016/j.enpol.2016.11.040.
Rouvinen, S., & Matero, J. (2013). Stated preferences of Finnish
private homeowners for residential heating systems : a discrete choice experiment. Biomass and Bioenergy, 57, 22–32.
https://doi.org/10.1016/j.biombioe.2012.10.010.
Ruokamo, E. (2016). Household preferences of hybrid home
heating systems – a choice experiment application. Energy
Poli cy, 9 5, 2 24 –2 37. htt ps:/ /do i.org/1 0.1 01 6/j.
enpol.2016.04.017.
Scarpa, R., & Willis, K. (2010). Willingness-to-pay for renewable
energy: primary and discretionary choice of British households’ for micro-generation technologies. Energy
Economics, 32(1), 129–136. https://doi.org/10.1016/j.
eneco.2009.06.004.
Sharot, T. (1986). Weighting survey results. Journal of the Market
Research Society, 3, 269–284.
Smale, R., van Vliet, B., & Spaargaren, G. (2017). When social
practices meet smart grids: flexibility, grid management, and
domestic consumption in The Netherlands. Energy Research
and Social Science, 34(February), 132–140. https://doi.
org/10.1016/j.erss.2017.06.037.
Strbac, G. (2008). Demand side management: benefits and challenges. Energy Policy, 36(12), 4419–4426. https://doi.
org/10.1016/j.enpol.2008.09.030.
Strbac, G., Aunedi, M., Pudjianto, D., Teng, F., Djapic, P., Druce,
R., et al. (2015). Value of flexibility in a decarbonised grid

and system externalities of low-carbon generation technologies. Imperial College London, NERA Economic
Consulting. https://doi.org/10.13140/RG.2.1.2336.0724.
Teng, F., Aunedi, M., & Strbac, G. (2016). Benefits of flexibility
from smart electrified transportation and heating in the future
UK electricity system. Applied Energy, 167, 420–431.
https://doi.org/10.1016/j.apenergy.2015.10.028.
Thøgersen, J. (2018). Frugal or green? Basic drivers of energy
saving in European households. Journal of Cleaner
Production, 197, 1521–1530. https://doi.org/10.1016/j.
jclepro.2018.06.282.
Thorsnes, P., Williams, J., & Lawson, R. (2012). Consumer responses to time varying prices for electricity. Energy Policy,
49, 552–561. https://doi.org/10.1016/j.enpol.2012.06.062.
Tjørring, L., Jensen, C. L., Hansen, L. G., & Andersen, L. M.
(2018). Increasing the flexibility of electricity consumption in
private households: does gender matter? Energy Policy, 118,
9–18. https://doi.org/10.1016/j.enpol.2018.03.006.
Torriti, J. (2017). Understanding the timing of energy demand
through time use data: Time of the day dependence of social
practices. Energy Research and Social Science, 25, 37–47.
https://doi.org/10.1016/j.erss.2016.12.004.
Usher, W., & Strachan, N. (2010). UK MARKAL modelling examining decarbonisation pathways in the 2020s on the
way to meeting the 2050 emissions target. http://discovery.
ucl.ac.uk/1298585/1/CCC.
Willis, K., Scarpa, R., Gilroy, R., & Hamza, N. (2011). Renewable
energy adoption in an ageing population: Heterogeneity in
preferences for micro-generation technology adoption.
Energy Policy, 39(10), 6021–6029. https://doi.org/10.1016
/j.enpol.2011.06.066.
Woo, C. K., Horowitz, I., & Sulyma, I. M. (2013). Relative kW
response to residential time-varying pricing in British
Columbia. IEEE Transactions on Smart Grid, 4(4), 1852–
1860. https://doi.org/10.1109/TSG.2013.2256940.
Xenitidou, M. (2016). WholeSEM survey-internal report.
Guildford.
Xu, X., Chen, C., Zhu, X., & Hu, Q. (2018). Promoting acceptance
of direct load control programs in the United States: financial
incentive versus control option. Energy, 147, 1278–1287.
https://doi.org/10.1016/j.energy.2018.01.028.
Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional
affiliations.

