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Abstract
The present paper employs a meta-analysis approach to analyse
the results of recent eld experiments and pilot studies which explore
the eects of dierent methods of incentivising electricity consumption reduction on residential consumers' electricity demand. Both data
from peer-reviewed research and from grey literature; utility or government reports are used. The strategies currently used in the experimental literature fall into one of two categories: nancial incentives
(dynamic pricing, monetary information), and non-nancial incentives: informational incentives (personal feedback, real-time information) and 'nudges' (social norms, social approval). Previous metaanalyses have reviewed studies from the 1970s and 1980s onwards and
conclude that feedback which can be immediately related to the electricity consuming activity, as well as tailored advice and electricity
conservation tips are most eective. By focussing only on recent studies (2005 onwards), as well including results from the grey literature,
the present paper provides an analysis of studies carried out when more
advanced technology has been used and when there has been a greater
Corresponding author: penelope.buckley@univ-grenoble-alpes.fr
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∗

understanding of the risks of climate change. The analysis includes
105 treatment observations from 39 papers. Results show that, on
average, across studies, real-time feedback and monetary information
have the greatest eect at reducing electricity consumption. While
the eects are slightly smaller, social norms have a signicant eect
on reducing residential electricity consumption. Compared to previous
meta-analysis, the results show that recent studies use larger samples
and are generally of high quality (include a control group, subjects are
assigned randomly to treatments, demographics and weather are controlled for). As a result, the treatment eects observed are generally
smaller than those reported in previous meta-analyses.
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Introduction
Up until recently, households were passive consumers of electricity. For

the average household, electricity is invisible and consumers are unsure of
how much electricity their daily activities consume (Darby et al., 2006; Burgess and Nye, 2008; Hargreaves et al., 2010). However, the electricity grid
is undergoing rapid change and is becoming smart. The smart grid allows
for improvements in the eciency, the reliability, and the safety of electricity power infrastructure. It will allow for renewable and other alternative
sources of energy to be easily integrated into the grid(Gungor et al., 2011).
In addition the new grid allows for the integration of smart enabling technology which will allow residential consumers to take a more active role in
their electricity consumption. In turn, this allows households to take action
to lower their electricity consumption.
Information on electricity consumption can be collected in varying degrees
of granularity and can be communicated to households via various methods.
There are currently two principal approaches to lowering electricity demand:
(1) more ecient technologies, (2) incentives for consumers to modify their
electricity consuming behaviour. Consumers have long been told of the need
to turn o unused lights, to not leave appliances on standby, to not leave the
fridge door open, to name a few, however, it is now, with the improvements
being made to the grid that consumers can receive more accurate information on their demand, and appropriate incentives to lower their electricity
consumption.
By providing consumers with information on their previous electricity
consumption, informing them of the consequences of increased consumption,
and providing them with appropriate incentives, it is predicted that consumers will make the decision to lower their electricity demand (Frederiks
et al., 2015). in reality, people do not behave as economic theory would predict. They are subject to biases which aect their ability to assimilate all of
the available information in order to do the necessary calculations required to
make rational decisions devoid of emotional inuences (Thaler and Sunstein,
2008).

Given this view of consumers, additional methods of incentivising

consumers to lower their electricity consumption which exploit such biases
have been tested.
This paper uses a meta-analysis approach to explore the results of contemporary eld experiments and pilot studies which have been designed to
incentivise consumers to reduce their electricity consumption. The objective
is to combine the results of many studies to have a better estimate of the true
eect of dierent types of incentive on residential electricity consumption.
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The current meta-analysis adds to literature on meta-analyses which explore incentives for reducing household electricity consumption by including
solely recent studies, those published from 2005 up to 2016, the time of data
collection. By focussing on this time period, named the "Smart Grid Era"
(McKerracher and Torriti, 2013), a more accurate estimate of the eect of an
incentive on electricity consumption is calculated. Additionally, the present
analysis includes studies from both peer reviewed literature and utility and
government reports.

Often, previous analyses take into consideration only

peer reviewed articles which may result in bias in the selection of studies used
for the meta-analysis. The nal added-value of the present meta-analysis is
the inclusion of a greater level of study design variables, such as how households are recruited to the study, and how they are assigned to the treatment
groups.
The following section describes the dierent incentives used in the experimental literature thus setting out the hypotheses which will be tested,
followed by a discussion of previous analyses and reviews in section 3. Section 4 describes the data collection method, the model used and the variables
of interest. Section 5 presents the results and nally, section 6 discusses the
results and concludes.

2

Incentives for lowering residential electricity
consumption
The principal strategies employed to incentivise households to reduce

their consumption can be separated into monetary and non-monetary incentives.

In this section, we describe the dierent strategies used in the

literature collected in this meta-analysis and thus develop the hypotheses
that will be tested.

2.1 Monetary Incentives
Monetary incentives can be separated into one of two categories: electricity cost information and dynamic pricing. We include monetary information
here as although it is not a direct monetary incentive, such incentives display
information in monetary terms thus informing households of how much they
are spending on electricity or how much they are saving. By providing households with information as to how much their electricity consumption costs (as
opposed to information on the amount of electricity consumed), households
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can see the monetary benets of reducing their electricity consumption. In
interviews with households participating in electricity conservation eld experiments, residents preferred to receive feedback in monetary terms as this
is considered to be more relatable, and more comparable, than energy units
(Hargreaves et al., 2010; Raw and Ross, 2011).
Further, with the installation of smart meters in residential homes, a major technological barrier to the implementation of dynamic pricing taris has
been lifted. Dynamic pricing provides consumers with economic incentives
to reduce, or to increase, their electricity consumption by better aligning the
retail price of electricity with the wholesale price in order to maintain supply
and demand balance in the electricity market (Borenstein et al., 2002). Such
pricing taris are seen to be eective at reducing demand during periods of
high demand but less eective at reducing overall demand (Allcott, 2011;
Torriti, 2012).

Hypothesis 1a: Monetary incentives have negative eect on electricity demand.
Hypothesis 1b: Monetary information has a negative eect on electricity
demand.

2.2 Non-monetary Incentives
Non-monetary strategies refer to those which provide households with
more detailed information on their electricity consumption.

In the exper-

imental literature, this type of incentive can be categorised into personal
feedback and social feedback.

2.2.1

Personal Feedback

Personal feedback provides households with data on their own electricity
consumption with comparisons to consumption during a dierent period,
such as the previous day, month, year, etc. Such feedback is received in a
number of ways: through detailed electricity bills (see Carroll et al., 2014;
Schleich et al., 2013), online via a website (see Benders et al., 2006; Ueno
et al., 2006; Gleerup et al., 2010; Vassileva et al., 2012; Mizobuchi and Takeuchi, 2013; Schleich et al., 2013; Harries et al., 2013; Houde et al., 2013), in
real-time via a monitor in the home (see Van Dam et al., 2010; Grønhøj and
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Thøgersen, 2011; Alahmad et al., 2012; Carroll et al., 2014; Schultz et al.,
2015).
The provision of information on individual electricity consumption information allows households to develop a greater awareness of their electricity consumption.

By comparing their consumption from one period to

another, such information allows households to see which behaviours result
in increased consumption, so that they can follow their electricity consuming
activities and determine when and how they consume the most electricity,
and thus when and how to reduce their consumption.

Hypothesis 2a: Individual feedback on electricity consumption has a negative eect on electricity demand.
Hypothesis 2b: Real-time feedback on electricity consumption has a negative eect on electricity demand.
A further type of personal feedback that households may receive can be
advice tailored to their particular situation (both house and household characteristics) (see Allcott, 2011; Ayres et al., 2012; Costa and Kahn, 2013) or
more general electricity savings tips (see Ueno et al., 2006; Mountain, 2008;
Van Dam et al., 2010; Raw and Ross, 2011).

Hypothesis 3a: Personalised advice on how to save electricity has a negative eect on electricity demand.
Hypothesis 3b: Electricity savings tips have a negative eect on electricity
demand.
2.2.2

Social Feedback

Social feedback refers to information on others' electricity consumption,
such as neighbours or similar households.

It is an intervention which has

seen a recent resurgence in popularity in experimental studies and uses the
notions of social and injunctive norms. A social norm refers to descriptive
consumption feedback of personal consumption compared to that of other
households. An injunctive norm reinforces whether a particular behaviour is
socially approved or disapproved of. In the case of electricity consumption, an
injunctive norm conrms whether a household's consumption is pro-social,
i.e.

whether the household is a low-consuming household (Schultz et al.,

2007).
These two types of social feedback have been separated in the present
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analysis as there is evidence that solely descriptive comparative feedback
leads to a boomerang eect where low-consuming households increase their
consumption, converging towards the average (Schultz et al., 2007; Allcott,
2011; Ayres et al., 2012).

The inclusion of injunctive norms reinforces the

idea that households who consume less than average are engaged in a prosocial behaviour and so they do not increase their consumption.

Hypothesis 4a: Feedback in the form of social norms does not have an eect
on electricity demand.
Hypothesis 4b: Feedback in the form of injunctive norms has a negative
eect on electricity demand.

3

Previous Meta-Analyses
The eect of dierent feedback types and monetary incentives on elec-

tricity consumption has been studied by researchers and utilities alike since
the 1970s, and as such, several reviews and analyses have been undertaken
(see Darby et al., 2006; Ehrhardt-Martinez et al., 2010; Faruqui et al., 2010;
Delmas et al., 2013; Faruqui and Sergici, 2013; McKerracher and Torriti,
2013). Table 1 summarises the results of the previous reviews and analyses
discussed in this section.

Authors

Objective

Timeframe Studies Eect

Eect of direct and
indirect feedback on
Darby (2006)
energy (gas and electricity)
consumption
Eect of dierent feedback
Ehrhardt-Martinez
treatments on energy
et al. (2010)
consumption
Eect on IHDs on energy
Faruqui et al. (2010)
consumption
Reduction in energy
Delmas et al. (2013) consumption via
dierent treatments
Faruqui and Sergici Peak demand reduction of
(2013)
time-varying prices.
McKerracher and
Eect of IHDs on energy
Torriti (2013)
consumption

1979-2006

38

Direct: -15% to -5%
Indirect: -10% to 0%

1974-2010

57

-12% to -4%

1989-2010

12

-13% to -3%

1975-2012

59

-55% to +18%
Weighted ATE1 : -7.4%

34

-58% to 0%

27

-5% to -3%
ATE: -6.4%

1979-2015

Table 1: Summary of results of previous reviews and meta-analyses
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Darby et al. (2006) reviews 38 feedback studies from 1979 to 2006 and
concludes that, on average, direct feedback which is received immediately
after the energy consuming behaviour is more eective than indirect feedback such as an energy bill.

Both Faruqui et al. (2010) and McKerracher

and Torriti (2013) analyse the eect of real-time feedback, via an in-home
display (IHD), on energy consumption. In a review of 12 pilot studies (19892010), Faruqui et al. (2010) nd an energy reduction of 18% on average.
McKerracher and Torriti (2013) perform a wider analysis of 27 peer and non
peer reviewed studies between 1979-2011. The authors nd that as sample
size increases, the reported treatment eect decreases.

Additionally, they

classify studies via sampling selection and recruitment method and nd that
studies with more representative samples report lower percentages of energy
reduction.

Hypothesis 5: As sample sizes increase, smaller eects of incentives on
electricity demand are observed.
Ehrhardt-Martinez et al. (2010) review 57 studies from 1974-2010 covering both feedback and dynamic pricing studies using advanced metering
infrastructure. The authors conclude that feedback interventions result in a
greater overall reduction in energy consumption than dynamic pricing which
is more eective at decreasing demand at peak times.
Focusing on the eect of pricing strategies, Faruqui and Sergici (2013)
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nd that the more dynamic the pricing strategies , the greater the amount
of peak energy conserved, all the more so when enabling technology is used
(Faruqui and Sergici, 2013).
Delmas et al. (2013) provide the most recent analysis of studies from 1975
to 2012 nding that tailored advice and energy conservation tips are most
eective at reducing energy consumption.

Similarly to McKerracher and

Torriti (2013), the authors compare the average treatment eects of studies
which use more controls (those which include a control group, demographic
information and control for weather changes) to studies with fewer controls
studies.

They nd that higher control studies report a lower reduction in

energy consumption (Delmas et al., 2013).

Hypothesis 6: Higher control studies (inclusion of control group, weather
controls, demographic controls, opt-out recruitment, random assignment to
2 Real-time

pricing strategies are considered to be more dynamic as the price faced
by nal consumers uctuates in line with wholesale prices. Time-of-use taris are less
dynamic as the prices are xed for certain hours. Critical peak pricing and peak-time
rebates fall in-between the two.
7

treatment group) show a smaller negative eect of an incentive on electricity
demand.
Each of these reviews and analyses have covered studies across a long time
period, from the seventies and eighties to the present. (Ehrhardt-Martinez
et al., 2010, p.42) nd trends in energy savings across two distinct periods;
the Energy Crisis Era from the seventies to 1995, and the Climate Change
Era from 1995 to 2010. (McKerracher and Torriti, 2013, p.393) identify an
additional era, from 2005 onwards which they name the Smart Grid Era. The
current paper seeks to better understand the eect of dierent interventions
on energy consumption by considering solely studies from 2005 onwards so
as to focus on the smart grid era. As (Ehrhardt-Martinez et al., 2010, p.74)
note, "studies that compare feedback-related savings across all four decades
may result in inated expectations regarding potential energy savings today".

Hypothesis 7: Average eect of incentives on electricity consumption is
lower in Smart Grid Era compared to previous eras.

4

Method

4.1 Data Collection
In order to nd appropriate articles for this analysis, the following databases were searched: ScienceDirect, EconLit, Web of Science, SpringerLink,
Econpapers, SSRN, NBER, for the following sets of keywords using Boolean
logic:

•

Keywords concerning type of consumption:

electricity consumption,

electricity demand, electricity usage, energy consumption, energy demand, energy usage, and;

•

Keywords concerning the type of incentive:




Incentive, behaviour
Informational feedback: smart meter, advanced met*, feedback,
nudge, norm,



Financial feedback: dynamic pricing, tari, time of use, critical
peak pricing, real time pricing, peak time rebate, and;
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Figure 1: Geographical distribution of included studies

•

Keywords concerning the level of consumption: residential, household,
consumer, and;

•

Keywords concerning the study type: pilot, trial, experiment, eld.

Across all databases, after eliminating doubles, the search terms resulted
in a list of 1,490 studies.

The titles and abstracts of these studies were

reviewed. In addition, the reference lists and the lists of citing articles for
each selected article, as well as previous meta-analyses, were scanned for
further relevant studies. This procedure resulted in a selection of 84 articles
and 27 reports on the topic of using incentives to reduce residential electricity
consumption.

Each article and report was read and a nal selection of 24

articles and 15 reports were kept for the analysis.
The nal list of articles, those in which the treatment eect is reported
as the change in electricity consumption of treated households compared
to a baseline or control group, can be found in Appendix A and details
on why 72 papers were excluded can be found in Appendix B. A coding
protocol was implemented for the nal selection of 39 studies which involved
an experimentation of the above incentives. The majority of articles came
from economics, business, and energy journals. The reports are from utility
and government websites as well as from consulting companies.
Figure 1 displays the geographical distribution of included studies. The
majority of studies come from the United Kingdom and North America.
These countries have be at the forefront of eld experiments and pilot studies
on incentives to reduce electricity consumption. In addition, this could also
be explained by the fact that one of the inclusion criteria is that the paper be
written in English and that experiments carried out by national utilities and
governments are likely to be written in the native language. This restriction
could result in publication bias which will be assessed below.
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4.2 Model and Estimation Method
Meta-regression analysis is a quantitative method of systematically analysing the results of empirical studies with a common objective.

It goes

beyond a literature review in that it allows the analyst to calculate a mean
treatment eect across studies by discovering which variables lead to dierences in experiments which study the same treatment eect (Stanley and
Jarrell, 1989; Nelson and Kennedy, 2009). Meta-analyses are used to estimate a more precise estimate of the true eect of a treatment eect than any
single study can do alone (Borenstein et al., 2009).
Using notation from Nelson and Kennedy (2009, p.8), the following metaregression model is estimated:

β̃i = α0 + α1 xi1 + ... + αK xiK + ei
where

(xi1 , ..., xiK )

is a vector of study characteristics,

unknown parameters to be estimated, and

(1)

(α1 , ..., αK )

are

ei

is the normally distributed
2
sampling-estimation error with zero mean and variance σi , ∀i = 1, ..., N .
This model can be estimated by ordinary least squares (OLS). However,
given that in the sample of primary studies, there are treatemnt eects from
studies of varied sample sizes, the method of estimation by OLS may lead to
inecient and biased estimates. This bias can be mitgated by using White
or Huber-White robust standard errors Sebri (2014).
Furthermore, the standard OLS approach may not be appropriate due to
issues highlighted by Nelson and Kennedy (2009) and Stanley and Doucouliagos (2012) which are prevalent in meta regression analysis such as publication bias, heterogeneity, heteroscedasticity and non-independence. Publication bias is an issue across much social science research where results that
show a signicant eect are favoured for publication over those which do
not. Heterogeneity is present due to either dierences in the experimental
design and methods used in the primary studies, or to dierences such as
geographical location and historical context. The issue of heteroscedasticity
arises from the inclusion of primary studies with dierent sample sizes, and
nally, non-independence occurs when more than one observation is used
from a single primary study. Each of the issues are of concern in the present
meta-analysis and steps are taken to reduce their impact on the results as
discussed below.
Other approaches used in meta-regression analysis to estimate the model
in eq. (1) include using xed- or random-eects estimation (FEE and REE
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3

respectively) . FEE weights each treatment eect estimate by its precision
squared, or the inverse of its variance. Furthermore, FEE assumes that all
primary observations of treatment eects are drawn from the same population (Stanley and Doucouliagos, 2012). In the present sample, treatment
eects are taken from primary studies from dierent countries which thus
have dierent samples. Given such heterogeneity in the sample, Stanley and
Doucouliagos (2012) suggest that the REE is a technically more appropriate
estimator as the weight used accounts for this heterogeneity.
In further research, Stanley and Doucouliagos (2015) nd that the weighted
least squares (WLS) estimator is preferable to both FEE and REE. The authors nd that under heterogeneity, WLS outperforms FEE, and in the case of
publication or small sample bias, WLS does better than REE. Given the characteristics of the data used in the present meta-analysis, several approaches
are taken to overcome the potential issues of publication bias, heterogeneity,
hetereoscedasticity, and non-independence.
Firstly, to limit issues of publication bias, both peer reviewed articles and
reports from the grey literature are included in this analysis.

In addition,

after a description of the dataset and before any models are estimated, the
selection of primary studies used in the meta-analysis is assessed for publication bias. This analysis leads to the conclusion that publication bias is
present up to a factor of 2 and that using the sample size as a weight mitigates
this problem.
Second, to tackle the sources of heterogeneity, a set of binary variables
describing the study characteristics which are potential sources of heterogeneity are included in the regression (section 4.3 describes the variables used in
the analysis), the temporal context has been limited to primary studies published since 2005 representing the

Smart-Grid Era (McKerracher and Torriti,

2013), and additional data regarding the location of the primary studies has
been collected.
Next, to account for heteroscedasticity, the model in eq. (1) is estimated
by WLS. The preferred weight is the inverse standard error of the treatment
eect, however, given that these are not always reported in the primary studies, a common approach is to proxy the standard error using the sample size
(Nelson and Kennedy, 2009; Stanley and Doucouliagos, 2012). As such, the
square root of the sample size is used as weights for the estimation following
(Delmas et al., 2013; Sebri, 2014; Van Houtven et al., 2017) such that experiments with a larger sample are given more weight. Experiments with larger
samples are considered to be more representative of the population and so

3 These

terms refer to estimators used in meta-analysis and not to those used in panel
data econometrics (Stanley and Doucouliagos, 2012).
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the estimated eect is a better estimate of the true eect.
Finally, to address the non-independence of several treatment eects coming from the same primary study, the estimated standard errors are clustered
by primary study.

4.3 Variables
4.3.1

Dependent Variable

The variable of interest is the treatment eect reported in primary studies as the percentage change in electricity consumption as a result of the
implementation of an incentive. When a control group is present in an experiment, the percentage change relative to the control group is used. If no
control group is present, the percentage change relative to the baseline is

4

used . A negative percentage indicates a reduction in electricity consumption, whereas a positive percentage change indicates an increase in electricity
consumption.

4.3.2

Independent Variables

The independent variables refer to the type of intervention tested in the
primary study and the controls used. As discussed above, there are

incentives :

monetary

households receive a nancial reward which is directly linked

to their electricity conservation eort.

For example, changing prices are

used to inuence consumers electricity consumption by aligning the retail
price of electricity with the wholesale price. Or participating households are
given feedback on how much their electricity consumption costs (

information ).

monetary

Non-monetary strategies are separated into those which provide personal
feedback, and those which provide social feedback of others' electricity consumption.

Individual feedback

refers to interventions where participants re-

ceive information on their current and previous consumption in energy units.
This refers to consumption information that is in addition to the standard
electricity bill, be it a more detailled bill, or consumption information on a
web site.

Real-time feedback

refers to the same type of information which is

5

delivered in real-time via an energy monitor.

4 Presence
5 Only
feedback

Households can also receive

of a control group is controlled for in the analysis to come.
data that are received via an IHD or monitor are considered to be real-time
in the present analysis. Real-time data are made available to households via
12

personalised advice

specic to their living situation on how to lower their

electricity consumption, or generic electricity

savings tips.

Studies which provide social feedback are separated into those which
provide

social norms

feedback: descriptive feedback of personal consump-

tion compared to that of other households, and

injuctive norms

feedback

which provides social approval or disapproval of a household's consumption
behaviour.
Finally, a set of control variables are included in the analysis:

group :

presence of a control group;

weather controls :

control

whether weather is

controlled for;

demographic controls :

tion;

households are assigned randomly to control and treatment

random :

the collection demographic informa-

opt-in recruitment : houseduration : duration of study.

groups as opposed to choosing an intervention;
holds choose to participate in the study; and

These control variables are included in order to capture the heterogeneity
between the dierent experiments. Furthermore, studies which include such
controls can be judged to be of higher quality as they control for changes in
behaviour which cannot be explained by the use of an incentive alone.

5

Results

5.1 Descriptive Statistics
The analysis covers 105 observations from 39 unique papers giving, on
average, 2.7 observations per paper.

In meta-analysis it is preferable to

limit the analysis to one observation per study in order to reduce correlation
between studies (Nelson and Kennedy, 2009).

However, given that some

reports describe the results of more than one experiment, and also, due to
the design of the sample experiments, doing so would greatly limit the number
of observable treatment eects. To account for potential heterogeneity due
to several observations being taken from one study, in the following analysis,
standard errors are clustered by study.
Table 2 provides descriptive statistics of the independent and dependent variables for the full sample. Within the sample of studies selected for
this analysis,

individual feedback

is the most experimented treatment. Com-

pared with previous meta-analysis, the share of studies involving a form of
social feedback (

social norms

or

injunctive norms ) has increased.

The

indi-

websites (see Houde et al., 2013), however, the data are not accessible to consumers in
real-time. They must log-on to the site in order to access the information. The incentives
used in such experiments are included in individual feedback.
13

vidual feedback

treatment represents 70% of the observations and 77% of the

studies, and the

injunctive norms

treatment represents 27% and 26% of the

observations and studies, respectively.
Concerning the design of the primary studies, the majority use a control
group for comparison and control for demographic dierences in the sample
population, 90% and 85% respectively. Fewer studies (59%) control for variations in the weather.

68% of observations randomly assign subjects to a

treatment but this is not a practice adopted in all studies, 49%. Opt-in recruitment is the more common method of recruitment, 67% of observations
and 69% of studies.

5.2 Average Eects by Treatment
Table 2 also provides both a non-weighted and weighted average treatment eect (ATE) by incentive.

The treatment eects are weighted using

study sample size as frequency weights following Schmidt and Hunter (2014)
which gives more weight to studies with larger samples. The ATE across all
incentives is -3.37%. The weighted ATE takes into consideration the diering
sample sizes in each study and equates to a 1.85% reduction in electricity
consumption. This means that, on average, an incentive in a typical electricity conservation study will result in electricity savings of slightly less than
2%. In the sample of studies selected, the eect of incentives on electricity
consumption ranges from an 22.2% reduction (Kendel and Lazaric, 2015) to
a 13.69% increase (Torriti, 2012).
From table 2, it can be seen that

ation

real-time feedback

and

monetary inform-

have the greatest eects on electricity consumption with a weighted

average reduction in consumption of 2.89% and 2.86%, respectively.

etary incentives

Mon-

have the smallest eect on electricity consumption with a

weighted average reduction in consumption of 0.99%.
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15
0.85
0.68
0.67
13.60
6685

Demographic controls

Random assignment

Opt-in receruitment

Duration (months)

Sample size

14863

8.81

0.47

0.47

0.36

0.44

0.31

0.44

0.29

0.50

0.39

0.49

0.46

0.47

31%

105

100%

100%

67%

68%

85%

73%

90%

27%

10%

52%

18%

37%

70%

39

100%

100%

69%

49%

79%

59%

85%

26%

21%

46%

13%

38%

77%

46%

28%
716

6685

6685

540

9218

6511

6128

7445

21720

530

4706

19504

566

9429

-7.02

-18.00

-16.71

-5.80

-18.06

-22.20

-18.06

-7.60

-22.20

Min (%)

-1.00

-0.35

5.30

-1.20

5.30

5.30

5.30

13.69

13.69

Max (%)

Table 2: Descriptive statistics and average treatment eects

0.73

Weather controls

Number of observations

0.90

Control group

0.10

Social norms
0.27

0.52

Savings tips

Injunctive norms

0.37
0.18

Personalised feedback

Individual feedback

Real-time feedback

0.31
0.70

Monetary information

34%

size

sample

1986

0.48

studies

Average

0.34

obs.

Primary

Monetary incentive

dev.

Primary

6685

Mean

Std.

treatment eect

characteristic

Study

-2.26

-4.66

-3.30

-2.22

-4.69

-3.56

-4.18

-2.57

-3.37

ATE (%)

-1.95

-1.74

-1.78

-2.01

-2.89

-1.88

-2.86

-0.99

-1.85

ATE (%)

Weighted

Weighted ATE
Incentive

Peer reviewed (%)

Grey literature (%)

-1.96

-1.71

Overall
Monetary incentive

2.31

-1.25

Monetary information

-3.63

-2.77

Individual feedback

-2.02

-1.72

Real-time feedback

-2.83

-2.89

Personalised advice

-2.01

Savings tips

-3.01

-1.76

Social norms

-2.36

-1.12

Injunctive norms

-2.01

-1.85

57

48

Number of observations

Table 3: Comparison of weighted average treatment eects

For comparison between the literature types, table 3 provides the weighted
average treatment eects by study type, i.e.: whether the study is from a
peer-reviewed journal or from the grey literature. Across all incentive types,
on average, a peer-reviewed study shows a weighted ATE of -1.96%, and
a study from the grey literature shows a weighted ATE of -1.71%.

In the

sample of studies collected, there are no reports which use personalised feedback as an incentive. Grey literature studies tend to show a smaller eect
of an incentive on electricity consumption.
dies, the weighted ATE of the use of

Among the peer reviewed sut-

monetary incentives

is an increase in

electricity consumption of 2.31%.
The primary studies are separated into those which use a higher number
of controls; a control group, weather and demographic controls, randomly
assign households to treatments, and use an opt-out method of recruitment,
as such studies are assumed to show a more representative estimate of the
true treatment eect. Studies which compare the treatment eect to a control
group rather than the baseline of the same group of households, provided a
more robust estimate of the treatment eect. The same applies to studies
which use weather controls and collect demographic information.
Studies which adopt a random treatment assignment method and an optout method of recruitment are more representative as they use samples which
have not chosen their treatment method nor are subject to selection bias.
Table 4 gives the average treatment eects by study control level. High
control studies are considered to be those which include all the above controls,
lower control studies are those which include less. Of all the studies, 22% can
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Primary obs.

ATE (%)

Min (%)

Max (%)

All studies

105

-3.37

-22.20

13.69

Higher control studies

23

-2.17

-5.40

-1.17

Lower control studies

82

-3.71

-22.20

13.69

Table 4: Average treatment eects by study quality

be considered to use a high level of controls. The high control studies have
an ATE of -2.17% whereas the lower control studies have an ATE of -3.71%.
A test of whether the ATE are equal can be rejected at the 1% level.
Table 5 provides the correlations between variables. There are no strong
correlations between

treatment eect

and the treatment variables.

Strong

personalised feedback and
social norm and injunctive norm treaments, and strong negative correlation with opt-in recruitment as for these treatments, participating households

positive correlations can be seen between both the
the

took part in the study by default and opted-out if they did not want to take
part. These studies are typically large-scale experiments led by utilitieswhich
have the means to carry out such studies (Allcott, 2011; Ayres et al., 2012).
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1.00

(2)

(3)

-0.09
(0.36)
0.26*
(0.01)
-0.09
(0.35)
0.00
(0.97)
0.35*
(0.00)
0.25*
(0.01)
-0.02
(0.80)
0.18
(0.07)
0.29*
(0.00)
-0.29*
(0.00)
0.22*
(0.02)
0.28*
(0.00)
-0.07
(0.49)

1.00

(4)

-0.36*
(0.00)
0.26*
(0.01)
-0.12
(0.24)
-0.42*
(0.00)
-0.12
(0.21)
-0.07
(0.47)
-0.00
(0.97)
-0.27*
(0.01)
0.38*
(0.00)
-0.07
(0.47)
-0.32*
(0.00)
-0.28*
(0.00)

1.00

(5)

-0.49*
(0.00)
-0.15
(0.12)
0.67*
(0.00)
0.16
(0.10)
0.17
(0.08)
0.20*
(0.04)
0.27*
(0.00)
-0.56*
(0.00)
0.31*
(0.00)
0.41*
(0.00)
0.43*
(0.00)

1.00

(6)

0.11
(0.24)
-0.20*
(0.04)
-0.14
(0.16)
-0.19
(0.06)
0.02
(0.84)
-0.05
(0.62)
0.13
(0.17)
-0.08
(0.41)
-0.14
(0.15)
-0.26*
(0.01)

1.00

(7)

-0.20*
(0.05)
-0.10
(0.31)
-0.32*
(0.00)
0.14
(0.16)
-0.26*
(0.01)
0.09
(0.35)
-0.05
(0.63)
-0.14
(0.17)
0.10
(0.30)

1.00

(8)

0.21*
(0.03)
0.22*
(0.03)
0.14
(0.17)
0.37*
(0.00)
-0.81*
(0.00)
0.24*
(0.01)
0.61*
(0.00)
0.25*
(0.01)

1.00

(9)

Table 5: Pearson cross-correlation table

0.07
1.00
(0.46)
(4) Individual feedback
-0.31* 0.27*
(0.00) (0.01)
(5) Real-time feedback
0.03
0.63*
(0.79) (0.00)
(6) Personalised advice
-0.34* -0.32*
(0.00) (0.00)
(7) Savings tips
0.09
0.07
(0.38) (0.48)
(8) Social norms
0.04
0.06
(0.69) (0.54)
(9) Injunctive norms
-0.44* -0.41*
(0.00) (0.00)
(10) Control group
0.18
0.10
(0.06) (0.32)
(11) Weather controls
0.16
0.08
(0.10) (0.40)
(12) Demographic controls
-0.25*
0.06
(0.01) (0.55)
(13) Random assignment
-0.01
-0.10
(0.88) (0.30)
(14) Opt-in recruitment
0.30* 0.39*
(0.00) (0.00)
(15) Duration
-0.18
0.04
(0.06) (0.70)
(16) Sample size
-0.23* -0.27*
(0.02) (0.00)
(17) Peer reviewed
-0.30* -0.33*
(0.00) (0.00)
Standard errors in parentheses. *p < 0.05

0.13
(0.17)
-0.13
(0.20)
-0.07
(0.50)
-0.23*
(0.02)
0.13
(0.20)
0.02
(0.87)
-0.10
(0.32)
0.15
(0.11)
0.27*
(0.01)
0.17
(0.09)
-0.13
(0.20)
0.17
(0.09)
-0.22*
(0.02)
0.19
(0.05)
0.16
(0.10)
0.02
(0.87)

(2) Monetary incentive

(3) Monetary information

1.00

(1)

(1) treatment eect

Variables

0.36*
(0.00)
-0.06
(0.55)
0.49*
(0.00)
-0.18
(0.07)
0.11
(0.27)
0.15
(0.13)
-0.31*
(0.00)

1.00

(10)

0.10
(0.29)
0.41*
(0.00)
-0.11
(0.28)
0.31*
(0.00)
-0.06
(0.53)
-0.16
(0.09)

1.00

(11)

0.39*
(0.00)
0.15
(0.13)
0.28*
(0.00)
-0.03
(0.78)
0.14
(0.15)

1.00

(12)

-0.19
(0.06)
0.43*
(0.00)
0.25*
(0.01)
-0.14
(0.14)

1.00

(13)

-0.13
(0.19)
-0.59*
(0.00)
-0.08
(0.41)

1.00

(14)

0.20*
(0.04)
-0.26*
(0.01)

1.00

(15)

-0.00
(0.97)

1.00

(16)

1.00

(17)

Figure 2 shows the distribution of treatment eect by publication year.
The majority of studies were published from 2010 onwards. Almost half of
the observations in the sample were published in 2011. There does not appear
to be a trend in the eects of incentives on electricity consumption over this
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Effect size (%)
0

.1

.2

time period.

2006

2008

2010
2012
Year of publication
Peer reviewed

2014

2016

Grey literature

Figure 2: treatment eect by year of publication

Figures 3 to 5 show how treatment eect varies in relation to the use
of a control group, the control of weather eects, or the collection of sociodemographic variables in the primary studies. These gures show that, bar
one high, positive observation, the distribution of treatment eects is similar whether a control group is present, whether weather eects have been
controlled for, and whether socio-demographic data is collected or not.
Figures 6 to 8 are box plots of the spread of treatment eects by the
presence of a control group, the use of weather controls, or the collection of
socio-demographic data. Figure 6 shows that the median treatment eect is
slightly smaller when a control group is present, and that the spread is greater
in the absence of a control group. Whether weather eects are controlled for
or not, the median treatment eect is similar. The spread is slightly tighter
around the mean when weather is controlled for. Concerning the collection, or
not, of socio-demographic data, the median and the spread of the treatment
eects are similar. From these box plots, there is evidence of certain outlying
values of the treatment eects.
Figures 9 and 10 provide scatter plots of the distribution of treatment effect by treatment assignment method (random assignment) and recruitment
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Figure 3: Treatment eect by presence of control group
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Figure 4: Treatment eect by weather controls

20

1

.2
.1
Effect size (%)
0
-.1
-.2
0

Controls for socio-demographic characteristics (=1)
Peer reviewed

1

Grey literature

Figure 5: Treatment eect by collection of socio-demographic data
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Figure 6: Box plots of treatment eect by presence of control group
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Figure 7: Box plots of treatment eect by use of weather controls
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Figure 8: Box plots of treatment eect by collection of socio-demographic
data
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method (opt-in) for both literature types.

For both literature types, ap-

proximately two-thirds of the sample studies use random assignment and/or
opt-in methods.

The distribution of treatment eect by treatment assign-

ment method shows a greater dispersion in electricity consumption change
when subjects are not randomly assigned to a treatment, with the exception
of one observation.

In addition, we can see a greater reduction in electri-

city consumption when subjects self-select into a treatment (Figure 10) than
when they do not.
Figures 11 and 12 are box plots showing the spread of the data by treatment assignment method and by sample selection method. In both cases, the
median values are similar, however, the spread is more closely concentrated
around the median values when treatment assignment is random and when
participants must opt-out of the study. Households can achieve greater levels
of electricity consumption reduction when they are not randomly assigned to

-.2

-.1

Effect size (%)
0

.1

.2

a treatment and when they choose to participate in a study.

0

Random assignment to treatment (=1)
Peer reviewed

1

Grey literature

Figure 9: Treatment eect by treatment assignment method

Figure 13 shows the distribution of treatment eect by duration of the
study. The majority of studies are short in duration (shorter than 12 months).
There are a cluster of studies lasting one or two years. The majority of the
longer studies are those that are led by utilities. Finally, there are few utility
led studies which last for almost three years. From the gure, it appears that
longer studies show a smaller eect of incentives on electricity savings.
Finally, g. 14 shows treatment eect against literature type. Whilst the
greatest reduction for each literature type is similar, the range of treatment
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Figure 10: Treatment eect by sample selection method
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Figure 11: Box plots of treatment eect by treatment assignment
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Figure 12: Box plots of treatment eect by sample selection method
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eects is greater for peer reviewed literature and there are more positive
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Figure 14: treatment eect by literature type
The above graphical analysis indicates that the treatment eects reported
in primary studies may be particularly aected by the presence of a control
group, treatment assignment and sample selection methods.
In studies without a control group, the change in electricity consumption
is compared within the same group of households between the treatment
period and a baseline period. Whereas in studies with a control group, the
change in consumption is compared both within the same group of households
and between groups of households whose consumption is measured during
the treatment and baseline periods; a dierence-in-dierence method. The
latter studies allow researchers to account for additional factors which aect
electricity consumption during the course of the duration of the study and
appear to show a lesser treatment eect to the former.
Households who choose to participate in a study on electricity consumption may be particularly motivated to reduce their consumption. Those who
participate in studies on an opt-out basis (which is arguably more representative of a national roll-out of such interventions) achieve much smaller levels
of electricity reduction.
When households are randomly assigned to treatment groups, they achieve
smaller electricity savings than when they are not. This would suggest that
a tailored approach to treatment design corresponding to households existing motivations to change their electricity consumption is pertinent.
motivations maybe monetary, or for environmental reasons, or other.
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Such

The inclusion of weather controls and the collection of socio-demographic
data does not appear to have a strong impact on the reported treatment
eects.
The impact of these study design choices on the treatment eects will be
further analysed in section 5.4.

5.3 Publication Bias Analysis
In this section we explore the sample of primary studies used in this
meta-analysis for issues of publication bias. According to Card and Krueger
(1995) there are three potential sources of publication bias in economic research: (1) a predisposition to accept studies which are consistent with the
conventional view; (2) reported models may be selected based on the presence of a conventionally expected results; (3) a tendency to publish only
statistically signicant results.
Potential publication bias in the sample of primary studies used in this
meta-analysis can be analysed graphically using a funnel plot, as shown in
g. 15. These graphs plot treatment eects against a measure of precision,
such as the inverse standard error of the treatment eect or the sample size
of the treatment group. The intuition is that the accuracy of the treatment
eect increases with the level of precision. Studies with larger standard errors
and smaller sample sizes are dispersed at the bottom of the graph, with the
spread of treatment eects decreasing as standard errors decrease and sample
sizes increase. In the absence of publication bias, the result is a symmetrical,
inverted funnel shaped graph. On the other hand, if there is a publication
bias, an asymmetrical funnel can result due to an absence of publications of
non statistically signicant results (Egger et al., 1997; Sterne et al., 2004).
The funnel plot in g. 15 plots treatment eect against the square root of
sample size. The plot shows that the majority of treatments result in a negative eect on electricity consumption. No studies from the grey literature
report an increase in electricity consumption and there are more observations from peer-reviewed articles dispersed at the bottom of the funnel. The
somewhat asymmetrical nature of the funnel plot suggests that there may be
an issue of publication bias in the present analysis due to some results not
being included in the analysis.
Stanley et al. (2010) suggest that publication bias may be reduced and
scientic inference improved by averaging the treatment eects of the top
10% of the funnel as these are the most precise estimates. Table 6 shows the
average and weighted average treatment eects for the full sample and the
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Figure 15: Funnel plot of treatment eect versus sample size

6

top decile according to the weight used . Comparing the average treatment
eects for the top 10% of the funnel and the full sample suggests that, on
average, the eect of incentives on electricity consumption is overestimated by
a factor of 2. When sample size is accounted for, as the weighted ATE shows,
the distortion due to publication bias is greatly reduced and the dierence is

p

not signicant ( =0.8641).
As the inverse standard error is the preferred measure of precision, we
also report the average treatment eects of the 42 observations for which
standard errors are reported or can be constructed. The distortion due to
publication bias is smaller for this subset of the sample when comparing ATE

p

(a factor of 1.8), and the dierence in values in not signicant ( =0.8022)
once sample size is accounted for.

ATE (%)
Sample size

1/SE

Weighted ATE (%)
Sample size

1/SE

Top 10% of funnel plot

-1.69

-1.69

-1.79

-1.62

Full sample

-3.37

-3.06

-1.85

-1.75

Table 6: ATE correcting for publication bias

The above correction for publication bias suggests that if present, any

6 Where

the inverse standard error is used as a weight, there are only 42 observations in
the sample as the standard error is not available for all studies. We use this sub-sample as
a robustness check for issues of publication bias as standard error is the preferred weight.
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bias is small and not statistically signicant once sample sizes have been
accounted for in calculating weighted average treatment eects. Nevertheless,
it is prudent to test for the existence of such bias.
In the presence of publication bias, treatment eects are positively correlated with their standard errors (Stanley and Doucouliagos, 2012).

This

suggests that the size of an eect will depend on its standard error:

treatment_ef f ecti = β0 + β1 SEi + i

(2)

To account for dierences in the primary studies, the equation is weighted
by a measure of precision, ideally the inverse of its standard error (Stanley
et al., 2010):

ti = β0 (1/SEi ) + β1 + vi
where

ti

(3)

is the t-statistic of the treatment eect. As standard errors are

not available for all observations, we also reconstruct this equation using the
square root of sample size as the measure of precision:

treatment_ef f ecti /sample_sizei0.5 = β0 (1/sample_sizei )0.5 + β1 + vi .

(4)

In the presence of publication bias, treatment eects are positively correlated with their standard errors, and negatively correlated with sample sizes,
as standard errors are inverse functions of sample size (Stanley and Doucouliagos, 2012; Schmidt and Hunter, 2014). Estimates of

β0

from eqs. (3) and (4)

are an alternative correction of publication bias (Stanley and Doucouliagos,
2012). Table 7 shows the results of the model in eqs. (3) and (4) as well as
for the full sample using the square root of sample size as a proxy measure
of precision.
Testing

H0 : β1 = 0

is a test of whether publication bias is present, the

funnel asymmetry test. In each of the three estimations, the null hypothesis
cannot be rejected, there is no evidence of publication bias for the subset
using the two dierent weights, nor for the full sample.
A second test, the precision eect test, of whether there is a genuine empirical eect can be tested:

H0 : β0 = 0.

In both models, the null hypothesis

is rejected, implying that there is a genuine empirical eect which merits
further analysis.
Graphically, the funnel plot suggests that there is a potential publication
bias.

When comparing the ATE of the full sample to the top 10% of the

funnel, this bias is of a factor 2. However, accounting for sample sizes reduces
the bias to an small and statistically insignicant amount. Furthermore, tests
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on both a subset of the sample (for which standard errors are available) and
on the full sample, lead to the conclusion that publication bias is not an issue
once sample size has been accounted for. Nevertheless, as discussed above, a
WLS estimation will e used to account for heteroscedasticity in the sample
of primary observations.

(1)

(2)

(3)

Standard error

Sample size

Sample size

Equation (2)

β0

-1.578

β1
Observations
2

∗∗∗

Equation (2) Equation (3)
-7.040

∗∗∗

-7.752

∗∗∗

(0.305)

(0.204)

(1.909)

-32.499

∗
0.015

0.015

(40.713)

(0.008)

(0.009)

42

42

105

R
0.777
0.577
Standard errors in parentheses
Standard errors are clustered by primary study.
∗
p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

∗

0.501

Table 7: Estimation of publication bias

5.4 Eects of Individual Incentives
The analysis of publication bias has shown such bias to be less of an issue
once sample sizes are taken into consideration. We therefore use the square
root of sample sizes as weights in the following section in which the eects

7

of the dierent incentives on electricity consumption are analysed .
Table 8 shows the results of the WLS meta-regression analysis across
the dierent incentive types. Specications 1-3 focus on a particular incentive strategy (monetary, personal feedback and social feedback). The fourth
considers the study design features and the nal specication includes all
variables.

Each estimation includes a variable accounting for the duration

of the study and the type of literature it is from. Finally, standard errors
for each estimation are clustered by study to account for any dependence
between studies. Coecients on the dierent incentives are interpreted as a

7 The

results of a cluster-robust OLS estimation are provided in Appendix C as a
benchmark for the following WLS estimaion.
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change in electricity consumption relative to the consumption of the control
group, when present in the study which is the case for 90% of the observations, or the baseline level of consumption. A negative coecient signies a
reduction in electricity consumption.

Monetary incentives

have a signicant positive eect of reducing elec-

tricity savings by 2.8 percentage points. When all incentives are controlled
for, this signicant eect falls out. The eect of

monetary information

be-

comes signicant, showing a reduction in electricity savings of 2.5 percentage
points. These results are opposite to those predicted by the theory. It may
be that as

monetary incentives

such as dynamic pricing provide households

8

with the possibility of consuming at a lower price during o-peak periods ,
the rebound eect of consumption outweighs the savings encouraged by the
higher peak price (Geelen et al., 2013; Khan et al., 2016). An explanation
as to why

monetary information

does not have the predicted eect is that

the possible savings are too small to be motivating (Hargreaves et al., 2010;
Goulden et al., 2014), or that households expenditure on electricity is small
relative to their income (Faruqui et al., 2010; Schleich et al., 2013).
In both the personal feedback and the full specication

back

individual feed-

has a signicant negative eect of 3-4 percentage points on electricity

consumption.

When such feedback is delivered in real-time no additional

signicant eects on electricity consumption are found. This suggests that
personal feedback on a household's past consumption does not necessarily
need to be available in real-time to motivate electricity saving behaviour.

Savings tips

show a signicant positive eect on electricity consumption of 4

percentage points. Generic advice on how to save electricity appears to not
be eective at reducing consumption. One reason for this is that householders generally know what they should do to reduce their consumption and
that reminding them of such behaviours serves to crowd out any intrinsic
motivation they had to do so.
In this meta-analysis, comparative feedback is separated into descriptive
feedback and feedback which integrates social norms.

In specication 3, a

signicant negative eect of both types of feedback on electricity consumption of 4-5 percentage points is found.

This provides new evidence of the

eectiveness of such feedback compared to ndings in Delmas et al. (2013)
who found no signicant eect of such feedback. Since their meta-analysis,
there has been an increase in large-scale studies of such incentives.
Across the ve specications, the 10% of studies which do not use a con-

8 Studies

which used such incentives were included in the present meta-analysis as the
primary authors also considered the eect of the incentive on overall household electricity
demand.
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trol group show a greater increase in electricity reduction of between 7.3 and
11.2 percentage points compared to those that do use a control group. This
suggests that when electricity savings are calculated compared to a baseline
of the same group, they may be overestimated.

Duration

of the study has

a small signicant positive eect on electricity consumption in specications
1-3, and 5. This adds to the previous evidence that electricity conservation
experiments are subject to attrition of the eects of incentives over time Delmas et al. (2013). The positive coecient on

peer reviewed suggests that peer

reviewed experiments are more conservative in their estimations of the eects
of incentive on electricit consumption than those from the grey literature.

6

Discussion
The meta-analysis presented in this paper provides a comparison of dif-

ferent incentives used in the experimental literature to incentivise residential
consumers to lower their electricity demand. Contrary to previous analyses,
it provides a comparison of contemporary experimental studies by focusing
on studies from 2005 onwards, the "Smart Grid Era". Previous analyses risk
overstating the potential of dierent incentives by including older studies
McKerracher and Torriti (2013). By restricting the time frame, the intention
is to limit the analysis to studies with similar available energy monitoring
technology, in order to avoid exacerbating issues of heterogeneity due to differing temporal contexts.

In order to avoid issues of publication bias, the

present meta-analysis adopted a wide search method to collect data from
both peer-reviewed and grey literature studies. To verify the extent of the
publication bias issue in the sample of studies used, a detailed analysis of
the potential bias was carried out. Indeed, a graphical examination of the
potential publication bias suggested that this may be an issue, however estimations of the amount of bias and tests of its presence have shown it to
not be a signicant issue for the present sample of studies once sample size
is considered.

Furthermore, the precision eect test shows that there is a

genuine underlying eect of interest.
In addition, the experimentation of new methods of encouraging households to lower their electricity demand are included in the present metaanalysis, namely the use of injunctive norms in addition to social norms.
Furthermore, a greater level of study design controls are included as controls
for heterogeneity between studies.

This provides an opportunity to disen-

tangle the eects of such incentives and a more extensive comparison of the
eects of dierent study methods on residential electricity demand.
In this section we discuss the above results and examine whether we can
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(1)
Monetary

(2)
Personal
feedback

(3)
Social
feedback

(4)
Study
design

(5)
All
incentives

Monetary incentive

2.790∗
(1.462)

1.318
(1.571)

Monetary information

0.662
(1.384)

2.492∗
(1.414)

Individual feedback

-3.115∗∗
(1.358)

-3.919∗∗
(1.675)

Real-time feedback

-0.651
(1.415)

-2.138
(1.584)

Savings tips

4.385∗∗
(2.104)

4.069∗∗
(1.967)

Personalised advice

0.562
(2.021)

-0.746
(2.425)

Social norms

-4.316∗
(2.387)

-4.518∗∗
(2.174)

Injunctive norms

-5.000∗∗
(1.998)

-3.238
(3.281)

Control group

7.278∗∗
(3.307)

10.790∗∗∗
(3.259)

8.483∗∗
(3.414)

7.642∗∗
(3.489)

11.161∗∗∗
(2.840)

Weather controls

-0.095
(1.436)

0.804
(1.449)

0.856
(1.385)

0.671
(1.311)

-0.671
(1.985)

Demographic controls

1.295
(2.631)

1.314
(2.857)

2.524
(3.118)

1.104
(2.962)

2.455
(2.776)

Random assignment

-1.704
(2.216)

-2.727
(2.446)

-1.642
(2.777)

-1.490
(2.419)

-2.783
(2.457)

Opt-in recruitment

-1.604
(1.554)

0.546
(1.710)

-3.795∗
(2.179)

-0.466
(1.336)

-3.262
(2.840)

Duration

0.198∗
(0.102)

0.265∗∗
(0.119)

0.205∗
(0.105)

0.170
(0.103)

0.325∗∗∗
(0.111)

Peer reviewed

4.638∗∗∗
(1.698)

4.208∗∗
(1.840)

4.831∗∗∗
(1.635)

3.503∗∗
(1.549)

5.801∗∗∗
(1.883)

Constant

-15.394∗∗∗
(4.160)

-19.722∗∗∗
(5.760)

-14.319∗∗∗
(4.352)

-14.936∗∗∗
(4.201)

-17.496∗∗∗
(5.348)

Observations
105
105
105
105
Adjusted R2
0.195
0.342
0.218
0.181
Standard errors in parentheses
Inverse square roots of sample size are used as analytical weights.
Standard errors are clustered by primary study.
A negative coecient reads as a reduction in energy consumption.
∗
p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: WLS estimation of treatment eects

105
0.381

conrm or reject the hypotheses presented in section 2.
The analysis has shown that on average and before taking into consideration primary study sample size, the dierent incentives show a negative
eect on electricity consumption ranging from -4.69 to -2.22%. Across all incentives, a study on the eect of an incentive on electricity consumption can
expected to show a 3.37% reduction in electricity consumption. This eect is
lower than that reported in previous meta-analyses, however it is in line with
the conclusion of McKerracher and Torriti (2013) that there is a downward
trend in the size of conservation eects.

Once sample sizes are accounted

for, the weighted average treatment eect is 1.85%. We have seen from the
analysis of publication bias that accounting for primary study sample sizes
goes a lot of the way towards correcting for the bias.
In terms of the level of controls used in the studies, compared to previous
meta-analyses, there has been an increase in the number of studies using control groups, and controlling for demographic variables and weather variations
which leads to lower, but arguably more reliable, estimates of the eect of incentives on electricity consumption. The two diering levels of study controls
show a dierence in estimated electricity savings of 1.54 percentage points
with studies with more controls (those including control groups, controlling
for weather changes and socio-demographic variables, assigning households
randomly to treatment groups and using an opt-out method of recruitment),
having a smaller average treatment eect, -2.17% versus 3.71%.

If such

incentives are to be implemented at a national level, these higher control
studies may be a better reection of the level of electricity savings that may
be achieved.
A graphical analysis showed that in studies in which households are randomly assigned to a treatment there is a smaller spread in treatment eects.
This provides further support for the idea that a national roll-out of a particular incentive may not be the best approach as greater electricity savings can
be attained if households are able to pick an incentive which is appropriate to
them. A one-size-ts-all may not be the most eective. However, a tailored
approach may not be feasible. More research needs to be done in this area to
determine whether households are able to pick appropriate incentives, and
on the eect of tailored incentives on electricity consumption.
In studies in which households choose to participate, there is a greater
spread of treatment eects. These households may have motivations to take
part in electricity consumption eld experiments and pilot studies that are
not necessarily accounted for in the experiment. These participants may be
predisposed to make a greater eort than if the incentive were to be implemented at a national level Alexander (2010); Ericson (2011). This implies
that caution should be exercised when viewing the results of experiments in

34

which participants self-select into a treatment.
While at the descriptive level, all incentives result in a reduction of residential electricity consumption on average, the econometric analysis shows
that only certain incentives have a signicant eect once other variables are
controlled for.

Monetary -based incentives have a small positive eect on res-

idential electricity consumption. Hypotheses 1a and 1b can be rejected for
the present sample.

Individual feedback

has a signicant eect at reducing electricity con-

sumption, however, there is no signicant eect of

real-time feedback,

when

other informational feedback and study design variables are controlled for.

personalised advice does not have a signicant eect on electricity consumption.
However, savings tips are shown to have a signicant positive eect on electriConcerning the two types of guidance that can be given to households,

city consumption. This implies that generic savings advice tends to increase
electricity consumption rather than reduce it. There is evidence to support
hypothesis 2a, and to reject hypothesis 3b. There is inconclusive evidence to
neither support nor reject hypothesis 2b and 3a.
Next, it was hypothesised that the use of

social norms

would have a sig-

nicant reduction eect on residential electricity consumption only in the

injunctive norms.
use of descriptive social norms

presence of

The results in table 8 tell us that both the
and

injunctive norms

have a signicant neg-

ative eect on electricity consumption when other incentives are controlled
for. There is evidence to refute hypothesis 4a,

social norms

alone do have

the desired eect of reducing electricity demand. There is also evidence to
support hypothesis 4b.
Hypothesis 5 refers to the eect of incentives with respect to sample size.
We hypothesised that as sample size increases, the eect of an incentive
on electricity consumption falls.

In g. 15, we can see that with smaller

sample sizes, there is a greater variation in treatment eect, and with larger
samples, the treatment eect is smaller.

This provides some evidence to

support hypothesis 5.
Similarly to previous meta-analyses, we separated the sample set by number of controls used. Higher control studies are those which are deemed to
be more representative of the population (use random treatment assignment
and an opt-out method of recruitment) and which include greater controls of
potential heterogeneity (use a control group, account for weather variation
and collect socio-demographic data). Table 4 gives the ATE of high control
studies and all other studies. The higher control studies show a statistically
signicant smaller ATE than the other studies.

This provides evidence to

support hypothesis 6.
Finally, hypothesis 7 refers to the downward trend in ATE over time.
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As can be seen in table 1, previous meta-analyses showed average reduction
eects of incentives on electricity consumption of upwards of 6.4%.

The

present analysis found an overall ATE of 3.37%, or a weighted ATE of 1.85%.
This lends support to the hypothesis that the incentives used have a smaller
eect on electricity consumption in the Smart Grid Era compared to the eras
identied in previous meta-analyses.

7

Conclusion
This paper has provided an analysis of the eects of dierent incentives in

recent electricity conservation studies across the elds of economics, psychology, marketing and building research. This meta-analysis provides the most
update assessment of recent experimental literature including newer methods
of incentivising consumers to lower their energy consumption.
In conclusion, on average, an incentive designed to reduce household electricity consumption will result in a reduction in consumption of 3.37%. Accounting for the dierent sized samples used in the individual studies, an incentive can be expected to achieve electricity consumption savings of 1.85%.
This result indicates that signicant electricity savings can be attained by incentivising households to make behavioural changes to reduce their electricity
consumption.
In particular, less costly incentives such as informing households of their

9

individual consumption , or of the average consumption in their neighbourhood has a greater negative eect on electricity consumption compared to
more costly incentives such as changing pricing for electricity. This has important policy implications given that the latter incentive is often not readily
accepted by consumers (Alexander, 2010).
Education campaigns aimed at encouraging households to reduce their
consumption via generic energy savings advice, or actions personalised to
the household, do not appear to reduce electricity consumption. The former
tends to increase consumption.
The results associated with the dierent control variables show that it
is important to undertake eld studies which are methodologically rigorous;
studies which include control groups, control for demographic information
and variations in weather, as well avoiding treatments into which subjects
self-select.
The present meta-analyses faces certain limits. To begin with, the metaanalysis is as reliable as the primary studies included in the dataset. Certain

9 predominately

via paper bills or on a website in the current sample of studies
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primary studies found treatment eects which were much larger, in both
the direction of electricity savings and in consuming more electricity. Such
results should not necessarily be excluded from the dataset as the meet the
criteria set out in section 4.1, however, they may inuence the ndings and
conclusions of the analysis.

Secondly, few experiments test the eect of a

single incentive on electricity consumption as they often combine several
incentive types. This makes it dicult to separate the eects of individual
incentives on electricity consumption due to confounding eects.

A third

limit concerns the dierences in the design of the various studies that are
not accounted for in the present study. For example, the composition of the
samples in the primary studies is not necessarily identical: participants may
have previously participated in similar studies, or the study may focus on a
particular type of household.
The ndings of this meta-analysis indicate that lower-cost incentives may
be sucient and that there is not necessarily a need to use costly monetary
incentives when the objective is to reduce overall electricity consumption.
Much focus in recent years has been on injunctive norm based incentives. One
conclusion of this analysis is that descriptive social norms may be sucient
on their own.
For future research, this analysis highlights the need to use a control
group against which to measure a change in electricity consumption.

It is

also advisable to consider the methods of treatment assignment and of household selection.

These methods should be reective of the objective being

tested. For example, concerning the question of opt-in or opt-out, whether
households choose appropriate incentives for them, or whether incentives are
applied to large numbers of households. This area merits further research.
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Table 9: Studies included in analysis

Year

Author

47

B

11

Not a eld experiment or pilot study

4
3
1
72

Gas and electricity consumption combined

Experimental issues leading to missing data

Secondary data

Total
Table 10: Reasons for excluding studies from the analysis

8

Included under a dierent title

(e.g.: a simulated study or laboratory experiment)

17

28

Number of papers excluded

Non-residential sample

(e.g.: peak demand reduction, appliance level data, median % change )

Dierent treatment eect measure

Reason for exclusion

Reasons for Study Exclusion

C

Cluster-robust OLS Model
Table 11 displays the results of the cluster-robust OLS meta-regression

model with estimations separated by incentive type as baseline.

The rst

specication includes all variables, specications 2-4 focus on a particular
incentive strategy (monetary, personal feedback and social feedback) and the
nal specication includes only the study design variables. Each estimation
includes a variable accounting for the duration of the study and the type of
literature it is from. Finally, standard errors for each estimation are clustered
by study to account for non-independence between studies. Coecients on
the dierent incentives are interpreted as the increase or decrease in percentage points of electricity consumption due to a particular incentive relative
to the consumption of the control group, when present in the study, which
is the case for 90% of the observations, or the baseline level of consumption.
A negative coecient signies a reduction in electricity consumption by the
number of percentage points displayed.
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(1)

(2)

Full

Monetary

(3)
Personal
feedback

(4)
Social
feedback

(5)
Study
design

Monetary incentive

1.651
(1.055)

2.075
(1.354)

Monetary information

1.980
(1.523)

-0.333
(1.009)

Individual feedback

-2.116
(1.273)

-1.754
(1.260)

Real-time feedback

-2.565∗
(1.310)

-1.253
(1.048)

Personalised advice

-2.252
(2.069)

-1.690
(1.993)

Savings tips

1.455
(1.292)

1.195
(1.338)

Social norms

-3.462∗
(1.976)

-1.161
(1.875)

Injunctive norms

-1.942
(2.557)

-3.113
(2.825)

Control group

5.586∗
(2.854)

3.420
(3.131)

4.983
(3.116)

4.070
(3.026)

3.499
(3.201)

Weather controls

-0.778
(1.339)

-0.003
(1.053)

0.294
(1.095)

0.380
(1.342)

0.405
(1.182)

Demographic controls

0.094
(1.603)

-1.640
(1.623)

-1.665
(1.706)

-1.576
(1.802)

-2.419
(1.901)

Random assignment

-1.116
(1.299)

-0.189
(0.990)

-0.343
(1.083)

0.154
(1.302)

0.135
(1.049)

Opt-in recruitment

-4.224
(2.799)

-1.441
(1.495)

-1.652
(1.470)

-3.063
(2.739)

-0.847
(1.038)

Duration

0.215∗∗∗
(0.056)

0.144∗∗
(0.058)

0.164∗∗∗
(0.038)

0.135∗∗∗
(0.045)

0.117∗∗∗
(0.043)

Peer reviewed

3.603∗∗
(1.391)

1.982∗
(1.112)

2.302∗∗
(1.106)

2.301∗
(1.146)

1.601
(0.971)

Constant

-7.455∗
(4.016)

-7.597∗∗
(3.395)

-7.410
(4.423)

-6.166
(4.082)

-6.732∗
(3.765)

Observations
105
105
105
105
Adjusted R2
0.194
0.132
0.157
0.114
Standard errors in parentheses
Standard errors are clustered by primary study.
A negative coecient reads as a reduction in energy consumption.
∗
p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11: OLS estimation of treatment eects

105
0.109

