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In light of China’s Carbon Neutrality Target and facing the fluctuating pressure of power
supply brought on by new energy intermittent power generation, it is urgent to mobilize a
large number of residential flexible loads that can respond instantaneously to mitigate
peak–valley difference. Under a framework of demand-side management (DSM) and utility
analysis, we empirically investigate customers’ costs from interrupting typical electrical
terminals at the household level. Specifically, by using the contingent valuation method
(CVM), we explore the factors that affect households’ Willingness to Accept (WTA) of
voluntarily participating in the interruption management during the summer electricity peak
and estimate the distribution of households’ WTA values. We find that given the value of
WTA, households’ participation rate in the interruption management significantly
decreases with the increase in interruption duration and varies with the type of terminal
appliance that is on direct interruption management. Moreover, the majority of households
are willing to participate in the interruption management even if the compensation amount
is low. The factors that determine households’ WTA and the size of their influences vary
with the type of electrical terminal. The results imply that differentiating the terminal
electricity market and accurately locking on the target terminals by considering the
household heterogeneity can reduce the household welfare losses arising from DSM.

Keywords: electricity interruption, household’s WTA, expenditure difference model, electricity market, contingent
valuation

INTRODUCTION

To reach peak CO2 emission by 2030 and achieve carbon neutrality by 2060, China has initiated a
transition toward a more sustainable energy system based on renewable energies. The average
growth rate of investment in the renewable energy industry within the Chinese market has been
16.83% since 2009. China occupies 39% of the world’s renewable energy employment (Wang et al.,
2021). With the increasing proportion of intermittent power generation such as wind and solar
energy in China’s power grid, the power supply presents significant random fluctuation, bringing
new challenges to the balance of power supply and demand and to the stable operation of the
power grid. In order to better integrate renewable energies—particularly wind and solar with high
variability due to fluctuating weather conditions—and to ensure the stability of the power system, a
more flexible frame of residential demand side within the power system is needed through
providing balanced power by frequent control and supporting the management of grid congestions
in transmission grids.
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Constant electricity supply is a fundamental requirement for
well-functioning modern societies. Pursuing a balance between
improvement in electricity service quality and its impact on
customer prices is a challenge for regulators and electricity
producers in most countries since improved quality often
requires a higher level of energy expenditure. The satisfaction
of peak demand plays a very important role in the costs of
electricity generation and supply; hence, how peak demand
can be effectively controlled has long been a crucial problem
in load management.

Demand-side management (DSM) has been widely regarded
as an effective solution to curb peak demand and reliability of
the electricity system. To minimize customers’ losses from a
measure of DSM, such as direct control and interruptions, a
sophisticated scheme needs to identify the target groups and
terminals. For non-residential sectors, the costs of DSM can be
readily estimated by using market prices. However, for
residential customers, the composition of costs is more
complex since it involves the welfare losses in terms of less
leisure, inconvenience, or discomfort which cannot be observed
directly in the market. It is widely accepted that interventions to
reduce the residential energy gap need to address these welfare
losses by monetary compensation or other behavioral factors
(Wilson and Dowlatabadi, 2007).

Our study focuses on the residential sector. Residential
demand is primarily shaped by a small number of energy-
intensive domestic appliances, which implies a large potential
of energy saving by improving households’ voluntary
participation in DSM. Recent developments of the smart grid
allow DSM techniques to be implemented more effectively and
permit the use of new strategies (Ramchurn et al., 2012). The
smart grid is the next-generation electricity grid that enables
bidirectional flows of energy and uses two-way communication to
control capabilities, which will lead to an array of new
functionalities and applications. These techniques encourage
the reduction of the total electricity demand and contribute to
smoothing peak load curves (Langendahl et al., 2019).
Widespread commercialization of smart metering and mobile
application has enabled direct controlling of electrical terminals
of households (Corbett et al., 2018; Morrissey et al., 2018). The
smart grid and advanced metering infrastructure (AMI) in the
household can record customer consumption in real time and
provide two-way interaction, enabling active participation by
customers on the demand side. Moreover, by installing chips
on each home appliance, various management modes are directed
to each terminal, such as the air conditioner, TV, and space
heating. The new management approach may not only mobilize
considerable demand side resources and provide various
consumers with a flexible electricity service based on different
combinations of electrical characteristics but also offer
controllable resources for the power grid.

Load control at the household level will affect households’
utility and comfort. To minimize households’ welfare losses from
the control, there is a need to evaluate the utility value of different
customer groups from using different electrical terminals during
different periods. The point is to know the extent to which
customers are willing to accept the welfare losses by gaining

certain monetary compensation and to know which terminals are
to be controlled.

In China, where the degree of intermittent production has
significantly increased as the share of renewables increases, the
demand for electricity, particularly the residential demand, is also
increasing rapidly; however, research studies on electricity market
management of China mainly focus on supply-side costs and
benefits (Wang et al., 2014; Fan et al., 2016). We try to fill the gaps
in the field of DSM study by exploring the DSM costs of on
demand-side.

Under the utility analysis framework, we estimate the
distribution of households’ Willingness to Accept (WTA)
values of voluntary interruption during the summer electricity
peak and explore the factors that affect WTA. We find that given
the same WTA value, the proportion of households which agree
to participate in interruption management significantly decreases
as the interruption duration increases, and the participation rate
varies with the type of the terminal appliance that is directly
controlled. Moreover, most households would be willing to accept
the interruption even if the compensation is low. The factors
determining households’ WTA and the size of their influences
both vary with the type of electrical terminal that is on
interruption management. These findings highlight the
importance of differentiating terminal electricity markets and
considering households’ heterogeneity in cost-effective DSM
designs.

Our study contributes to the literature in two ways. First, the
traditional interruption mechanism cuts off the whole power
supply of a household, resulting in significant welfare loss to
consumers in addition to the low level of demand response. This
study proposes an interruption strategy that targets key
household appliances to mobilize a flexible load of demand
given the smart grid technology and the compensation
mechanism based on the heterogeneity in household
interruption costs. The empirical results provide evidence on
the heterogeneity of interruption costs, which is the foundation of
the interruption mechanism in the peak. Second, due to the
constraints of technology and data availability, the existing
studies on interruption contracts and DSM in China tend to
deemphasize the consumer behavior factors, which makes the
designs of DSM and the peak load regulation mechanism lack a
micro-basis. This study applies the contingent valuation method
(CVM) to design the household surveys and uses the first-hand
data obtained from surveys to estimate the interruption costs of
different electrical appliances with various control modes.

The rest of this article is structured as follows. Literature
Review presents a brief review of previous studies on measuring
the value of constant electricity supply, particularly the WTA and
Willingness to Pay (WTP) methods. In Methodology, the
concepts and techniques relevant to the approach developed in
this study are specified. In Sample and Data, we outline the
sample and empirical data obtained from the survey on urban
households of Xi’an City, China. The empirical results are
presented in Empirical Results, where we discuss the costs of
households’ WTA to give up using specific electrical appliances
under different scenarios of electricity interruptions. Finally, we
conclude and provide policy implications.
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LITERATURE REVIEW

Interruption costs represent the economic consequences of service
curtailments to the customer when the demand for electricity
temporarily exceeds the available supply capability
(Munasinghe, 1988). To empirically measure the costs of DSM,
empirical studies have usually segmented consumers into groups,
such as residential, industrial, and agricultural. For industrial and
commercial sectors, a generally used approach for measuring the
outage costs is to estimate “production functions” for customers on
the basis of aggregate electricity consumption and added value data
by industrial sector. The outage costs of industrial customers can be
approximately estimated following such a function (Zachariadis
and Poullikkas, 2012). However, for the residential sector, the
welfare loss includes not only elements such as consumable goods
but also costs derived from less leisure, inconvenience, or
discomfort, which cannot be observed in the market
(Munasinghe, 1980). Moreover, for residential consumers, the
value of each kilowatt-hour can be different since it can be used
for different appliances and therefore brings different utilities to the
customer (Dubin and McFadden, 1984). Hence, to measure the
interruption costs of residential customers, a method that accounts
for different electricity needs across households is required.

Given that the value of using appliances at the household level
cannot be directly captured through market signals, stated
preference techniques such as questionnaires are often used to
extract the information on interruption costs (Munasinghe, 1980;
Billinton et al., 1987; Billinton and Pandey, 1999). As one of the
popular survey-based stated preference techniques, the CVM
explores the marginal utility from a change in consumption of
specific non-market goods by directly inquiring after households’
WTP or WTA (Venkatachalam, 2004). WTP is the maximum
amount of money a household is willing to pay for a marginal
decrement of service reliability, while WTA responds to the
minimum amount a household would be willing to accept to a
marginal increment in service reliability. Either WTP or WTA
studies can provide evidence on which aspects of service quality
are important to customers and what value customers would
place on various service attributes.

The methods of WTP or WTA, by analyzing how respondents
trade off attributes against cost, have been generally used to
obtain money measures of welfare changes due to changes in the
availability of public goods or amenities. There have been wide
debates on the apparent empirical anomaly of WTA and WTP
compensations. It has been widely agreed that if a good has a
value that is small relative to income, theWTP to obtain it should
be close to the WTA to give it up (Kolstad and Guzman, 1999).
Meanwhile, there is considerable evidence on a divergence
between WTA and WTP, with announced WTA significantly
in excess of announced WTP, while the difference could be as
high as 3–5 times (Hanemann, 1991; Horowitz and McConnell,
2002).

There are two primary theoretical arguments for the
divergence between WTA and WTP. One involves the
“endowment effect” theory, which suggests that the value of a
loss differs from the value of a gain, even if the loss or gain is less
than the income (Thaler, 1980). In other words, when the good or

service becomes one’s endowment, one would place a higher
value on it, and thus, WTA will be larger than WTP. Hanemann
(Hanemann, 1991) provided the other explanation for the
divergence between WTA and WTP in terms of public goods.
He argues that the divergence depends on not only the income
effect but also the substitution effect, and the latter would be far
more powerful than the former; moreover, because the market
substitutes for a public good are not readily available, it is
impossible to compensate for its removal, and the WTA is
infinite whereas the WTP is finite. If a low-cost market good
as the perfect substitute is present, the WTA would be equal to
the WTP.

Venkatachalam (Venkatachalam, 2004) concluded that the
WTP estimates are more reliable since they are close to the true
values. Carson et al. (Carson et al., 2001) argued that Hicksian
consumer surplus measures (i.e., the WTA estimates) are the
appropriate measure for assessing the CVM results. Carson et al.
(Carson et al., 2003) further suggested that whether WTP or
WTA estimates are based can be determined by ownership of the
goods—WTA is the appropriate measure if respondents believe
they possess the property right.

Households’ utility evaluation on constant electricity supply
varies with the time of using, since their electricity demand varies
with hour, day, and season (Torriti, 2012; Campillo et al., 2016).
Therefore, the value of electricity outages may be characterized by
inherent attributes and associated scales such as the frequency,
duration, or magnitude (such as direct interruption, partial
interruption, or voltage disturbance) of interruptions, whether
the interruption is at night/on the weekend, and whether there is
an advanced notice (Caves et al., 1990; Billinton and Pandey,
1999; Sullivan et al., 2009; Morrissey et al., 2018). Short
interruptions such as 1–5 min would incur very low cost so
that most households would rather “sit out” the inconvenience
(Munasinghe, 1980). Households value different characteristics of
power outage and in particular prefer not to change to another
power outage profile (Pepermans, 2011). Customers value
incurring fewer and shorter outages; if an outage must occur,
outages during the day on weekdays are preferred (Hensher et al.,
2014).

Empirical evidence shows that households have heterogeneous
preferences regarding electricity outage attributes, depending on
attitude, perception, experience, socio-demographic
characteristics (age, gender, income, family size, educational
attainment, and household population composition such as
babies and old people), and housing features such as the type,
size, and ownership (Billinton and Pandey, 1999; Layton and
Moeltner, 2005; Pepermans, 2011; Morrissey et al., 2018). Lack of
information on how households heterogeneously value constant
electricity supply can lead to sub-optimal investment decisions,
which has a disproportional impact on customer groups
(Morrissey et al., 2018).

METHODOLOGY

We use a sample obtained from a face-to-face CVM survey on
urban households of Xi’an City in China to investigate the
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customers’ cost of interruption. Our CVM survey instrument was
developed over a 10-month period study before the formal
interview based on the trial interviews with the focus group
and pilot surveys. Key design issues for this study included the
valuation scenario, the elicitation method, and payment methods.
In this section, we first discuss in detail the specification on the
hypothetical program and then establish the model for estimating
values of constant electricity supply.

Design of Hypothetical Program
Bid Pattern
In order to reveal the ‘true’ valuation of households on the goods
and services being assessed, CVM-based studies typically offer
respondents with open-ended or closed-ended questions, either
of which involves various payment choices such as the payment
card (PC), the single-bounded dichotomous choice (SDC), and
the double-bounded dichotomous choice (DDC). The PC pattern
means to provide respondents with a series of payment amounts
to choose from. The WTP/WTA technique is to directly ask the
maximum/minimum amount that respondents would be willing
to pay for the program in question. The SDC asks only once to
cast a simple “yes” or “no” vote for a predetermined value of
payment. A positive response implies that the true WTP is larger
than that value, while a negative response means a smaller WTP
than that value.

As one of the commonly used CVM techniques, the DDC is
developed based on SDC and is increasingly mature (Bishop and
Heberlein, 1979; Hanemann et al., 1991). The DDC-based survey
asks respondents twice. They are first asked to cast a “yes” or “no”
answer for whether they would be willing to accept an initial
compensation amount. For the second question, those who have
provided a positive response to the first question would be
provided with a set of smaller compensation values to choose,
while those who have provided a negative response would be
provided with a set of larger values to choose. As Carson et al.
(Carson et al., 2001) pointed out, the DDC survey is incentive-
compatible, since it only asks a simple “yes” or “no” question, and
this type of dichotomous choice pattern is very close to
respondents’ decision-making behavior in the market.
Compared to the PC and open interval bid techniques, the
DDC allows the heterogeneous respondents to vote on a fixed
amount of compensation, which helps to avoid the estimation
bias. Compared with the SDC, the DDC is a typical “take-it-or-
leave-it” problem and can more effectively approximate the true
WTA, improving the evaluation efficiency (Hanemann et al.,
1991). We applied the DDC techniques in the survey.

Target Terminals
Assuming availability of the smart grid technologies that enable
point-to-point controlling of electricity terminals at the
household level, our empirical study takes household air
conditioners (ACs) and electric kettles (EKs) as the typical
terminals on interruption management. The reason is that
they are representative of different load characteristics and
important in shaping the electricity peak. The air-conditioning
load has become the main driving force of summer load peaks in
the urban areas, accounting for 34% of the peak load in China

(Wang et al., 2008). Its load is characterized by long duration,
high power, and poor substitution. In particular, the load of ACs
often abruptly increases with the temperature increasing, which
makes it hard to predict and manage the load in advance.

The kettle is one of the most used appliances in China.
According to our survey, more than 60% of Chinese
households own a kettle. Although the kettle is a lower
electricity consumer than ACs, it is one of the appliances that
has the highest wattage and requires the highest current when
switched on (McKenna and Thomson, 2016). Murray et al.
(Murray et al., 2016) showed that kettle usage patterns are
regular at peak times (morning and evening around dinner);
due to the spiky nature of its demand, the kettle can significantly
influence electricity generation and the power distribution
network. Meanwhile, EKs have sound nature of demand
response, since their electricity load can be easily adjusted by
switching to the substitutes.

Hypothetical Interruption Program
Suppose that households value electricity consumption in peak
hours more than that in the off-peak hours. 18:30–23:00pm every
day during the period from July to September is the peak of the
residential electricity consumption of Xi’an City; therefore, the
time slots between 18:30–23:00 during the summer electricity
peak were taken as the hypothetical time to conduct
interruptions. Households’ utility of using electrical appliances
may be associated with the control intensity (Caves et al., 1990;
Ozbafli and Jenkins, 2015; Broberg and Persson, 2016). The
typical length of control time may be transient (no more than
5 min), medium (30 min or 1 hour), and long (2 h or over).
According to the load characteristics of Xi’an City and the
requirements of DSM, the direct control scheme was assumed
to be an interruption of 30 min (or 60 min), with no more than
five interruptions per summer.

Advance Notice and Voluntary Participation
Smart grid technologies can also notify consumers ahead of each
arrival of the electricity peak and load control, hence reducing the
inconvenience of DSM to households. Caves et al. (Caves et al.,
1990) andMcfadden et al. (Mcfadden et al., 1988) showed that the
WTP/WTA estimates with an advance notice would be lower
than the estimates in absence of notice. Meanwhile, compared to
voluntary participation in a control program, the estimates under
a mandatory scenario would be larger (Caves et al., 1990). In
order to reduce the negative impact on households, our survey
specified the load control pattern to be with advance notice and
voluntary participation.

Payment Instruments
To avoid ambiguity, the CVM requires the compensation
payment tools of the program in question to be available and
familiar to the interviewed households. Typical payment tools
include tariff and tax. In CVM studies, an additional fixed
amount of fee or a proportion of the electricity bill has been
widely used (Munasinghe, 1980; Billinton et al., 1987). The
payment term and pattern also matter for households’ WTP/
WTA. Compensation by long-term payment brings uncertainty
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to households in terms of payment commitment, and hence,
respondents will discount on future pay-outs (Carson et al.,
2003). Carson et al. (Carson et al., 2003) preferred lump-sum
payment with fixed amount, as the median value of WTP/WTA
to lump-sum payment can be as twice as high as the median of
multi-period payment, and long-term payment would lead to re-
contracting problems. Our pilot survey shows that over 90% of
the respondents were suspicious of the commitment on multi-
period payment. In our pilot survey, the compensation was
specified to be lump-sum payment with fixed amount which
was deducted from the household electricity bill of that summer.

Choice Between WTP and WTA
Our study uses theWTAmethod. Billinton and Pandey (Billinton
and Pandey, 1999) concluded that stable and reliable electricity
services have been widely regarded by consumers as one of their
social rights. This is confirmed by our field test and pilot surveys
which found that the majority of respondents tend to offer a
provocative bid against the WTP questions, and 91% of the
respondents stated that “the grid is obligated to provide stable
services of electricity.”

Based on the pilot surveys, reasonable ranges of AC bids and
EK bids were ¥1–100 and ¥1–50, respectively. Our questionnaire
provided respondents with eight sets of values for AC
interruptions and four sets of values for EK interruptions.
Table 1 shows the bid value sets for the study, which is in a
typical double-bounded dichotomous choice (DDC) format. The
distribution of bids was obtained through pilot studies.

For example, in (2,5,1), 2 is the first bid, five is the second-
round high bid, and one is the second-round low bid. The
respondents were first asked: “Assume a 30 min outage of air
conditioning to your household between 18:30–23:00 on certain
day in this August, with no other appliances of your household
being affected, would you be willing to accept a compensation of ¥2
for the outage?” If the respondents said “yes,” they were asked
whether they accepted ¥1 (the second-round low bid): “Would
you be willing to accept a compensation of ¥1 for the outage?” In
contrast, if the respondents said “no,” they were asked whether
they accepted ¥5 (the second-round high bid): “Would you be
willing to accept a compensation of ¥5 for the outage?”

If the answer was “yes-no”, the respondent’s WTA of the
interviewee was between ¥2 and ¥5. If the answer was “yes-yes,”
then the respondent’sWTAwas below ¥1. Based on the above, we

use the maximum likelihood estimation method (Modelling
Value of Constant Supply) to obtain the mean WTA of the
interviewees. DDC asked the respondents twice, while the
second question was based on the response of the first
question. To reduce the initial anchoring effect and systematic
bias in the DDC estimation, these sets of bid values were
randomly assigned to the questionnaire (Cameron, 1988). That
is, for air conditioners, the questionnaires were divided into eight
types (according to Table 1), and each had different bid groups
(starting points). For example, respondents of type A would
answer questions from the group (2,5,1), and those of type B
would answer from (5,10,2). Meanwhile, the questionnaires were
distributed to each interviewer based on random software during
the survey.

Modeling Value of Constant Supply
Two types of models can be used for DDC estimation: the utility
difference model (UDM) proposed by Hanemann (Hanemann,
1984) and the expenditure difference model (EDM) proposed by
Cameron (Cameron, 1988). Compared to the former, the latter
makes more efficient use of the information in dichotomous
CVM questions and is easier to estimate (Cameron, 1988). This
study employs the EDM. Suppose when other conditions remain
unchanged, an individual’s WTA to changes in quality of goods
or services is the difference in his expenditure (also called
compensation variation), then

WTA � e(p, q1, u0) − e(p, q0, u0) (1)

where e(·) is the expenditure function. p denotes the service
prices, q0 is the initial quality of the service, q1 is the service
quality after the hypothetical program, and u0 is the utility level
before the hypothetical program. Suppose the indirect utility
function is v0(p, y0, q0), where y0 represents income. By
substituting v0 into function (1), the expression of WTA can
be rewritten as follows:

WTA � e(p, q1, v0(p, y0, q0)) − e(p, q0, v0(p, y0, q0))
� m(p, q1;p, y0, q0) −m(p, q0;p, y0, q0) (2)

where m(·) is the indirect compensation function, and
m(p, q1;p, y0, q0) and m(p, q0;p, y0, q0) capture the
compensation value under alternative situations for the utility
level to be unchanged. Eq. 2 describes the compensation value.
The individual’s WTA varies with changes in service quality,
which depends on individual characteristics and the measures on
service quality. Suppose individual i has a true WTA value as
follows:

ln(WTAi) � x’
iβ + εi , εi ∼ N(0, σ2) (3)

where xi is the vector of determinants of WTA, β is the
coefficient vector, and εi is the error term of normal
distribution, representing the influence of unobservable factors.
Suppose A is the initial value of the first-round bid, Ad is the
lower value of the second-round bid, andAu is the higher value of
the second-round bid. Let ϕ denote the cumulative probability
function of standard normal distribution. Under the DDC bid
mode, there would be four response patterns to the inquiry

TABLE 1 | WTA bid values (¥, Chinese yuan).

Number AC EK

1 (2, 5, 1) (2, 5, 1)
2 (5, 10, 2) (5, 10, 2)
3 (10, 20, 5) (10, 20, 5)
4 (20, 40, 10) (20, 50, 10)
5 (30, 50, 15)
6 (40, 60, 20)
7 (50, 80, 25)
8 (60, 100, 30)

Note: Figures in parentheses are the first bid, the second-round high bid, and the
second-round low bid. Similarly hereinafter.
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questions. The probability of individual i to provide a “Yes-Yes”
response can be written as follows:

Pr(Yes − Yes) � Pr(lnWTAi < ln Ad) � Pr(x’
iβ + εi < ln Ad)

� Pr(εi
σ
< lnAd − x’

iβ

σ
) � Φ(lnAd − x’

iβ

σ
)

(4)

Similarly, the probability that individual i provides a response of
“Yes-No,” “No-Yes,” or “No-No” is, respectively, as follows:

Pr(Yes −No) � Φ(ln A − x’
iβ

σ
)

− Φ(ln Ad − x’
iβ

σ
)Pr(No − Yes)

� Φ(ln Au − x’
iβ

σ
) − Φ(ln A − x’

iβ

σ
) (5)

Pr(No −No) � 1 − Φ(lnAu − x’
iβ

σ
)

Function 3) can be estimated using the maximum likelihood
(ML) method; the log maximum likelihood function is as follows:

ln L � ∑N
i�1
{IYYi ln(Φ(lnAd − x’

iβ

σ
)) + IYNi ln(Φ(ln A − x’

iβ

σ
)

− Φ(lnAd − x’
iβ

σ
)) + INY

i ln(Φ(lnAu − x’
iβ

σ
)

− Φ(ln A − x’
iβ

σ
)) + INN

i ln(1 − Φ(lnAu − x’
iβ

σ
))}

(6)

where IYYi , IYNi , INY
i , and INN

i are all indicative functions,
respectively expressed as follows:

IYYi � 1 (ith respondent’s response is }yes − yes})
IYNi � 1 (ith respondent’s response is }yes − no})
INY
i � 1 (ith respondent’s response is }no − yes})
INN
i � 1 (ith respondent’s response is }no − no}) (7)

With the estimates obtained from Function (6), the sample
median WTA can be estimated using Eq. 8, where �X is the
vector of average values of the determinant factors and β̂ are the
estimated coefficients (Cameron, 1988).

median � exp( �Xβ̂) (8)

SAMPLE AND DATA

The formal face-to-face survey on urban households of Xi’an City
in China was conducted in August 2020 following the stratified
and random sampling method. In each household, a member
who was aged 18 and over, able to respond, understood how to
use the household’s appliances, and knew the household’s
electricity consumption situation was randomly assigned as the

respondent. The average visit time for each household was
35 min. By data cleaning, we obtained a sample of 545
observations for the air conditioner control (356 households
have electric kettles). The questionnaire was divided into two
parts. In the first part, we specified the hypothetical program on
the base of focus interviews and pilot surveys. The survey
followed the contingent valuation method (CVM) and the
survey guideline proposed by Welsh and Poe. (Cameron, 1988;
Welsh and Poe, 1998), providing respondents with information
about a hypothetical program that would reduce the likelihood of
a future adverse environmental event. According to the load
characteristics of the Xi’an City grid, the control program was
described as an interruption of 30 min (or 60 min) between 18:
30–23:00 pm of the summer peak during the period from July to
September, with the interruptions per period being no more than
five times. The participants would be informed of an interruption
in advance. The electricity terminals on direct control include air
conditioners (ACs) and electric kettles (EKs). Each respondent
only faced the hypothetical program of controlling one of the two
terminals. Respondents were asked to provide their WTAs for
participation in the program. The compensation for interruption
would be a lump-sum deduction from the summer electricity bill.
The bidmode of DDCwas employed to obtain households’WTA.
The second part of the questionnaire aimed to collect the
information of household socio-demographic characteristics
and individual energy-saving attitudes.

Households’WTA in terms of electricity consumption may be
affected by economic and demographic factors, housing
attributes and location, and individual attitudes (Wilson et al.,
2015). Table 2 reports the statistical description of the variables
that are proposed to affect households’ WTA.

In terms of electrical appliances, 91.3% of the households had
air conditioners, with over 48% having more than two sets. The
temperature of air conditioning on average was set to 24.82°C,
and the average daily use in summer was only 7.45 h. Only 1% of
the households were used to setting the temperature above 28°C,
with an average daily use of 1.9 h. 65.32% of the households had
electric kettles, with a daily usage of 2.99 times. Estimated number
of outages experienced over the past year was 2.67 times.

In terms of demographic characteristics, the average age of
respondents was 43.30, and 51.93% had a full-time job. 49% of the
respondents are male. The average household size was three
members, with one member having attained a university
degree. On average, a household had 0.15 babies aged under
3 years old and 0.57 old people aged over 70 years old. The mean
of the household income was located around ¥60,000 per year.

81% of the households owned the house, while 27% lived with
welfare housing. Welfare housing means that the house is
provided by the organization one works for. The organizations
that can provide housing are usually government organs or state-
owned enterprises, while the purchase prices of welfare housing
are generally far below the market prices. On average, the
residential buildings in the survey were constructed in the
1990s, and the average size per household was 111.18 square
meters. In terms of attitudes and behavior, over 80% of the
respondents claimed that the electricity tariffs were acceptable,
and most consumers tended to be energy saving.
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The survey also investigated households’ daily routines and life
styles. Table 3 displays the time distribution of residents staying
at home between 18:30–23:00 pm during the period of the
summer electricity peak. From 18:30 to 19:00, 31.2% of the
households were unoccupied. The proportion of staying at
home increased with progression of the day, with a proportion
of around 79.1% between 19:30 and 20:00 and over 97.0% after
22:00. On average, during the summer peak hours of electricity,
the duration of staying at home was 3.92 h.

EMPIRICAL RESULTS

Influencing Factors of WTA
Table 4 reports theML estimates of Model (3), respectively, in the
case of AC and EK interruptions.

On the control of the air-conditioning load, the age of the
respondent (Age) has significantly negative correlation with
WTA. This implies that the older the members of the household,
the lower the household’s reported WTA, which is consistent with
Sullivan and Vardel’s conclusion (Sullivan et al., 1996). Gender
appears to have no significant effect on the control of the air-
conditioning load. Billinton and Pandey (Billinton and Pandey,

1999) provided empirical evidence that gender cannot explain the
difference in values of electricity services. That is, there is no gender
difference when facing long-time interruption, and the resulted
inconvenience from a strong electricity control is tolerable for
neither women nor men.

Our findings on the AC interruption reveal that income does not
show a significant impact on households’WTA, except for the high-
income group (above ¥300, 000, Income_5) in the case of 60-minAC
interruption, which is consistent with the theoretical prediction
revealed by Flores and Carson (Flores and Carson, 1997). We
find little evidence that family size (Familysize) is associated with
households’ WTA of load control, which is consistent with the
conclusion of Layton and Moeltner (Layton and Moeltner, 2005).
We also find no evidence that education (Education) is related to
WTA, which is consistent with the findings of Peters (Peters, 1990)
and Ritchie and McDougall (Ritchie and McDougall, 1985) that
education does not play a role in energy consumption behavior. As
Stern (Stern, 1992) noted, people of a high education level may have
strong environment awareness and concept, but transforming
attitudes into actions is affected by many factors.

Whether households have special populations has been a hot
topic in studies on energy consumption. Many empirical research
studies have provided evidence that babies are sensitive to outages
(Peters, 1990; Sullivan et al., 1996; Sullivan et al., 2009), which
implies that households with babies are more likely to value
constant electricity supply. Our findings confirm this statement:
in both cases of AC interruption, the number of babies (Baby)
significantly increases the WTA values; the effect becomes
stronger when interruption duration becomes longer. We find
having aged people in families (Old) is not related toWTA values
in terms of AC load control. This result can be interpreted by the
cultural context and the health concept of elderly Chinese people.
Many old people interviewed said that wind from air
conditioning is unnatural and not healthy. This type of

TABLE 2 | Summary statistics.

Variable Description Mean Standard deviation

Gender Respondent’s gender (male � 1; female � 0) 0.49 0.50
Age Respondent’s age (year) 43.30 15.62
Familysize Family size (person) 3.47 1.74
Education Number of family members with undergraduate education or above (person) 1.09 1.19
Baby Number of babies under 3 years of age (person) 0.15 0.42
Old Number of people over the age of 60 (person) 0.57 0.8
Work Whether having full-time job (yes � 1; no � 0) 0.52 0.5
Dwellingsize Dwelling size (m2) 111.18 65.22
Owner Whether owning the house (yes � 1; no � 0) 0.81 0.39
W_house Whether living with welfare housing (yes � 1; no � 0) 0.27 0.45
Hometime Hours of staying at home between 18:30 and 23:00 pm per typical weekday (hours) 3.92 0.97
ACnum Number of ACs per household (set) 0.82 0.52
ACusetime Hours of using AC per day in summer (hours) 7.45 5.09
ACtem Temperature setting on AC in summer (°C) 24.82 2.36
EKfre Frequency of using EKs (times per day) 2.99 2.63
EKnum Number of EKs (set) 0.96 0.60
Out-time Estimated number of outages experienced over the past year (times) 2.67 2.32
Selfscore Self-valuation of energy-saving behavior (0–10, from the lowest score to the highest) 7.72 1.89
Income Household’s annual income category (¥0–30,000 � 1; ¥30,000–60,000 � 2; ¥60,000–100,000 � 3; ¥100,000–200,000 � 4;

¥200,000–300,000 � 5; ¥300,000+ � 6)
2.68 1.15

Houseage Construction year of the house building (before 1970 � 1; 1980s � 2; 1990s � 3; after 2000 � 4) 3.81 1.13
Feelp Feeling about electricity price level (expensive � 1; relative expensive � 2; relative cheap � 3; very cheap � 4) 2.77 0.6

TABLE 3 | Time distribution of staying at home in the summer electricity
peak hours.

Time slot Proportion of staying
at home (%)

Time slot Proportion of staying
at home (%)

18:30–19:00 68.8 21:00–21:30 93.9
19:00–19:30 76.9 21:30–22:00 95.4
19:30–20:00 79.1 22:00–22:30 97.8
20:00–20:30 85.7 22:30–23:00 98.0
20:30–21:00 88.4
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cognition about air conditioning is close to that of the Japanese
old (Yamamoto et al., 2008).

For the remaining socio-demographic factors, there is no
significant association between building age (Houseage),
dwelling size (Dwellingsize), and welfare housing (W_house)
and WTA. The building’s characteristics do not show strong
predicting power for WTA. The respondent’s feelings about the
electricity price level can negatively affect WTA values in the case
of 30-min interruption (Feelp_3). In terms of the behavior of
energy saving (Selfscore), we do not find strong evidence of the
potential correlation between this factor and WTA.

In terms of the AC use pattern, the number of air conditioner
sets (ACnum) is not significant, while the length of using time
and temperature setting appear to be powerful predictors for
WTA values, since their estimates in either interruption durations
is negative at the 1% or 5% significance level. The negative
parameters imply that the value of WTA increases as the
temperature set of air conditioners (ACtem) decreases. The
value of WTA increases as the length of using time
(ACusetime) increases. Obviously, the households relying
more on cooling service would put a higher value on constant
electricity supply. The number of outages experienced over the
past year has no significant effect on WTA, which is consistent
with the research of Baik et al. (Baik et al., 2020).

The estimation results about EK interruptions are shown in
the right-hand panel of Table 4. The frequency of EK use (EKfre)
is positively correlated with WTA. The respondent’s age can
positively affect WTA values in the case of 30-min interruption
and 60-min interruption. Hours staying at home (Hometime)
during peak time are also positively related to WTA. The number
of old people (Old) is positively correlated with WTA. The
respondent’s feelings about the electricity price level can
negatively affect WTA values in the case of 60-min
interruption (Feelp_2 and Feelp_3).

In summary, as far as supply interruptions to air conditioning
are concerned, significant predictors for households’ WTA are
age, the number of babies, the length of using time, and the
temperature setting of air conditioners, no matter whether the
duration of interruption is 30 min or 60 min. For EK
interruptions, the powerful predictor is use frequency of EKs,
hours staying at home during peak time, and respondent’s age,
irrespective of whether the duration of interruption is 30 min or
60 min. The difference in terms of influence factors of WTA or
impact size between two types of electrical appliances can be
attributed to the differences in load characteristics and the
substitution. Because of these differences, it is possible to use
smart grid technology to conduct differentiation management on
different terminal electricity equipment.

WTA Estimates and Distribution
Median WTA and Aggregate WTA
Using the estimated parameters and observed values of the
sample, we estimate the sample average of WTA. Specifically,

TABLE 4 | Estimation results of Model (3), under different interruption scenarios.

Variables AC EK

D30 D60 D30 D60

Constant 6.377** 9.778*** -2.137 -2.634
(2.534) (2.487) (2.905) (3.064)

Gender 0.276 0.007 0.579 0.750
(0.362) (0.343) (0.642) (0.668)

Age -0.047*** -0.058*** -0.0400 -0.0236
(0.017) (0.017) (0.0292) (0.0304)

Familysize -0.026 -0.073 -0.407 -0.284
(0.161) (0.155) (0.253) (0.248)

Education -0.015 0.094 0.372 0.257
(0.166) (0.155) (0.363) (0.376)

Baby 0.663** 0.726*** 0.476 0.608
(0.280) (0.271) (0.887) (0.903)

Old 0.415 0.449 1.300** 1.175**
(0.510) (0.496) (0.557) (0.580)

Work -0.125 0.018 0.682 0.682
(0.398) (0.381) (0.758) (0.778)

Dwellingsize 0.001 -0.002
(0.003) (0.003)

Owner 0.032 0.264
(0.488) (0.466)

W_house 0.306 0.133
(0.465) (0.441)

Hometime 0.088 0.092 0.727* 0.819*
(0.189) (0.179) (0.420) (0.438)

Out-time 0.008 0.001 0.081 0.052
(0.075) (0.074) (0.164) (0.179)

Income_2 0.142 -0.382 -1.629 -0.875
(0.564) (0.526) (1.097) (1.126)

Income_3 0.755 -0.024 -1.079 -0.323
(0.551) (0.511) (1.016) (1.078)

Income_4 0.717 0.135 0.341 0.771
(0.684) (0.642) (1.175) (1.278)

Income_5 -0.542 -1.783** -2.788 -2.925
(0.871) (0.826) (1.768) (1.932)

Houseage_2 1.307 1.198
(1.032) (0.985)

Houseage_3 -0.376 0.179
(0.962) (0.913)

Houseage_4 -0.015 0.241
(0.929) (0.891)

Houseage_5 0.257 0.984
(0.930) (0.892)

ACnum 0.190 0.334
(0.416) (0.399)

ACusetime 0.106*** 0.118***
(0.037) (0.035)

ACtem -0.171** -0.248***
(0.078) (0.076)

EKfre 0.378** 0.382**
(0.150) (0.161)

EKnum 0.232 0.351
(0.625) (0.663)

Selfscore -0.048 -0.071 -0.160 -0.173
(0.101) (0.095) (0.175) (0.186)

Feelp_2 -0.739 -0.665 -1.942 -3.937**
(0.810) (0.798) (1.741) (1.917)

Feelp_3 -1.250* -1.045 -1.838 -2.786*
(0.678) (0.680) (1.546) (1.652)

Feelp_4 -1.304 -0.730 -2.715 -4.768
(1.296) (1.213) (2.635) (2.901)

Sigma 3.159*** 3.082*** 3.711*** 4.071***
(0.268) (0.256) (0.600) (0.643)

Log likelihood -551.913 -583.135 -198.675 -224.932
Sample size 545 545 356 356

Notes: *, **, and *** is the significance levels of 10, 5, and 1%, with standard errors in
parentheses. Each regression includes a constant term, and the estimated results are
omitted in the table.
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we substitute the sample average values of influencing factors into
Function 8) to calculate the median WTA value under alternative
scenarios. The result is depicted in Table 5. In the case of air
conditioning, an interruption of 30 min (AC_D30) and 60 min
(AC_D60), respectively, generates a median WTA of ¥2.91 and
¥6.75. That is, when control intensity doubles, the WTA estimate
would, on average, increase by two times.

In contrast, households put a much lower value on constant
electricity supply to EKs. For an interruption of either 30 min
(EK_D30) or 60 min (EK_D60), the median WTA value stays
at around ¥ 0.06. This is quite meaningful, indicating that
electric kettles are much suitable as the terminal of direct load
control, since its interruption would not incur large welfare
loss to consumers. More importantly, while use of electric
kettles usually generates large, frequent, and random
disturbances to the power grid, it can be easily substituted

(for instance, by gas stoves). Hence, taking EKs as the target
terminal may also bring grid companies significant benefits in
terms of stable operation.

Accumulative Distribution of WTA
In addition to the total welfare losses caused by supply
interruption intervention, the distribution of WTAs and the
household characteristics that are related to the distribution
are equally important for effective load management. We
calculate the WTA value of an individual household by using
its characteristic information. On the basis of that, we calculate
the cumulative distribution ofWTA values, as shown in Figure 1.

Figure 1A and Figure 1B show the cumulative distributions of
WTA for the AC interruptions. Given the same WTA value, as the
interruption duration increases from 30 to 60min, the proportion of
households would agree to participate in the interruption
management significantly decreases. When the interruption
duration is 30min, 91% of the households would participate if
the compensation is ¥15; the participation rate slightly increases to
96% if the compensation increases to ¥25. When interruption
duration is 60 min, about 70% of households would participate
with a compensation of no more than ¥15; the proportion slightly
increases to 82% if the compensation increases to ¥25. Most
households would be willing to accept an air-conditioning
interruption, even when the compensation is low. When

TABLE 5 | Median WTA.

Scenario Median WTA (¥)

AC_D30 2.91
AC_D60 6.75
EK_D30 0.05
EK_D60 0.08

FIGURE 1 |Cumulative distribution ofWTA for interruptions. (A)AC_D30. (B)AC_D60. (C)EK_D30. (D) EK_D60. Notes: (i) the horizontal axis is theWTA values and the
vertical axis is the cumulative probabilities. (ii) For AC interruptions, extreme WTA values that are larger than ¥100 have been deleted from the figures, composed of two
observations for D30 and 14 observations for D60. (iii) For EK interruptions, extremeWTA values that are larger than ¥5 have been deleted from the figures, composed of two
observations for D30 and observations for D60.
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compensation is already high (for instance, ¥15 in the case of 30-min
interruption), a further increase only generates a minor increase in
households’ participation rate, implying the decreasing marginal
effect of monetary compensation. The traditional instruments of
DSM are usually unified for all households and therefore costly. Our
results show that peak electricity consumption of household air
conditioning can be effectively reduced at low cost, by directly
managing the ACs of demand response–sensitive households.

Figure 1C and Figure 1D are the cumulative distributions of
WTA in the case of EK interruptions. Around 93% of households
have a WTA value of less than ¥1, no matter whether the
interruption duration is 30 min or 60 min; however, to further
improve the participation rate to nearly 100%, the WTA value
needs to be raised to more than ¥20.

Participation Without Compensation
The factors affecting residential electricity consumption are
complex and diverse. It is usually difficult to achieve the given
target of peak load regulation by simple economic incentives in a
cost-effective manner. The peak consumption of the residential
sector typically has the characteristics of congestion, and therefore,
its optimal management requires the collective efforts of the
market, government, and society. In this context, we explored
the possibility of participating in peak-shaving without
compensation in response to a “social call.” The questionnaire
asked the respondents the willingness of non-paid participation
regarding the 30-min and 60-min interruptions. In the case of air
conditioning, 80.6% of the respondents, respectively, show that
they would be willing to participate in the 30-min interruption
program, while 75.2% would be willing to participate in the 60-min
program. In the case of electric kettles, the voluntary participation
rate is 89.4 and 88.0%, respectively. The results imply the huge
potential of improving households’ participation in DSM in the
presence of non-economic incentives.

However, voluntary participation motivated by non-market
incentives can also be affected by many other factors, such as
benefits of non-paid participation. While an individual’s utility
may be increased by the collective participation, the benefits
would be shared by the society, and the individual has to take on
the cost of participation (such as discomfort and inconvenience due
to the supply interruption), which means the typical negative
externality problem would emerge (O’Hare et al., 1983). Frey
et al. (Frey et al., 1996) noted that in the long term, participation
which only relies on “moral calling,” propaganda, and education is
hard to maintain. Accordingly, even if a large number of households
would be “willing to participate without any compensation,” this kind
of participation behavior may be unsustainable. To fully mobilize the
demand side to participate in load management, the effective
combination of economic and social incentives should be considered.

DISCUSSION AND CONCLUSION

The effective measures of power demand control with smart grid
DSM technology should target the specific customers. In order to
identify the target groups well, the end use of the DSM has to be
carefully identified. This article estimated the distribution of

households’ WTA for voluntary interruptions and explored the
heterogeneous, by taking ACs and EKs as typical electricity terminals.

We come to four conclusions. First, given the same
compensation value, as the interruption duration increases from
30 to 60min, the voluntary participation rate of the interruption
management significantly decreases, and the participation rate
significantly varies with types of the appliances on control.
Second, most households would be willing to accept the supply
interruption even if the compensation amount would be low.
When the amount of compensation increases to a certain high
level, a further increase in compensation could only generateminor
increment in participation willingness. Third, influence factors of
the WTA and the influence sizes would vary with the type of
appliances that are on interruption management. Finally,
household characteristics have significant impacts on the WTA.
For interruptions to air conditioning, powerful predictors forWTA
are age, the number of babies, the length of using time, and the
temperature setting of air conditioners. For EK interruptions, the
powerful predictors are use frequency of EKs, hours staying at
home during peak time, and respondent’s age.

Households’ electricity consumption is determined not only by
economic incentives but also the society context and individual
characteristics. Traditional grid regulation methods distinguish
only between sectors such as industrial and residential
customers, calculating the cost and benefit of grid regulation
based on the average load of sectors. As Thogersen et al.
(Thogersen and Gronhoj, 2010) noted, household customers
can be aware of energy saving under the effect of psychological
factors. Applying the management measures with the same cost to
different customer groups would generate completely opposite
effects. The point is to differentiate terminal markets according
to households’ characteristics and the WTA distribution on
different terminals and accurately lock on the target of load
control, hence finding out the most effective means of
regulation. Thus, the welfare losses due to load control can be
minimized and the demand-side response can be improved.

The value of WTA reflects the welfare level of the household
by using electrical appliances and also the cost of DSM (such as
load interruption) of the grid. The main advantage of the survey
method is in enabling the availability of the dataset that carries the
information of the household’s heterogeneity in terms of WTA.
Information on the household’s WTA of electricity outages and
the heterogeneity at the household level can serve many purposes.
For instance, it may help grid companies to design a cost-effective
scheme of DSM reducing the welfare loss of the consumers. It can
be used to decide on which sectors or customer groups can be cut
off with a minimum cost when power shortages occur (Morrissey
et al., 2018)). Capturing the heterogeneity makes it possible to
conduct differentiation control according to the sensitiveness of
demand response.

To conclude, first, our analysis reveals the heterogeneity in
consumers’ preference for electrical appliances in the summer
peak, providing the justification for intelligent control of
electricity load based on the differentiated interruption value.
Specifically, the traditional DSM method simply cuts off the
household electricity during load peaks, while the intelligent
interruption performs the marginal control on those electricity-
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intensive appliances of a household. In other words, the intelligent
interruption based on consumer heterogeneity enables a weaker load
control and improved consumer welfare. Second, the differentiated
pricing for household electricity is needed for the intelligent
interruptible mechanism to be practicable and valid. The
electricity industry of China has been strictly regulated for a long
time, including the pricing. The pricing mechanism needs to be
more flexible to match the future needs of intelligent control of
electricity. Third, the intelligent interruption control in our
discussion takes the smart and reliable network as the
precondition, implying that the electricity network infrastructure
needs to improve to enable the intelligent control on household load
terminals. This contributes not only to the investment for smart
meters and other information-delivering technologies but also to the
transformation of electricity management toward a more
deregulated and more information-based pattern.
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