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Abstract:
We use a field experiment on energy billing in a German region to evaluate the effect of two behavioral nudges (consumption
feedback and social comparison) on electricity consumption. Similar experiments have revealed significant treatment effects,
yet the individual variance has proven to be substantial. On grounds of these heterogeneous treatment effects and the possibility
of cross-country behavioral differences, additional experiments are warranted. For our German participants with low pretreatment consumption compared to many other countries, we find no treatment effects. From this, we deduce that the effect of
consumption feedback and social comparison is highly context dependent.
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1.

Introduction

Household energy bills communicate information that consumers can use to adjust their energy consumption,
whether through short- (e.g. switching on/off lights) or longer-term behavior (e.g. investing in more energyefficient appliances). A large body of literature suggests that various information mechanisms can induce energy
conservation (see e.g. Schultz, 2007; Allcott, 2011; Asensio and Delmas, 2015; Allcott and Kessler, 2019). These
so-called behavioral nudges are carefully-crafted psychological cues that can affect behavior without changing
prices or restricting choice sets and in theory they are a good companion to or replacement of traditional climate
policy instruments. They avoid important shortcomings, namely the difficulty of reaching international
implementation agreements, competitiveness penalties associated with unilateral introduction, low public
acceptability due to higher energy prices and regressive distribution effects.
Current German electricity billing practices clearly do not exploit their potential as carriers of information.
Utilities only provide their residential customers with a bill for actual consumption once a year. While many
German households pay for electricity monthly, the sum is estimated based on last year’s consumption. As Wilhite
and Ling (1995) highlight, in such systems there is no relationship between the cost paid in a given month and
actual consumption.
Upon first glance, it therefore appears as if optimizing billing practices by taking into account insights from
behavioral economics is an opportunity to spark energy efficiency in Germany. Given the German government’s
ambition to reduce electricity consumption by 10% by 2020 compared with 2008 levels (BMWi and BMU, 2010),
one might be tempted to speculate about the potential benefits of a mandatory monthly billing cycle. However, the
existing literature shows large inter- and intra-study variation in the treatment effects of interventions in the field
of home energy use, which casts doubt on the universality of the findings. In the face of heterogeneous effects, it
seems vital to test the effectiveness of nudges in multiple contexts. Given that there may be a wide array of cultural
and socio-economic differences in preferences and behaviors, one should be careful in adopting a “one-size-fitsall” approach.
Very few studies examine the effects of behavioral nudges in household electricity bills on electricity
consumption in Germany (Dünnhoff and Duscha, 2007; Mack and Hallmann, 2004). These studies are small scale
(e.g. one residential block) and rely on low-level interventions. They also find small effect sizes in comparison
with results found in other countries (Fischer, 2008).
In order to fill this research gap, we set up a field experiment in collaboration with six local energy utilities in
the “Sued-Niedersachsen” region. We introduce monthly billing cycles based on a smart phone app that was
designed and programmed for this experiment. There are two graduated treatments, the first one relying on monthly
(as opposed to annual) feedback and the second one adding a consumption comparison feature with similar
households. In contrast to many existing studies, we do not find treatment effects. We conclude that the effect of
consumption feedback and social comparison is highly context dependent. In particular, we suspect that behavioral
nudges require comparatively high pre-treatment consumption levels to be effective.
The paper is structured as follows: Part 2 provides the reader with the necessary background and details relevant
existing studies. Part 3 outlines our experimental design. In part 4, we present and discuss our results, before part
5 concludes our undertaking.
2.

Background

Psychological research in the 1970s and early-1980s contributed to understanding the determinants of energy
use and energy conservation particularly for households (see Stern (1992)). These ideas have been pursued by
economists interested in energy policy and picked up by utility companies and policy-makers, who have
implemented policies based on behavioral insights.
We focus on two specific interventions, namely consumption feedback and consumption comparison among
individuals. Households’ feedback about their energy savings may encourage them to reduce energy use because
their level of self-efficacy (i.e. their perceived capacity to conserve energy) has increased (see Abrahamse et al,
2005). In terms of social comparisons of energy consumption levels, according to Andor and Fels (2018), the
potential effect on consumption can be triggered by three phenomena. First, because many people exhibit
reference-dependent preferences (see Kahneman 2003), and one such reference point is social norms, deviating
from a provided norm (in this case, the electricity consumption of other people) creates disutility and can therefore
lead to behavioral change. Second, in situations of uncertainty, individuals may use other people’s behavior as
focal points by implicitly assuming that others have more information about the socially-desired behavior (see e.g.
Allcott and Mullainathan (2010); and Delmas et al. (2013)). Third, social comparisons can evoke competition-like
behavior (see Abrahamse et al. 2005), which is especially important when a household’s consumption level lies
above that of others.

2

The existing empirical literature on the effects of similar interventions is substantial, covers multiple disciplines
and comprises various methodological approaches. In the following, we summarize the findings of a selection of
such studies, categorized as meta-studies, small-scale intervention studies and large-scale intervention studies.
Overall, the literature finds that feedback and social comparison can spark energy conservation behavior, although
the effect sizes obtained substantially vary.
Starting with a selection of literature reviews and meta-Studies, Darby (2006) reviews 38 studies and concludes
that feedback mechanisms can induce residential energy savings of 0% to 15%, with a possible upper limit of 21%.
In line with this, Fischer (2008) reviews existing studies on the consumption effects of feedback and notes that
estimates range from 1% to 20%, with some studies showing no effects at all. The author does not find an effect
related to social comparison in her review.
EPRI (2009) reviews 31 studies and find average treatment effects on electricity consumption for different
categories of feedback mechanisms ranging from 4% to 12%, with the strongest treatment effects for studies with
more direct feedback mechanisms. Erhardt-Martinez et al. (2010) review 57 feedback studies from developed
countries undertaken between 1974 and 2009. They also categorize them according to the directness of the
feedback mechanism and find average effects ranging from 5% to 14%.
Delmas (2013) conduct a meta-analysis of 156 published field trials from 1975 to 2012 and find that
consumption feedback yields an average effect on energy consumption of -7%. Robust studies designed to contain
a control and treatment group only find savings of less than 2% on average. Finally, Karlin and Zinger (2015)
examine 42 feedback studies published between 1976 and 2010. Again, on average feedback is found to reduce
energy consumption by 7%, albeit again with a wide range of effect sizes. When controlling for publication bias,
the average effect size falls to about 5%. The authors state that social comparison does not reduce energy
consumption across their sample of studies.
Turning to selected small-scale studies, Schultz et al. (2007) investigate the effect of consumption feedback and
social comparison on energy conservation in 287 Californian households. The authors find that their feedback
induced energy conservation among participants who had above-average consumption. By contrast, for
participants with below-average energy consumption, the nudge actually led to an increase in energy consumption.
In a second treatment, the authors used happy and sad smiley faces to signify above- or below-average
consumption. In this instance, the high consumption group reduced their consumption, whereas consumption did
not change for the low consumption group.
For Germany, Dünnhoff and Duscha (2007) investigate the effects of supplementing the usual electricity bill
with a normative comparison as well as written advice in partial combination with personal consultancy. The
sample comprises 4,500 individuals, distributed over three treatment groups and one control group in the city of
Heidelberg. While many of the participants reported finding the additional information interesting and motivating,
it did not spark significant electricity conservation. Furthermore, Mack and Hallmann (2004) examine the effects
of weekly written feedback on electricity consumption among 30 German households (of which 19 received the
treatment). They found that their treatment reduced consumption by 2.9% during the time of the intervention.
Among 28 international studies on the effect of feedback mechanisms on electricity consumption, both studies are
categorized as lying in the bottom third in terms of effect sizes (Fischer, 2008).
Finally, a number of large-scale interventions are also available. In a research report on nudging commissioned
by the Swedish Environmental Protection Agency, Mont et al. (2014) note a large discrepancy between the results
in small- and large-scale field trials, with the latter displaying much lower effect sizes. Similarly, the meta-analysis
by Karlin and Zinger (2015) finds a strong relationship between effect size and sample size (p.1215) and the
authors suspect that publication bias is at work (i.e. a bias against smaller-scale studies with lower effect sizes).
Feedback on electricity bills providing social comparison information was tested in Helsinki, Finland from
1989 to 1992, whereby it was found to reduce consumption by 1-1.5% (Mont et al., 2014). Simultaneously, in
coordination with the Finnish trial, a similar experiment was conducted in Oslo, Norway. Interestingly, the
treatment had much stronger energy conservation effects in this case, as the sample of 1,450 household saved 10%
of their energy consumption on average, primarily due to increased billing frequency (Wilhite and Ling, 1995).
Tedenvall and Mundaca (2016) use an experimental setup to test the impact of real-time consumption feedback.
The authors find a decline in consumption by about 1.4-1.9%. However, they interpret the changes to small and
conclude that “the implementation of real-time feedback per se is likely to be insufficient to foster increased energy
efficiency” (Tedenvall and Mundaca, 2016). Gleerup et al. (2010) analyze the effects of providing consumption
feedback via text messages and email on the use of electricity. With a sample of 1,452, households they find a
significant reduction in annual electricity use of 3%. Schleich et al. (2013) find that providing feedback to 1,500
Austrian households produces electricity savings of 4.5%.
Perhaps the large-scale intervention study to have gained the most traction is Allcott’s (2011) study on nudging
and energy billing, exploiting a program run by the utility company Opower. He looks specifically at the
effectiveness of giving feedback in a contest setting on energy use using energy reports mailed to as many as
600,000 treatment and control households in the US. Specifically, the treatment comprised a comparison of the
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household's energy use with that of similar neighbors as well as specific energy conservation tips. These reports
are sent to the treatment group monthly, bimonthly, or quarterly, depending on the utility company. Allcott (2011)
finds a negative effect on energy consumption of 2% and concludes that the cost-effectiveness compares favorably
to that of traditional energy conservation programs.
Ayres et al. (2013) also use the Opower home energy reports to examine their effects on the customers of two
utilities (170,000 American households). Their studies confirm the findings in other studies using this data, namely
that peer comparison feedback reduces residential energy usage.
From this extensive literature on consumption effects of feedback and social comparison, it is not only clear
that treatment effects vary across studies, but also many studies find heterogeneous treatments within their samples.
In particular, pre-treatment consumption levels appear to be important. Allcott (2011) finds that treated households
in the highest pre-treatment consumption decile achieved an average energy conservation resulting in the
considered nudge of 6.3%, whereas those in the lowest pre-treatment consumption decile conserved only 0.3%,
with the baseline consumption ranging from 19 to 60 kWh per day. The average electricity savings found in
Schleich et al. (2013) were only significant for the 30th-70th consumption percentile. Allcott and Kessler (2019)
find that while most participants appreciated receiving the home energy reports, 34% still have a weakly negative
willingness to pay for receiving the report. More generally, in their encompassing literature review of studies on
nudges and energy conservation, Ayres et al. (2013) note that the effect of social comparison feedback was
strongest in households with the highest energy consumption.
Hence, while the findings from the existing literature suggest that consumption feedback and social comparison
can indeed serve to reduce household energy consumption, the strong variance of effect sizes points to the contextdependent nature of the hypothesized mechanisms. In particular, previous results offer reasons to suspect that
consumption feedback is particularly effective in high consumption contexts as there are many remaining
opportunities for saving energy. Once the low-hanging fruit has been picked, the consumption-lowering potential
within a household is likely to taper off. Consequently, when conducting a field experiment in Germany – where,
according to World Bank data1, electricity consumption per person is about half of the US value – we expect to
find a lower treatment effect than those based on North-American samples.
3.
a.

Quantitative Analysis
General properties of the experiment

Our app-based field experiment investigates the effects of non-monetary incentives (“nudges”) on energy
conservation, where we recruited participants from the customer pool of local utility companies. The usual
electricity billing procedure requires customers to pay a lump sum monthly rate calculated based on their prior
consumption, in addition to a premium for potentially increasing consumption. These payments are balanced with
the actual consumption at the end of the year, after which the rate might be adjusted for the next billing cycle. This
is by far the most common billing procedure in Germany.
Our experiment manipulates this procedure by having subjects self-report their monthly energy consumption
(meter reading) and billing them accordingly. A smartphone app – programmed for the purpose of the experiment
only – represents a suitable instrument to implement this alternative billing design. Thus, subjects become aware
of their actual consumption and receive monthly feedback on their energy usage over time (see figure 1).

1
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Figure 1. Billing app design

Note: On the left, the screen for entering monthly consumption is shown. Here, customers entered the date and their meter reading. They are
informed that meter readings will be projected onto the last day of the month. On the right, the billing screen is shown. Here, customers are
informed about their consumption in kWh and the resulting payment that is due. Furthermore, they received information about all of their
meter readings, their monthly base payment and the cost per kWh. The banner on the top of both screens depicts the respective corporate
design of the respective customer’s supplier.

One of the treatment groups received additional information on how their consumption fared compared with
the average consumption of participating households of equal size. In order to strengthen this feature and
distinguish the two treatment groups, this group also received explicit feedback (thumbs up or thumps down)
depending on whether their consumption was above or below that of comparable households.
We introduce a control group of participants registering for the study who received no alternative invoice, but
rather continued to pay the monthly lump sum charge based on last year’s electricity consumption. Their interface
only displayed a countdown stating when all app features would be available to them.
The experiment was carried out in two phases. During phase 1, the participants were randomly assigned to one
of our treatment conditions and the control group. During phase 2, all participants were able to use all features of
the app. The latter allows us to analyze treatment effects based on a differences-in-differences regression and
investigate longer-term effects. Furthermore, this design choice reflects an attempt to avoid dissatisfying the
customers in the control group by excluding them from the benefits and features of the app. However, our primary
analysis refers to the between-subject comparison of phase 1 of the experiment. Table 1 summarizes the treatment
conditions, phases and number of participants.
Table 1. Treatment overview

T_0
T_1
T_2

Phase 1
App
yes
yes
yes

Feedback*
no
yes
yes

Social**
no
no
yes

App
yes
yes
yes

Feedback
yes
yes
yes

Phase 2
Social
Yes
Yes
Yes

Note: T_0, T_1 and T_2 denote the control group, treatment group 1 and treatment group 2.
* ‘Feedback’ refers to monthly feedback on consumption.
** ‘ Social‘ refers to the comparison of participants’ own consumption with that of similar households (same number if household members).
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b.

Procedure

The field experiment was developed in cooperation with six local energy suppliers, two of which actively
participated in the experiment itself and enabled their customers to participate. In order to set up the experiment,
a number of technical and organizational issues had to be resolved. In particular, it was necessary to harmonize
the app-based billing procedure of our experiment with the suppliers’ accounting system and customer support
was established for the participants of the experiment. The overall billing procedure was designed in a way that
conforms with German legal electricity billing requirements.
In May 2017, we invited 10,000 customers from energy supplier #1 and 2,000 from #2 to participate via a letter
by mail.2 The letter provided customers with a download link and log-in information (see invitation letter in
appendix A). The log-in information referred to a unique identifier for each customer that is used by the supplier.
Thus, by logging in, each registered customer could be identified and moved to the app-based payment scheme.
The invitation letter contained minimal information regarding the experiment to avoid influencing participant
behavior, e.g. through a demand effect by hinting at energy conservation. It succinctly stated that the study planned
to investigate electricity consumption in private households. In order to encourage participation, the invitation
letter emphasized the novel aspect of the study, namely the use of the smartphone application to transmit electricity
meter readings. As mentioned above, using apps for this purpose is – apart from a few exceptions – not practiced
in Germany.
In order to register for the study, the participants provided the following information in a short questionnaire:
age, household size (including number of children), education, dwelling size (number of rooms and square meters),
whether they are owners or tenants, whether they have electrical heating, how they think they compare with others
in terms of electricity consumption, and whether they would like to consume less electricity. Finally, the
participants were asked to respond to statements regarding their interest in technological developments.
Moreover, during the registration, the participants also entered an initial meter reading at the end of May 2017
and received an invoice prior to the start of the experiment that balanced their account from January to May 2017.
Accordingly, all participants started with a clean sheet and the treatment groups received the first alternative
monthly billing via the app at the end of June 2017. From this point onwards, invoices were available through the
app and the subjects were informed by a push notification that they could access their invoice information. All
monthly invoices were stored in an archive and available to participants.
Please note that for the last month in phase 1 – i.e. December – we use the customary end-year meter readings
for all participants. This is fortunate, as we are able to reconstruct the consumption over the treatment period
(beginning of June to end of December) for all initial participants and hence circumvent problems that would have
otherwise arisen due to sample attrition. Furthermore, participant readings or entries might be incorrect, which we
could thus identify by comparing their own readings with the official reading. Finally. this procedure also allows
us to exclude lengthy technical information from the monthly bills via the app that are required by law, as this
information is given by the final invoice at the end of the year.
At the end of phase 1, we conducted a survey via the app, collecting information on the number of days that
they were absent from their dwelling during the treatment period, whether their electricity consumption changed
during the treatment period and – if so – whether their quality of life had been affected, a number of questions to
assess their price sensitivity (e.g. income level, changes of energy offers/suppliers over time) and preferences for
the environment (e.g. whether they have donated money to environmental organizations and whether they are
concerned with different negative events including climate change).
From January 2018 onwards, all participants were able to use all features of the app, i.e. they were billed
monthly according to their meter readings and were shown the social comparison. The experiment ended in May
2018 and the app was deactivated. To inform them of this, participants were sent a letter with a thank-you note in
advance.
c.

Design specifics

In order to guarantee a high quality of our data, participants not entering their monthly meter reading twice
were excluded from the study and reassigned to the traditional non-app-based billing procedure with monthly lump
sum payments. As a result, we excluded 35 and 25 participants of T_1 and T_2, respectively. If participants failed
to report their reading once, their consumption was assumed to be equal to the previous month and they were billed
accordingly. In order to prevent participants from dropping out due to temporary absence from their home, they
were able to enter their meter readings within a certain time period, namely from three days prior to until three
days after the last day of each month. They were informed by a push notification when their meter reading was
due. Given that not all meter readings were conducted on the last day of the month, we corrected the reported
2

Commercial customers, customers with a history of unpaid bills and other unusual cases – like customers only relying on electricity to heat
their houses, who are charged at a special rate – were not invited.
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consumption, which may – for example – be based on a 27-day consumption period to a full month. In order to
calculate the averages for the social comparison treatment, we relied upon averages conditional on household size,
i.e. the number of persons in each dwelling.
Furthermore, in order to encourage participants to remain in the study, a monthly lottery was established, in
which five individuals would win 100 Euros. Again, a push notification informed subjects about the lottery and
whether they had won or not, after which winning participants received the money by bank transfer. The subjects
were (truthfully) informed that the probability of winning the lottery was independent of their electricity
consumption.
The app was programmed and supervised by a third-party service provider, who collaborated closely with the
energy suppliers to guarantee an efficient data transfer. The design of the app was developed to adhere to
experimental economics standards, whereby it was kept plain and simple. We integrated the corporate design of
the suppliers to induce trust regarding the handling of personal information and payments through the app. In order
to further enhance trust, the research nature of the enterprise was emphasized. Hence, the app – presented in the
Apple and Google Play Store – was named “University of Göttingen energy app”. The programming of the app
and the rewards from the lottery where financed by contributions from all six energy suppliers.
d.

Sample size and sample attrition

As can be seen in table 2, not all individuals who signed up for the experiment in May 2017 entered their
electricity meter information at the end of the first month of the experiment. Of course, none of the participants in
the control groups were permitted to do so. After that, the number of participants who entered their meter readings
remained relatively stable in both treatment groups over the six-month phase 1 treatment period. In fact, the number
of meter readings slightly increases in the fall as individuals are less likely to be absent due to vacations. There is
a higher number of meter readings in December as the utility company provided us with meter readings based on
the end-of-year invoice for all remaining participants. These end-of-year meter readings were particularly
important in the case of control group participants, most of whom had deleted the app at this point because they
were not permitted to use any of its interesting features.
Participation declined at the beginning of phase 2, after participants had received a letter thanking them for their
participation and informing control group individuals that they were now able to use all app features. As expected,
the majority of control group participants were no longer interested in the experiment, as they had not been
permitted to use the full functionality of the app during phase 1. Nevertheless, as previously stated, we obtained
the meter data for most control group individuals for December 2016 and 2017 from the energy suppliers, thus
allowing us to compute their electricity consumption during phase 0 and phase 1.
In May 2017, prior to the start of the experiment, there were 138, 150 and 146 participants in T_0, T_1 and
T_2, respectively. Of those individuals, we have meter readings for 90, 85 and 100 participants, respectively for
December 2016 to compare pre-experiment consumption levels across groups for the period from January to May
2016 (phase 0). At the end of phase 1, in December 2017, there were 138, 115 and 121 participants in each group.
While the sample size is small compared with the large intervention studies referred to in part 2 of this paper, it is
not insignificant seen in light of the entire literature on consumption feedback, given that many field experiments
contain no more than 10-50 households, which are again often divided into sub-groups (Fischer, 2008).
Table 2. Number of participants with meter readings (by treatment group over time)
2016
2017
(phase 0, pre-experiment)
Dec
May
0
1
T_0
90
138
T_1
85
150
T_2
100
146

2017
(phase 1)
June
2
109
108

3

4

111 114
112 110

5

2018
(phase 2)
6

7

114 114 118
112 116 113

Dec
8
138
115
121

9
31
91
90

10
31
91
90

11
31
91
91

12
31
91
91

May
13
31
91
91

Note: The number of participants in December 2017 includes individuals who failed to enter their meter readings via the app for that month
but who remain in the sample. The utilities provided meter information for these participants based on the end-of-year invoice 2017. There
are 35 and 25 individuals in T_1 and T_2, respectively who failed to enter their monthly meter readings more than once in phase 1. These
individuals have been excluded from the sample. We obtained a number of meter readings for December 2016 from the end-of-year invoice
of that year. However, for various reasons we could not obtain this information for all participants (e.g. some of them may have had a
different meter number or they may not yet have been customers of the utility company).
*The

May columns contain all individuals who initially signed up for the experiment.
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e.

Empirical methods

First, we compare mean consumption values between T_0 and T_1, in addition to T_0 and T2 by applying
simple t-tests. Second, we perform an ordinary least squares regression (OLS) analysis, which allows us to include
a number of control variables. In the OLS specification, we use cross-section data covering phase 1 only. Finally,
we run difference-in-differences (DiD) specifications. Since the utility companies also supplied us with the official
meter readings of the participants in December 2016, our data contains meter readings (and therefore consumption
values) from the pre- and post-treatment period and we can use DiD to allow for time-invariant unobserved
heterogeneity across groups. This ensures that our results are not biased by less-than-perfect randomization.
The first DiD specification covers two time periods for each participant – phase 0 and phase 1 – and has the
following functional form:

Consumptionit = α + β1 T_1 it + β2 Post it + β3 (T_1 it × Post it )
+γ1 T_2 it + γ2 Post it + γ3 (𝑇2 it × Post it ) + πXit + εit
where the dummy variables ‘T_1’ and ‘T_2’ are equal to one if the participant is assigned to the first or second
treatment group, respectively, and zero otherwise. The dummy variable ‘Post’ is equal to one if the observation
belongs to the treatment period in phase 1 and zero otherwise (phase 0). All data from phase 2 has been excluded
for the purpose of this first DiD analysis. The coefficient for the interaction term ‘T_1’ and ‘Post’ captures the
treatment effect (also T_2 and Post). The vector X contains a number of control variables, such as household size,
number of rooms, and the level of education. Education is measured as a set of dummy variables, where having
obtained a vocational training degree serves as the reference category.
In the same manner, we can perform a second DiD specification by comparing phase 1 vis-à-vis phase 2. All
data from phase 0 has been eliminated for this second DiD analysis. In phase 1, T_1 and T_2 received treatment
and T_0 did not. However, in phase 2 T_0 also receives treatment. Thus, in this second DiD specification T_1/T_2
serve as the control group and T_0 serves as the treatment group. As there are only 32 individuals in T_0 who
actively participated until the end of phase 2, the treatment group is somewhat smaller in this specification.

4.
a.

Results
Estimates obtained

Table 3 displays various descriptive statistics by treatment group to evaluate the existence of systematic
differences between the treatment and control groups. Generally, the presented statistics are similar across the
groups, although apartment sizes are somewhat larger in T_0 than in T_1 and T_2. In addition, the share of
individuals strongly concerned about the environment and those interested in technological developments is larger
in T_1 than in both T_0 and T_2. Consequently, we control for these observable characteristics when we run
regressions.
The lower panel of table 3 displays total electricity consumption by group and experimental phase. During
phase 1, control group consumption (1085.5 kWh) lies between consumption in T_1 (950.8 kWh) and T_2 (1128.1
kWh). In phase 1, control group consumption is actually lower (1408 kWh) than consumption in T_1 (1440 kWh)
and T_2 (1458 kWh). Finally, in phase 2, the consumption in T_0 is equal to 1112 kWh, whereas consumption in
T_1 equals 1100.7 kWh and T_2 consumptions equals 1171.4 kWh.
The t-tests do not detect statistically significant differences in mean consumption across groups in phase 1 (nor
phase 0/ phase 2). Based on these descriptive results, it is unlikely that the treatment affects consumption. Note
that phase 1 last seven months, while the pre-treatment period and phase 2 last two to five months, which explains
the level differences between periods.

8

Table 3. Statistics by treatment group
T_0
52.04
32.11
0.41
0.78
114.93
69.61
46.27%
50
18.01%
38
52.85
49.9
89.45
30.73
137

T_1
51.22
15.45
0.35
0.76
105.37
47.78
44.56%
50
25.82%
44
51.75
49.98
94.33
23.13
115

T_2
50.23
15.10
0.45
0.76
107.81
44.36
45.26%
50
18.83%
39
52.53
49.95
89.48
30.69
121

Phase 0 (January - May, 2017)
Standard deviation
t-test for mean differences
p-value
N
Phase 1 (June - December , 2017)
Standard deviation
t-test for mean difference vis-à-vis T_0
p-value

1085.5
651.0

950.8
680.5
Not significant
0.17
85

1128.1
540.5
Not significant
0.62
90

1408.3
792.1

1440.2
717.3
Not significant
0.73

1458.1
703.5
Not significant
0.59

N
Phase 2 ( January - May, 2018)
Standard deviation
t-test for mean difference vis-à-vis T_0
p-value
N

137
1112.1
589.9

115
1100.7
560.9

121
1171.4
580.0

32

Not significant
0.92
91

Not significant
0.62
91

Age
Standard deviation
#Children
Standard deviation
Apartment (m2)
Standard deviation
University degree
Standard deviation
Very concerned about environment
Standard deviation
Owner
Standard deviation
Interested in techn. developments
Standard deviation
N
Consumption (kWh)

100

Table 4 displays the OLS results. There is no evidence of a treatment effect in T_1 or T_2 as the coefficients
are positive but not significantly different from zero. Estimated coefficients for all the control variables coefficients
have the expected sign. The number of rooms as well as the number of people living in the household are positively
associated with electricity consumption, increasing consumption by 109.9 and 304 kWh per increment,
respectively. Similarly, university graduates consume 208.5 kWh less than people in the vocational training
category, whereas all other educational categories are not significantly different from the comparison group.
There is evidence for the existence of the owner/tenant dilemma as the coefficient for the owner dummy variable
is negative and statistically significant. This should nevertheless be interpreted with caution, as tenants pay (either
directly or indirectly over additional costs related to heating, lighting and services) for their electricity
consumption. However, due to the shorter dwelling time, tenants’ incentives to invest in more energy-efficient
appliances are lower.
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Table 4. OLS regression (cross section, phase 1)
Dep. Var.
T_1
T_2
University graduation
University of applied sciences
Advanced voc. training / Technician
training
No occupational training
Other
#Rooms
Household size
Owner
Interested in technological
developments
Constant
Observations
r2

Consumption
63.33
(0.348)
9.261
(0.903)
-208.5***
(0.005)
22.38
(0.786)
-0.309
(0.997)
-76.18
(0.698)
71.51
(0.663)
109.9***
(0.001)
304.0***
(0.000)
-267.0***
(0.000)
-31.48
(0.721)
765.9***
(0.000)
372
0.443

Note: P-values in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
Robust standard errors have been specified.

Table 5 displays the results of the first DiD specification, where we focus on phase 0 and phase 1. Again, there
is no evidence in favor of a negative relationship between treatment and electricity consumption. The interaction
term between T_1 and the ‘Post’ dummy is equal to 17.42 but not statistically significant. The interaction term
between T_2 and the ‘Post’ dummy is equal to 30.72, and again not statistically significant. Control variable
coefficients and levels of significance are of similar magnitude as in the OLS regression. Table 5 also displays the
results of the second DiD specification, where we focus on phase 1 and phase 2, estimating the treatment effect
after T_0 switches from receiving no treatment to receiving treatment. Again, there is no evidence of an effect.
The interaction term coefficient (T_0 and ‘Post’) is equal to -16.73 but statistically insignificant.
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Table 5. Difference-in-differences regression (panel data)

Treatment (a)
Post
Treatment (a) x Post
Treatment (b)
Treatment (b) x Post
University graduation
University of applied sciences
Advanced voc. training / Technician
training
No occupational training
Other
# Rooms
Household size
Owner
Interested in technological
developments
Constant
Observations

(1)
Phase 0 & 1
47.47
(0.370)
287.1***
(0.000)
17.42
(0.641)
-7.636
(0.895)
30.72
(0.473)
-189.0***
(0.004)
3.232
(0.966)
-7.930

(2)
Phase 1 & 2
-44.49
(0.473)
-347.6***
(0.000)
-16.73
(0.711)

(0.920)
-98.40
(0.570)
76.67
(0.583)
106.3***
(0.000)
281.8***
(0.000)
-259.9***
(0.000)
-29.37

(0.834)
-99.18
(0.566)
60.78
(0.693)
92.09***
(0.004)
284.3***
(0.000)
-252.0***
(0.000)
-49.14

(0.711)
519.9***
(0.008)
619

(0.549)
914.6***
(0.000)
586

-203.5***
(0.002)
10.37
(0.892)
-17.02

Note: In specification (1), treatment (a) refers to T_1and treatment (b) refers to T_1. In specification (2), treatment (a) refers to T_0.
P-values in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
Robust standard errors have been specified.

b.

Discussion

Our study thus echoes those existing studies that cast doubt on the efficiency of behavioral interventions in the
field of home energy use. In order to gain a better understanding of the possible reasons for why we find no
significant treatment effect, it is useful to look at how the literature explains the large variance in treatment effects
found in this field of study.
According to Fischer (2008), the determining factor is the design of the nudge itself. Consumption feedback is
most efficient when it is frequent, involves interaction and choice for households, includes a breakdown of
consumption by appliances, is given over a long period and is presented in an understanding and appealing way.
Regarding the latter, Herrmann et al. (2017) find that people experience home energy data as being difficult to
understand and link to everyday behaviors. Table 6 assesses our nudge according to Fischer’s (2008) criteria for
nudge effectiveness. Overall, we find that our nudge sufficiently fulfills the criteria and we reject the notion that
our nudge was simply not sufficiently strong to produce any behavioral changes.
Regarding frequency, our nudge took place once a month, which is a large increase compared with the pretreatment situation in which the participants only received information about their electricity consumption once a
year. Regarding consumer-interaction, the design of the nudge meant that consumers not only passively received
a bill, but they also had to go to their meters once a month and type the new reading into the application. However,
consumer choice was more limited: although receiving the nudge was voluntary, once consumers opted in they
were unable to influence the design of the nudge.
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Our nudge scores low on the criterion of information specificity, as the households only received information
about their total consumption and were not informed regarding which appliances/behaviors generated the highest
costs. By contrast, the nudge was put in place for a year, which is longer than most other studies in the literature3.
Finally, the nudge was presented in an innovative way to consumers through the use of an electricity billing
application, which is a novelty in the German context. Fischer (2008) highlighted that computerized nudges appear
particularly effective.
Table 6. Assessment of the nudge according to Fischer’s criteria
Criteria

Frequent
feedback

Interaction

Choice

Study design Once per month

Consumers
type in meter
reading

Voluntary
Total electricity 12 months
participation, consumption
predetermined
nudge

Smartphone
application

Fulfillment

+

+/-

+

+/-

Consumption
by appliance

-

Time
period

+

Design

Delmas et al. (2013) state that the variation in effects seen across field experiments on home energy use is due
to differences in methodological quality. More specifically, they find that studies of the highest methodological
quality (studies with a control group as well as weather and demographic controls) obtain the smallest effect sizes.
Our study can be said to belong to this group, given that we randomly assigned participants.
As highlighted in the introduction, several studies find heterogeneous treatment effects, with the effects being
stronger among households with higher pre-treatment consumption levels. In the background chapter, we noted
the interesting fact that in a similar field experiment consumption feedback reduced consumption among Finnish
households by 1-1.5% whereas among Norwegians it was reduced by 10%. In their evaluation of the Norwegian
case, Wilhite and Ling (1995, p. 145) highlight that “there is ample evidence of excessive energy use and wasteful
energy-use behaviour in Norwegian households”.
To explain our results, it is therefore interesting to know the consumption level of our treatment group compared
with that of other studies. In our sample, the average daily household electricity consumption in the pre-treatment
period was about 7 kWh, during phase 1 it was about 6 kWh and in phase 2 it was about 8 kWh. By comparison,
the US sample in Allcott (2011) consumed on average 19 to 60 kWh per day. For the external validity of our results
and hence their policy relevance, we compare our in-sample consumption with that of the whole German
population, which was 9 kWh in 2017.4 We thus conclude that our sample in this regard is representative for
Germany.
Cross-country variations in electricity consumption not only arise from differences in behavior; moreover,
differences in the energy-mix also play an important role. In the case of Germany, more than 70% of total
household energy use is devoted to heating, which is mostly generated from gas and oil. Electricity is only used
for heating to a very small degree, whereby one might expect that the use of electricity in Germany is low compared
with other countries. Indeed, official data confirms this: according to the World Bank, the annual electricity
consumption per capita in Germany in 2014 was equal to about 7,000 kWh, whereas in the US this figure was
equal to roughly 13,000 kWh.5
Given these differences in consumption levels, we should not be surprised to find different consumption
changes in response to behavioral treatments across countries, with very low treatment effects in Germany. This
conclusion is in line with the findings of Dünnhoff and Duscha’s (2007) field experiment in the city of Heidelberg.
The authors explain their non-significant treatment effect by the short-term nature of their nudge (Fischer, 2008).
In light of the findings of the present study, an interpretation in terms of prior consumption levels is more likely,
where the potential for picking low-hanging fruit is greater when electricity consumption is high.

3

The maximum intervention time is often 4-6 weeks, Fischer (2008).
Own calculations based on a collection of energy-data published by the German Federal Ministry for Economic Affairs and Energy. Online
(download 31.05.2019): https://www.bmwi.de/Redaktion/DE/Binaer/Energiedaten/energiedaten-gesamt-xls.xls
5
https://data.worldbank.org
4
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5.

Conclusion

This study provides evidence against the universal effectiveness of behavioral nudges on energy consumption.
In particular, we show that increased consumption feedback and consumption feedback combined with a social
comparison of consumption values does not reduce the electricity use in a sample of German households. As such,
although the German billing system has strong scope for improvement in terms of the information delivered to
customers, introducing nudges does not appear to be a fruitful climate policy measure.
Our conclusions are related to Gillingham et al. (2009), who acknowledge the raison d’être of behavioral nudges
yet deny their practical usefulness for policy purposes. In a similar vein, Loewenstein and Ubel (2017) cautioned
against relying on behavioral nudging as a policy tool due to the small energy savings that they cause. Our findings
suggest that nudges are not always effective climate policy tools, at least in contexts where energy consumption is
relatively low. Thus, governments should be cautious in their widespread implementation of behavioral nudges.
As Andor and Fels (2018) mention, an interesting idea is therefore to use limited-scope policy experimentation
before a general implementation. Our results provide additional evidence that such a more cautious, piece-meal
policy approach is warranted.
However, Fischer (2008) highlight that the household sector has the fastest-growing end energy consumption
in Germany and electricity consumption is the largest contributor to this trend. Hence, the efficacy of energy
conservation measures – including nudges – may increase in the future. It is also important to emphasize that the
effects of including a behavior nudge in e.g. the gas bill in Germany – which contains most of the households
heating expenses – remains unknown and is left for future research. Finally, irrespective of the effects on total
consumption, there may be other reasons to provide German consumers with more information about their energy
consumption and its price, such as increasing demand flexibility, which reduces peak loads in the electricity
distribution net and thus infrastructure costs.
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Annex: Invitation letter
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[English translation]

Stadtwerke Goettingen and the university of Goettingen are starting an innovative study.
Be part of it and test the new UniGöEnergieApp!
Dear Mr./Mrs./Ms. Xxx
Do you use a smartphone? Then test the new UniGöEnergieApp and get the opportunity to win cash every month.
Together with the university of Goettingen, we are starting a one year scientific study on household electricity use
on the 1st of June 2017. By participating you will use the free UniGöEnergieApp to easily and regularly record
your electricity meter. In this way, you pay every month only for your actual consumption und have a complete
overview of your electricity costs. This saves you possible additional payments in the future.
Your consumption information gathered via the App are stored within a closed, anonymized data system. They
will only be used in connection with the scientific study conducted together with the university of Goettingen.
Among all participants in the study, we lot out 5 times 100 euro monthly as a ‘thank you’ for helping us and the
university of Goettingen to follow innovative paths.
Curious? Then do download the UniGöEnergieApp before the 31th of May either in App- or in Google Playstore.
To register, please use:
Customer number Stadtwerke Göttingen: xxx
Registration code for the study: yyy
Following your registration, you will receive detailed information about the study via the App. Thank you for
participating, welcome in our innovative team and good luck for the monthly lotteries!

