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Household electricity consumption has increased significantly over the last two decades,
leading to a series of policy interventions targeting to reduce electricity consumption in the
residential sector. Information feedback regarding household electricity consumption is
considered a cost-effective approach to promoting energy conservation. Various studies
have so far covered the effects of information feedback on electricity consumption, yet the
variations in both the types of feedback provided and the research methodologies have
made it difficult to draw plausible conclusions. In China’s case, less due regard has been
given to the effectiveness of various types of information feedback. This study has
compared the effectiveness of information feedback between emailing electricity bills to
households and installing smart meters in terms of promoting electricity conservation by
employing empirical survey data from the Chinese General Social Survey with the help of
the propensity score matching method. The results show that information provision via
information bills curtails electricity consumption by around 20%, whereas information
feedback via smart meters installation has no positive effects on household electricity
conservation due to lack of access and knowledge to understand the displays of advanced
meters. In light of the above results, the study suggests that policy-makers stress the
importance of information feedback-based initiatives and improve the information
feedback capacity of smart meters through training and education.

Keywords: residential sector, information feedback, energy conservation, propensity score matching, electricity
bills, smart meters

INTRODUCTION

Residential energy consumption (REC), the second largest energy consumer in China, is responsible
for about 12.8% of total energy demand with an average annual increase of 7.24% from 2000 to 2017
(Fan et al., 2020). With both direct and indirect CO2 emissions taken into consideration, the
residential sector, the major contributor to global warming, has contributed more emissions than the
industrial sector (Qi and Li, 2020). Thus, it is of great significance for China to conduct energy
conservation and carbon abatement in the residential sector (Zhang H et al., 2020). More recently,
China’s structure of energy consumption has largely shifted toward electricity and away from direct
burning of coal (Xie et al., 2020). The electricity consumption in the dwellings has seen even faster
growth, with an average growth rate of 11.49% from 1990 to 2017 (NBS, 2019), so there is enormous
untapped potential for energy saving in the residential electricity consumption (Zhang M et al.,
2020). In this context, residential electricity saving in China is becoming a priority. Understanding
the policy measures to reduce residential electricity consumption is an essential part of mitigating
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global warming, making it a prime target for intervention (Davis
and Metcalf, 2016). One such intervention is the information
feedback, which provides households with the amount of their
electricity consumption and monetary costs over a specified time
period to promote energy conservation (Ito, 2014). Information
feedback addresses problems of incomplete information in
markets, which is at the crux of the energy efficiency gap, thus
helping the residents overcome cognitive or behavioral biases and
make better decisions of electricity consumption (Ratner et al.,
2008). This method has been implemented and proven to be
successful for promoting behavior change from individual to
group levels in various fields, such as public health and education
(Aydin et al., 2018).

In the field of electricity, bounded rationality constrains
effective planning for electricity consumption, because
households have limited information on electricity
consumption due to separation of consumption and payment
(Gilbert and Zivin, 2014), along with complicated electricity tariff
structures (Bushnell and Mansur, 2005), making it difficult for
households to understand actual electricity use. Studies have
found that only 56% of the households understand their
monthly energy consumption (Brounen et al., 2013) and only
about 27% of the residents have knowledge about the average
price of electricity (Blasch et al., 2017). Therefore, provision of
more information feedback will increase awareness and
transparency of electricity use. Among feedback-based
intervention, electricity bills are considered a low-cost strategy
for motivating household electricity conservation and has
received considerable research attention (Henryson et al.,
2000). A second resource for electricity feedback is from smart
metering technology, which helps to remove informational
constraints on residential consumption due to advances in
energy infrastructure (Carroll et al., 2014). All that feedback
information could motivate people to increase awareness of
and knowledge about energy consumption levels, and to
develop new energy-efficient habits and adapt to real-time
pricing more effectively.

Policymakers are increasingly looking to information feedback
for guidance. EU Directive (2006/32/EC) on Energy End-Use
Efficiency and Energy Services (Energy Services Directive), dating
from April 2006, requires the Member States to provide
information feedback, including metering, frequent informative
billing, historic and normative comparisons, contact information
and advice for improving energy end-use efficiency (EUR, 2006).
Denmark sets forth a legal obligation to offer informative
electricity bills presenting historic and normative comparisons
along with environmental impact. Sweden is the first country in
Europe to have started a large-scale deployment of smart meters
and enacted statutes to encourage provision of monthly billings
by smart meters for all customers from July 2009 (Fischer, 2008).
Likewise, the United States government allocated over $4 billion
to install smart meters in 2009, encouraging utilities to supply
residents with access to their energy information (Chopra, 2011).
Aware of the significance of information feedback for residential
electricity conservation, China has implemented a multitude of
policies and programs to increase information feedback capacity,
such as deployment of in-house display and smart meters.

However, these initiatives are often designed without accurate
resident’s requirement in mind (Du et al., 2017).

In this paper, we have employed the data of majority of
Chinese provinces from the large-scale fieldwork through the
Chinese General Social Survey (CGSS) launched jointly by
Renmin University and the Hong Kong University of Science
and Technology in 2018 to analyze how the information feedback
can influence electricity consumption in the residential sector.
The CGSS is the first national representative survey project run by
academic institution in China mainland for researchers and
scientists to study the behavior of Chinese households (Li
et al., 2019). In this survey, the information feedback is made
available by sending emails to households about their electricity
bills or made the consumption shown on the dashboard by using
the smart meters. The findings have indicated that providing
feedback by sending emails contributes to a substantial reduction
in residential electricity consumption, but the deployment of
smart meters has failed to achieve the similar result as electricity
bills. These results have indicated that information feedback via
electricity bills can be used as a strategy to address behavioral
barriers and ultimately conserve electricity. Advanced meters
alone are not sufficient to change household energy
consumption practices in China. The real-time display of
electricity expenditure can lead to energy-conservative
behavior in households through the learning channel (Lynham
et al., 2016). As such, further training about those infrastructures
are needed to make consumers gain adequate information in an
instantaneous and easily accessible way. Understanding the
underlying mechanism of electricity information feedback thus
helps to identify challenges and opportunities and offer concrete
suggestions for China’s future energy policy.

As the effectiveness of information feedback is receiving
increasingly more attention, the research has shifted from the
laboratory to field experiments (Levitt and List, 2009). However,
we still have insufficient knowledge of the effectiveness of
information feedback on residential energy consumption
(Bernedo et al., 2014), especially in the context of China. In
this paper, we evaluate the effects of information feedback via
both electricity bills and smart meters using a large-scale
fieldwork and a large sample in China. The study uses the
propensity score matching to focus on the effectiveness of
feedback intervention by collecting the data of households
from the Chinese General Social Survey (CGSS).

LITERATURE REVIEW AND HYPOTHESES

Much literature has discussed over the effectiveness of
information feedback on electricity consumption, but with a
variety of conclusions by applying the different feedback
mechanisms. A set of meta-analysis results indicate that
information feedback is effective, and can encourage favorable
changes in energy consumption behavior (Delmas et al., 2013;
Karlin et al., 2015; Nemati and Penn, 2020). According to some
information feedback studies, feedback initiatives could lower
residential electricity consumption ranging from 1.1% to 20%
(Fischer, 2008; Vine et al., 2013).
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Accurate and frequent billing, as interactive feedback service,
will give the households a much better sense of the electricity
expenditure at different times of a year. Pon (2017) found that
billing reports contributed to reducing residential electricity use.
Carroll et al. (2014) demonstrated that households could curtail
the electricity consumption by 8.7% and 5.4% when receiving
monthly billing and bi-monthly billing respectively. The Electric
Power Research Institute (2009) concluded that monthly
feedback and daily/weekly feedback could promote energy
saving by 9% and 8% respectively (Neenan et al., 2009).
Gleerup et al. (2010) showed that providing information via
messages and emails led to averagely 3% of reduction in total
annual electricity consumption. Other studies, however, have
found smaller effects or no effects. Andor et al. (2020) found
that the electricity feedback based on home energy report could
cut down electricity consumption only by 0.7%. Restrepo and
Morales-Pinzón (2020) and Khanna et al. (2016) demonstrated
that electricity consumption seems unaffected by the delivery of
feedback information due to the fact that consumers do not know
which activity generates the waste of electricity.

Smart meters could help residents to monitor and better
understand their electricity consumption. Gans et al. (2013)
and Schleich et al. (2017) indicated that the installation of a
smart metering could help reduce electricity consumption by
11–17% and 5% per household respectively. Aydin et al. (2018)
showed that feedback initiatives through the use of in-home
displays could save electricity by around 20% on average. In
China, Zhang et al. (2016) tested the effectiveness of real-time in-
home displays on residential electricity consumption, and
showed that the in-home displays reduced monthly electricity
consumption by around 9.1% in Shanghai City (one of the big
and highly developed cities in China). However, Matsukawa
(2018) found that feedback from in-home displays only
reduced electricity on the part of energy-using households
rather than energy-saving households. Hargreaves et al. (2013)
found that smart meters did not necessarily bring electricity
conservation in the United Kingdom, which is close to the
estimates documented in the study by Nilsson et al. (2014)
and Khanna et al. (2016) who also found that provision of
information feedback via smart meters had little significant
impact on electricity consumption on the side of residents.
The researchers have ascribed this result to residents’ lack of
ability to comprehend and utilize the information from advanced
intelligent devices.

The effectiveness of information feedback via electricity bills
and smart meters in cutting down energy consumption varies
widely across studies. Given the variety in reported results, it is
essential to identify what types of information feedback can have
a positive impact on electricity conservation and to understand
the mechanisms behind households’ behavior in China. In
particular, so far, few studies have identified the causal effects
between information-based initiatives and residential electricity
consumption at a national level covering both urban and rural
residents in China, which is critical to policy intervention. This
study tries to fill in this gap.

In light of the previous literature, this paper studies the effects
of information feedback via emails and smart meters on

households’ electricity consumption. Therefore, following
hypotheses are put forward based on the arguments
presented above.

Hypothesis 1: Feedback information could reduce electricity
consumption through sending emails of electricity bills.

Information feedback promotes public awareness and
knowledge, which makes residents change their consumption
behavior and promoting energy efficiency (Oltra et al., 2013).
These changes in household behavior contribute to a reduction in
electricity expenditure. Numerous studies have concluded that
the provision of electricity bills affects residential electricity
consumption (Darby, 2006; Gleerup et al., 2010; Carroll et al.,
2014; Pon, 2017). Thus we hypothesize that households that
receive electricity bills tend to change their electricity-use
behavior, resulting in lower electricity consumption.

Hypothesis 2: The installation of smart meters is conducive to
the reduction of electricity consumption.

Smart meters could help households to better monitor their
electricity consumption. Studies have examined whether and how
smart meters influence electricity usage, but with different
conclusions (Gans et al., 2013; Hargreaves et al., 2013; Nilsson
et al., 2014; Schleich et al., 2017; Aydin et al., 2018; Matsukawa
2018). We assume that the Chinese households with smart meters
are likely to consume less electricity.

RESEARCH DESIGN

Sample
We adopt the propensity score matching (PSM) method with the
data from the Chinese General Social Survey (CGSS) conducted
by the National Survey Research Center of China, which is a
continuous large-scale nationwide survey covering 28 provinces
in both urban and rural China in 2015. This CGSS survey consists
of Core module, Work and Economy module, East Asian Social
Survey (EASS) module, International Social Survey Program
(ISSP) model, Energy module and Law module with different
sample size in each module to systematically investigate the
changing relationship between social structure and quality of
life. By the end of 2018, about 2,470 journal papers and 645
master’s dissertations were published based on CGSS data. In this
study, we employed the Core module (sample size 10,968) and the
Energy module (sample size 3,557) to discuss the relationship
between information feedback via electricity bills or smart meters
and electricity consumption in the residential sector. The final
sample size is 2,584 after removing the observations with missing
values.

To verify that our statistics in the sample are able to provide a
sound representation of China’s case, the distribution of the
demographic factors in our sample survey is compared against
the 2015 statistics from the National Bureau of Statistics (NBS,
2015). The education levels of the respondents are presented in
Figure 1A and the overall trend is similar to that of NBS.
Figure 1B displays the age distributions of the modeling
samples and NBS. Since the head of the household typically
responds to the sample, there are some differences about age level
1 and 5. The remaining categories are similar to those of NBS.
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Figures 1C,D show that the distributions of registered residence
and gender in the survey sample closely match those of NBS.
Besides, the average household size of this survey (2.9 persons per
household) is similar to that in the statistical yearbook (3.1
persons per household). Overall, the survey sample has
covered major demographic factors.

Variables
Electricity Consumption
Electricity consumption is the dependent variable in our study.
Sample data of the households’ average monthly electricity usage
are selected from the dataset of the Chinese General Social Survey
(CGSS), in which the respondents are requested to provide the
average monthly consumption data in kilowatt hour (kWh) spent
on electricity.

Information Feedback
The independent variable of this study is information feedback by
sending the emails about electricity bills and making the
information available on the dashboard via smart meters.
Information feedback is a dichotomy variable (as receiving
information feedback � 1, without receiving information
feedback � 0). In the analysis of propensity score matching,
the group with information feedback is the treatment group,
while the group without information feedback is the
control group.

Control Variables
Further, in order to control the interference of other factors of
households, a group of control variables are employed in this
study. Previous studies have suggested that the physical attributes
of residential dwelling impact household electricity consumption.

For example, house size is confirmed as an important indicator of
the residential electricity consumption (Santamouris et al., 2007).
As the house size increases, the electricity consumption of
household is expected to increase. Other dwelling
characteristics identified as significant parameters affecting the
amount of electricity are the number of electrical appliances
(Huebner et al., 2016), house heating (Romero-Jordan et al.,
2014), house ownership (Hamilton et al., 2013). As the
households own more electrical appliances and house heating,
more electricity is consumed. In this study, the total number of
residential electrical appliances is calculated, including cooking
equipment, refrigerator/freezer, washer/dryer, TV, computer,
water heater, television, computers and laptop, air conditioners
and washing machine. Previous studies have proved that
electricity consumption is strongly correlated with household
characteristics such as household income (Huang, 2015), number
of individuals in a household (Ndiaye and Gabriel, 2011), length
of residency (Xu et al., 2020) and residence type. According to
China’s Residential Energy Consumption Report, urban residents
in China consume approximately 1.25 times asmuch electricity as
rural residents (Yang et al., 2019). Household size, or the number
of individuals in a household, is positively associated with
residential electricity consumption, as a direct effect
(Karatasou and Santamouris, 2019). The residents with larger
household size tend to consume more electricity. Besides, there is
a positive relationship between the amount of electricity used in a
building and income (Bao and Li, 2020). Furthermore, electricity
price is also confirmed as an important parameter affecting
electricity consumption (Blázquez et al., 2013). Therefore, the
control variables include household characteristics with the
quantity of occupants, total yearly income in 2014, length of
residency and residence type, dwelling characteristics with floor

FIGURE 1 | Major socioeconomic attributes: survey samples and national distribution. (A) education level; (B) age level; (C) residence type; (D) gender.
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area, number of electrical appliances, house heating and house
ownership and electricity price which have been identified as the
factors influencing the electricity consumption. Variables are
shown in Table 1. In order to verify the relationship between
electricity consumption and control variables, the Ordinary
(OLS) methods are employed to estimate the variables’ effect
on electricity consumption by using the logarithmic forms of
electricity consumption and the continuous control variables.
Table 2 illustrates the regression results of electricity
consumption, which helps to prove that those control
variables indeed influence the electricity consumption. In
order to ensure the trustworthy regression results, the White
test is used to check for the presence of heteroscedasticity on these
variables (White, 1980). The test statistics is 0.29, which fails to
reject the null hypothesis of homoscedasticity.

Model
The issue studied in this paper is the influence of the
implementation of information feedback of electricity bills and
smart meters on the consumption of electricity. We analyze the
effects of information feedback on the residential energy
consumption using PSM which applies quasi-experimental
option for interventional effects analysis (Rosenbaum and

Rubin, 1983). Therefore, taking electricity consumption as the
independent variable; taking the information feedback via
electricity bills and smart meters as dependent variables;
controlling the factors household characteristics with the
household size, total yearly income in 2014, length of
residency and residence type, dwelling characteristics with
including floor area, number of electrical appliances, house
heating and house ownership, and electricity price, a flexible
Logit model to estimate propensity score is performed in Eq. 1.

P(xi) � P(D � 1|xi) � exp(αxi)
1 + exp(αxi) (1)

P(xi) is the probability that the households receive the
information feedback, that is, the propensity score of the
observed value. xi is the control variables. The average
treatment effect for the treated (ATT) is assessed after
estimating the propensity scores. To analyze the effect of
information feedback on electricity consumption, average
treatment effect E(Y1 − Y0) or average treatment effect on
treated E(Y1 − Y0)|D � 1 can be calculated. Here, a binary
treatment indicator D equals 1 if households have received the
feedback information and 0 otherwise. Y0 shows the electricity
consumption of the household without receiving information
feedback and Y1 shows electricity consumption of household
when receiving information feedback and Average effect of
Treatment on the Treated (ATT) can be written as follows:

ATT � E(Y 1 |D � 1) − E(Y 0|D � 0),P(x) (2)

Naturally, the counterfactual mean for those receiving the
information feedback via electricity bills and smart meters
i.e., E[Y0│D � 1] is not observable (the fundamental problem
of causal inferences). The treatment effect of receiving
information feedback is the difference between the outcomes
of electricity consumption for the same household in these two
states with and without information feedback. Since unobservable
residential characteristics that influence information feedback
might also have an effect on electricity consumption and lead
to selection bias, propensity score matching offers a way to select
a subsample of adopter and non-adopters with characteristics
that are observationally similar to obtain the treatment effect

TABLE 1 | Variable definition.

Variable name Variable index Definition

Electricity consumption Consumption in kWh in [0, +∞]
Information feedback via electricity bills Electricity bills 1 � monthly electricity bills; 0 � otherwise
Information feedback via smart meters Smart meters 1 � adoption of smart meters; 0 � otherwise
Yearly income in 2014 Income 5 levels: Well above average, above average, average, below average, well below average
Length of residency Length Continuous: From 1 to ≥7
Residence type Residence 2 levels: Urban residents, rural residents
Number of electrical appliances Number Continuous: From 1 to ≥51
Floor area Area Continuous: From 5 to ≥1,050
Qty. occupants Qty. Continuous: From 1 to ≥9
House heating Heating 1 � with house heating; 0 � without house heating
House ownership Ownership 1 � privately owned house;

0 � rented dwellings
Electricity price (CNY) Price Continuous: From 0.36 to ≥0.62

TABLE 2 | Effect factors of electricity consumption.

Variable Variable index Coefficient Std. Error

Yearly income in 2014 Income 0.127*** 0.021
Length of residency ln length 0.862*** 0.048
Residence type Residence 0.328*** 0.034
Number of electrical appliances ln number 0.704*** 0.033
Floor area ln area 0.249*** 0.050
Qty. occupants ln Qty 0.286*** 0.031
House heating Heating 0.077** 0.031
House ownership Ownership −0.754* 0.049
Electricity price (CNY) ln price 0.973*** 0.128
LR Chi Square � 134.12
Prob > Chi2 � 0.0000
Pseudo R2 � 0.975

Note. N � 2584. p, pp, and ppp indicate statistical difference at 10%, 5%, and 1%,
respectively.
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estimates. It is assumed that any subject of causal analysis has
results by matching each adopter with one or more non-adopters
with similar observable attributes. Thus, matching adopting
household and non-adopting households can effectively reduce
the selection bias and heterogeneity andmake sure that the results
of the study are more reasonable and reliable.

EMPIRICAL ANALYSIS

Descriptive Statistics
Table 3 gives information about the descriptive statistics.
There are 2,584 observations after removing the
observations with missing values in the final sample.
Through mean, standard deviation, minimum, maximum,
and observations, some information could be delivered.
The maximum value of household electricity consumption
is 3,000 while the minimum value is 3, which means that there
is a great difference in household electricity consumption. The
mean values of household receiving information feedback via
electricity bills and smart meters are 0.5014 and 0.3594
respectively, indicating 50.14% of households receive
electricity bills and only 35.94% of households install the
smart meters. Then, we compare electricity consumption of
households receiving information feedback and those without
by PSM analysis, which reduces confounding factors.
Specifically, three different matching algorithms: single
nearest neighbor methods and four nearest neighbor
methods with caliper (0.01) along with the kernel density
matching are used to balance the probability of receiving the
information feedback. Nearest neighbor matching matches a
household from the control unit to a household in the treated
unit, based on the closest propensity score. Four nearest
neighbor method matches four control cases for each
treated household, which could decrease variance. In kernel
density matching, household in the treated unit is matched to
weighted averages of the households who have similar
controls, with greater weight being given to the households
with closer scores.

Determinants of Information Feedback
Table 4 reports the empirical estimate of the logistic regression of
PSM by using the logarithmic forms of electricity consumption
and the continuous control variables, which shows the factors
influencing the adoption of information feedback. Residence type
has a positive effect on the information feedback, which is
statistically significant at the 1% level. Urban residents have
higher potential to receive information feedback, including
both electricity bills and smart meters. In China, households
in most third-tiered cities and rural areas fail to install smart
meters (Mi et al., 2020), so residents in those areas have limited
access to their electricity information from electricity supplies.
Thus the government should formulate regulations in
infrastructure development to informing the residents of their
electricity consumption. Electricity price is also found to be a
significant determinant of information feedback adoption via
both electricity bills and smart meters. Households paying
relatively expensive electricity prices are more likely to receive
the electricity bills and install smart meters. This is due to the fact
that the households with higher electricity expenditure are willing
to monitor their electricity information. Those residents who stay
in the dwellings shorter have a higher probability of receiving
electricity bills. The households with more electrical appliances
have a significantly higher possibility to use smart meters. People
in privately owned houses are more interested in the installation
of smart meters than those living in rented dwellings. House
heating has a negative effect on the adoption of smart meters.
This may be ascribable to electric heating’s significant share of a
household’s total electricity consumption. Because of this high
share, households are unlikely able to deploy smart meters.

Checking Overlap Assumption
The effects of adoption of information feedback are estimated
using electricity consumption. To meet this end, the research
first produces the distribution of density propensity score of
electricity bills and smart meters between the treatment and
control groups shown in Figure 2A and Figure 3A, respectively.

TABLE 3 | The descriptive statistics.

Variable name Obs Mean Sd.dev Min Max

Electricity consumption 2,585 137.1157 144.6854 3 3000
Information feedback via
electricity bills

2,585 0.5014 0.3594 0 1

Information feedback via smart
meters

2,585 0.3594 0.4799 0 1

Yearly income in 2014 2,585 2.6789 0.7151 1 5
Length of residency 2,585 6.8143 0.8260 1 7
Residence type 2,585 0.5617 0.4963 0 1
Number of electrical appliances 2,585 7.2272 3.3587 1 51
Floor area 2,585 121.2719 88.97107 5 1050
Qty. occupants 2,585 2.9219 1.3994 1 9
House heating 2,585 0.4674 0.4990 0 1
House ownership 2,585 0.8878 0.3157 0 1
Electricity price (CNY) 2,585 0.5287 0.0495 0.36 0.62

TABLE 4 | Determinants of information feedback.

Variable Electricity bills Smart meters

Coefficient Std.
Error

Coefficient Std.
Error

Yearly income in 2014 0.049 0.062 0.087 0.059
Length of residency −0.185*** 0.049 −0.055 0.049
Residence type 0.877*** 0.099 0.306*** 0.093
Number of electrical
appliances

0.012 0.014 0.060*** 0.014

Floor area 0.110 0.075 −0.086 0.072
Qty. occupants −0.020 0.032 −0.006 0.030
House heating −0.110 0.091 −0.426*** 0.086
House ownership 0.120 0.138 0.325*** 0.137
Electricity price (CNY) 2.089** 0.954 4.371*** 0.908
LR Chi Square � 129.87 LR Chi Square � 130.73
Prob > Chi2 � 0.0000 Prob > Chi2 � 0.0000
Pseudo R2 � 0.0385 Pseudo R2 � 0.0365

Note. N � 2584. p, pp, and ppp indicate statistical difference at 10%, 5%, and 1%,
respectively.
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This is to testify the quality of the matching process after
predicting the propensity scores. From Figure 2A and
Figure 3A, a significant portion of observations of electricity
bills and smart meters are among the common ranges.
Figure 2B and Figure 3B present biases of the control
variables of electricity bills and smart meters prior to and
post the propensity score matching, which demonstrates the
balance of the control variables before and after matching. The
biases of all control variables have been dramatically reduced for
the post matching as shown by the black cross. The distribution
of propensity scores of the treated group and the control group
of electricity bills and smart meters from the matched sample
shows that they greatly overlap after matching, effectively
reducing the data deviation. Figures 4, 5 illustrate
distribution of tendency score of electricity billings and smart
meters before matching and after matching respectively, in
which the treated group and the control group have

relatively good common support after matching. This means
that, after matching, treatment and control are very similar to
each other with respect to all variables.

Tables 5, 6 illustrate the balancing test on the control
variables of electricity billing and smart meters. From the
Tables, the households with information feedback and those
without present similar characteristics because the propensity
score test presents a significant reduction in bias after
matching, which is all below strict criterion of 10. Besides,
there is no statistically significant difference between their
mean control variables after the matching for both electricity
bills and smart meters. Hence, as for both electricity bills and
smart meters, apart from quantity of the occupants, the treated
and the control groups are comparable conditioned on
observable attributes regarding the household size, total
yearly income in 2014, length of residency, residence type,
floor area, number of electrical appliances, house heating,

FIGURE 2 | Matching quality and balancing tests of electricity bills. (A) Distribution of propensity score; (B) Standard bias across covariates after matching.

FIGURE 3 | Matching quality and balancing tests of smart meters. (A) Distribution of propensity score; (B) Standard bias across covariates after matching.
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house ownership and electricity price. Further, Table 7 shows
the statistical tests to evaluate the matching of electricity bills
and smart meters. The pseudo R2 of the estimated logit model
for both electricity bills and smart meters is high before
matching and low after matching, which demonstrates the
control variables could well explain the probability of receiving
information feedback. Similarly, the p-values of the likelihood
ratio test for both electricity bills and smart meters are all
insignificant after matching, indicating that no systematic
differences remain in the distribution of control variables
between the household receiving information feedback via
electricity bills and smart meters and those without after
matching. The joint significant effect of the control
variables on households receiving both electricity bills and
smart meters, as represented by the significant χ2, could not be
rejected prior to matching but is rejected after matching in all
the three matching methods. Finally, the mean and median
bias are all below 20% as required after matching (Rosenbaum
and Rubin, 1983), and are all even below stricter criterion of
10, indicating a very good match.

ESTIMATION RESULTS OF PSM

Several matching algorithms are offered to further estimate the
effects of information feedback on electricity consumption for
robustness check of the regression results, as shown in Table 8.
This is the estimated results of the average treatment effects on
treated (ATT) by the single and four nearest neighbor methods
with caliper (0.01) along with the kernel estimator and
bootstrapped standard errors based on 500 replications of the
data. All those matching estimators have provided similar results.

The study results of ATT show that electricity bills have
significant influence on the reduction of electricity
consumption for all matching algorithms. Households that
receive electricity bills have their electricity consumption
decreased between 15% and 23%. The significant effect of
electricity bills on electricity consumption is in accordance
with Vine et al. (2013) and Fischer (2008), who argued that
information feedback could cut down consumption by up to 20%.
The electricity bills provide the residents with receipts of printed
bills, including electricity consumption quantity and expenditure.

FIGURE 4 | Kernel density estimate of electricity billing. (A) Before matching; (B) After matching.

FIGURE 5 | Kernel density estimate of smart meters. (A) Before matching; (B) After matching.
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This kind of information feedback may inform households of
their monthly consumption, so that they can compare it with
historical records. However, the installation of smart meters
increases electricity consumption. This is also in conformity
with Nilsson et al. (2014) and Hargreaves et al. (2013) whose
studies proved that the installation of smart meters did not
necessarily reduce electricity consumption. A possible
explanation is that the residents have limited access to
electricity consumption information in spite of the installation
of smart meters. In this survey, only 2% of the households’ smart
meters are located inside the house and 16% of those households

who have deployed smart meters do not know their electricity
bills. Most smart meter screens in China only show the
accumulated electricity consumption in kWh, so some
households may not fully understand the meaning of the
display. In addition, households have limited access to
historical electricity consumption records via smart meters. By
comparison, Zhang et al. (2016) showed that the in-home
displays reduced monthly electricity consumption by around
9.1% in Shanghai City due to the fact that the study focused
on real-time in-home displays, which could make households
check bills online and compare history electricity usage and seek

TABLE 5 | Test of equality of means of each variable before and after matching for electricity bills.

Variable Unmatched Mean %Bias % Reduct
|bias|

t-test

Matched Treated Control t p > |t|

Residence U 0.6899 0.4894 41.6 10.05 0.000
M 0.6915 0.6839 1.6 96.2 0.35 0.726

Income U 2.7223 2.655 9.4 2.30 0.022
M 2.7238 2.7271 −0.5 95.2 −0.10 0.921

Length U 6.7406 6.8556 −13.1 −3.40 0.001
M 6.74 6.7044 4.1 69.0 0.72 0.471

Number U 7.6114 7.0115 18.1 4.37 0.000
M 7.6214 7.5005 3.6 79.9 0.79 0.431

Area U 2.0958 2.119 −3.7 −0.89 0.372
M 2.0982 2.0971 0.2 95.4 0.04 0.970

Qty. U 2.8827 2.9408 −4.2 −1.02 0.310
M 2.8803 2.7864 6.7 −61.5 1.51 0.132

Heating U 0.4478 0.4780 −6.0 −1.47 0.141
M 0.4488 0.4250 4.8 21.3 1.03 0.303

Ownership U 0.8784 0.8931 −4.6 −1.13 0.257
M 0.8781 0.8781 0.0 100.0 0.00 1.000

Price U 0.5330 0.5259 14.5 3.57 0.000
M 0.5333 0.5317 3.4 76.6 0.76 0.446

TABLE 6 | Test of equality of means of each variable before and after matching for smart meters.

Variable Unmatched Mean %Bias % Reduct
|bias|

t-test

Matched Treated Control t p > |t|

Residence U 0.6111 0.5117 20.1 5.12 0.000
M 0.61068 0.5774 6.7 66.5 1.72 0.085

Income U 2.7238 2.6343 12.5 3.18 0.001
M 2.7229 2.6966 3.7 70.6 0.95 0.342

Length U 6.8009 6.8276 −3.2 −0.82 0.411
M 6.805 6.7802 3.0 7.3 0.74 0.459

Number U 7.6427 6.809 25.0 6.36 0.000
M 7.5906 7.4954 2.9 88.6 0.71 0.477

Area U 2.1073 2.1141 −1.1 −0.28 0.783
M 2.1068 2.1045 0.4 66.2 0.10 0.923

Qty. U 2.9298 2.9099 1.4 0.36 0.718
M 2.9296 2.8978 2.3 −59.9 0.58 0.562

Heating U 0.4074 0.5272 −24.2 −6.14 0.000
M 0.4087 0.3909 3.6 85.1 0.92 0.356

Ownership U 0.8974 0.8781 6.1 1.55 0.121
M 0.8971 0.9040 −2.2 63.9 −0.59 0.554

Price U 0.5353 0.5216 28.7 7.29 0.000
M 0.5351 0.5366 −3.2 88.9 −0.84 0.400
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advices about potential energy saving. In this case, the residents
are presented the electricity consumption data visually. Another
reason why installation of smart meters increases electricity
consumption smart is that the installation of smart meters is
usually associated with high-income urban residents. Table 4
shows that the urban residents have higher potential to install
smart meters. Those residents may have little motivation to
conserve electricity because electricity expenditure only takes
up a small proportion of their household income. Besides, a
boomerang effect of smart meters will occur among the
households whose electricity expenditure is relatively modest
before the experiment (Matsukawa, 2018). Providing the
households with smart meters would increase their electricity
consumption by informing them of excessive electricity saving.
Fischer (2008) also illustrated that the households with extremely
low usage may increase their usage overall when provided with
more information. Therefore, further studies are needed to
investigate how smart meters could be wisely used to conserve
electricity consumption.

CONCLUSIONS AND RECOMMENDATIONS

The current paper has looked into the effects of information
feedback on electricity consumption in the residential sector with
the micro-level data from the Chinese General Social Survey
(CGSS) by using a propensity score matching (PSM)method. The
study shows that the feedback in the form of electricity bills
proves effective in encouraging the residents to make efficient use
of electricity, which is consistent with our hypothesis. This is
because in the absence of feedback, the households lack
information on their electricity consumption and are unaware

of the potential for further electricity conservation (Tiefenbeck
et al., 2018).

Providing feedback via electricity bills can inform the residents
of actual electricity consumption and costs frequently enough to
motivate them to control their own electricity consumption, thus
resulting in adjustments and changes of households’ behavior and
improving energy efficiency in the residential sector (Gans et al.,
2013). Besides, historical information feedback serves as a self-
comparison that can drive the residents by establishing personal
norms (Promann and Brunswicker, 2017), which could lead to
10% reduction in electricity consumption (Wood and
Newborough, 2007). Therefore, the households should be
provided with the amount of electricity compared to a
previous period or some pre-set standards. In addition,
evidence has shown that peers’ or neighbors’ behavior
significantly influences the residents’ behavior change and
proves the effectiveness of social norms in response to
information feedback (Allcott, 2011). Information feedback via
social comparison can cut down energy consumption of private
households, ranging from 1.2% to 30% (Andor and Fels, 2018).
Those households, who receive both individual and comparative
information feedback, are successful in curtailing energy
consumption in both the short run and long run, especially
when targeting high consumers of energy due to a higher
energy-saving potential (McCalley and Midden, 2002).

Concerning frequency of electricity bills, Abrahamse et al.
(2005) concludes that energy saving potential of feedback relies
heavily on its frequency through the systematic analysis. Frequent
information feedback has proven to be a successful policy
intervention for promoting energy conservation. Therefore, the
persistence of feedback should be taken into consideration when
planning this type of intervention because the effects of feedback

TABLE 7 | Statistical tests to evaluate the matching.

Matching method Pseudo R2 Likelihood ratio
Chi2

p > Chi2 Mean bias Median bias

Before matching Electricity bills 0.038 129.18 0.000 22.8 19.4
Smart meters 0.036 130.60 0.000 23.6 22.5

Neighbor matching Electricity bills 0.001 5.63 0.776 2.8 3.4
Smart meters 0.002 6.15 0.725 3.1 3.0

Radius matching Electricity bills 0.001 1.95 0.996 1.5 1.1
Smart meters 0.000 1.32 0.998 1.0 0.4

Kernel matching Electricity bills 0.001 2.66 0.976 2.1 2.6
Smart meters 0.000 1.27 0.999 1.0 0.7

TABLE 8 | Average treatment effects of different matching algorithms.

Matching algorithms Influencing factors ATT Std. Err. Treated Controls

Nearest neighbor matching (1:1) Electricity bills −22.113*** (−3.19) 6.938 141.529 163.642
Smart meters 29.021*** (3.95) 7.351 177.810 148.788

Nearest neighbor matching (1:4) Electricity bills −19.060** (−2.50) 7.615 141.529 160.589
Smart meters 19.117 *** (2.72) 7.0264 177.613 158.496

Kernel-based matching (bandwidth 0.06) Electricity bills −15.614** (−2.19) 6.925 141.529 157.143
Smart meters 19.993*** (3.02) 6.628 177.809 157.817

Note. Numbers of t-values are in parentheses. p, pp, and ppp indicate statistical difference at 10%, 5%, and 1%, respectively.
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often disappear when it is removed (Ehrhardt-Martinezet al.,
2010). Hence, from a policy perspective, the information
provided to the households via electricity bills should include
knowledge and tips regarding energy conservation, a comparison
of usage history and energy consumption of neighbors, pro-
environmental behaviors and their potential impact on the
environment and climate change. Besides, the information
feedback should be offered more frequently to remain the
effects of feedback.

As for smart meters, our studies show that the installation of
smart meters fails to exert positive effects on electricity
conservation, which contradicts the hypothesis. The differences
of the studies’ duration, sample size, country, methodologies
applied among researches may make studies come to different
conclusions. This finding is consistent with the results drawn by
Hargreaves et al. (2013) and Khanna et al. (2016). The previous
studies prove that the feedback via smart meters is closely
associated with positive environmental attitudes and
understanding of information that smart meters provide
(Darby, 2006). However, a majority of the residents in China
lack information about smart meters and thus cannot convert the
information into action to conserve electricity. Therefore, the
government and public utility should provide trustworthy advice
and technical training to increase consumers’ understanding of
smart meters to make the conservation possible.

Although the smart meters boast a relatively high penetration
in China, making up more than 50% of the market, most resident
users of those smart meters have limited access to the information
as meters are installed outside the house. Smart meters for the
households only perform functions of measuring usage data and
fail to deliver adequate information to the residents (Du et al.,
2017). Thus, smart meters limit the capability to inform the
residents as it relies on the residents’ self-initiation with low

residents’ engagement in energy conservation. Therefore, from a
policy perspective, smart meters should bring all this information
onto residents’ computers and mobile phones inside home in a
form that is accessible, clear and easy to understand, facilitating
the residents to curb their electricity consumption. Besides, as
learning plays a prominent role in enhancing energy conservation
in the residential sector (Lynham et al., 2016), the policy-makers
should provide training and educational outreach programs
about the usage of smart meters. With the help of additional
training and education, smart meters help the households to
access to the information about usage in real time and keep
informed of the use of specific appliances where they can conserve
electricity most effectively. Provision of appliance-specific
feedback by using smart meters keeps the households better
informed of the potential ways through which they could
reduce electricity consumption, in particular, from high
energy-use electrical devices. Overall, instantaneous direct
feedback via smart meters and frequent, accurate electricity
billing are needed as a basis for sustained electricity demand
conservation, which provides the guidance for future policy
formation.
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