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A B S T R A C T   

Field experiments have shown that information nudging can help households to save energy, however, the 
effectiveness varies depending on aspects such as information content, delivery mode and study area. This article 
evaluates the impacts of information nudges on residential electricity consumption with a randomized field 
experiment. This opt-in experiment was conducted in Finland. Information was administered via monthly email 
newsletters and an online energy service platform. The aim is to find out whether i) energy saving tips combined 
with and without online energy service platform providing electricity consumption information, and ii) peer 
comparisons (i.e., social norm) influence households’ electricity consumption. The results show a high seasonal 
variation in the treatment effects within the groups who were registered users of the online energy service 
platform. Those with access to usage feedback and versatile energy savings tips (without the social norm com-
parisons) reduced their electricity consumption around 10% in wintertime. The results imply challenges in 
encouraging energy saving behavior among households less interested in following their electricity consumption.   

1. Introduction 

Electricity remains a relatively poorly understood area of spending 
among households (Brounen et al., 2013; Ruokamo et al., 2019), and 
thus, households are likely to miss out on potential energy savings. 
Meanwhile, successful field trials have shown the potential of behavioral 
interventions and nudging to induce electricity saving among house-
holds (see, e.g., Allcott, 2011; Aydin et al., 2018; Byrne et al., 2018). 

Electricity consumption is an interesting application for nudging. 
The aim of nudging is to alter behavior without prohibiting alternatives 
or significantly changing economic incentives (Thaler and Sunstein, 
2008). As a consumption decision, electricity consumption is chal-
lenging because household uses electricity indirectly when utilizing 
various devices (e.g., television, lighting) and services (e.g., heating). 
The electricity itself is invisible to the end user and it is hard to estimate 

the consumption of different devices (Lesic et al., 2018) and similarly 
the costs. This study employs informational nudges that aim to make the 
effects of electricity consumption choices more visible to households and 
make the energy conservation easier. In addition, a social norm nudge is 
utilized to inform households of others’ electricity consumption with 
respect to their own. 

Generally, informational nudges include feedback, personalized 
advice and energy saving tips (Buckley, 2020). Usage and/or price in-
formation makes electricity costs more salient that, in turn, should guide 
consumers to change the level of their consumption. Sharing energy 
saving tips aims to influence household consumption behavior by 
lowering the threshold for energy saving measures and increasing 
knowledge of available solutions. The underlying assumption is that a 
lack of information can lead to sub-optimal consumption behavior. The 
idea of a social norm nudge based on peer comparisons is that consumers 
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seek to shape their consumption towards a more socially acceptable 
direction. 

This study evaluates the effectiveness of information nudges on 
residential electricity consumption in a cold climate location where 
electric heating is widely used. Finland is different from most of the 
previously studied areas due to its northern location and being a part of 
the Nordic energy market with 100% smart meter deployment.1 The 
majority of previous studies have been conducted in the UK and USA, 
but there are also many studies from e.g., Japan and Netherlands 
(Buckley, 2020) that all have warmer climate than Finland. Typically, 
the winter begins in Finland in November and the mean temperature 
remains below zero Celsius degrees until the end of March (Finnish 
Meteorological Institute, 2021). Furthermore, Andor et al. (2020) 
demonstrate that the effects of similar information nudges may differ 
between countries and contexts,2 in turn, implying the importance of 
country and context-specific investigation. 

With a randomized field experiment, this study investigates whether 
i) email energy saving tip newsletters combined with and without usage 
of an online energy service platform providing electricity consumption 
information, and ii) a provision of comparative electricity consumption 
information (i.e., social norm) influence households’ electricity con-
sumption. Randomized field experiment (RFE) enables accurate impact 
analyses of the examined information nudges. In RFE, the target popu-
lation is randomly divided to treatment and control groups. The 
randomization ensures that the observed differences in the electricity 
consumption between groups are specifically due to the exposure of the 
studied treatment. 

This study contributes to the existing literature in the following 
ways. First, the experiment employs emails and an online service as 
delivery methods for the information steering, solutions which are 
highly scalable and not as extensively studied (Bird and Legault, 2018). 
Second, the experimental setting of the study allows for analyzing 
treatment effects between users and non-users of an online energy ser-
vice platform. The previous research is limited on how the voluntary 
usage of an already existing online electricity consumption monitoring 
service is linked with the efficacy of the energy saving tips (see Section 
2). In addition, no RFEs on information nudges on electricity use have 
been conducted in Finland before, and generally, we lack knowledge on 
the topic in the distinct Nordic climate conditions with high seasonal 
variation in electricity consumption (see recent study from Kažukauskas 
et al. (2020) for Sweden). The study findings are particularly relevant for 
regions with long and cold winters where behavioral changes during 
high electricity consumption periods can result in significant electricity 
savings. 

Overall, the findings of this study imply that email delivered energy 
saving tips reduce electricity consumption of households who are 
involved in following their electricity consumption via an online service. 
Among such households there is a clear variation in the treatment effects 
between months with wintertime particularly showing good results. On 
the other hand, the findings demonstrate that households with less in-
terest in following their electricity consumption do not respond to the 
energy saving tips. Similar observations about the linkages between 
monitoring and nudge efficacy is made by Aydin et al. (2018), whereas 
Kažukauskas et al. (2020) show similar evidence related to seasonal 
differences in the treatment effects. Furthermore, the findings indicate 

that peer comparisons decrease electricity consumption only when 
combined with energy saving tips. Contrary to this, De Dominicis et al. 
(2019) and Dolan and Metcalfe (2015) find peer-to-peer comparisons to 
work relatively well. 

The remaining article is organized as follows. Section 2 overviews 
the existing literature relevant to this study. The experiment design, data 
and modeling approach are described in Section 3. Section 4 presents the 
results and Section 5 continues with discussion. Section 6 concludes the 
article with policy implications. 

2. Literature 

This section focuses on previous experiments with non-price in-
terventions as well as results on settings which were selected on the basis 
of their relevance to the RFE study conducted here. More precisely, the 
studies presented in this section cover the effects of general saving tips, 
social norm and the effects of the chosen delivery method. 

Generally, the literature suggests that information nudging can 
induce changes in energy consumption behavior, but there is a clear 
variation in the magnitude of the estimated effects between different 
studies (Andor et al., 2020; Carroll et al., 2014; Houde et al., 2013; Kua 
and Wong, 2012; Gans et al., 2013; Gleerup et al., 2010; Schleich et al., 
2013) with more robust results showing average savings from 2% to 4% 
(Buckley, 2020; Delmas et al., 2013). There are many possible reasons 
for the varying results. For example, the studies have used different 
types of nudges and information delivery methods. Some studies have 
used home energy reports (e.g., Allcott, 2011; Andor et al., 2020) for 
feedback, some had in-home displays installed (e.g., De Dominicis et al., 
2019; Kažukauskas et al., 2020), whereas others relied on other chan-
nels, such as text messaging (e.g., Gleerup et al., 2010). Moreover, ex-
periments have had varying target groups and locations as well as 
sample sizes and analysis methods that make it difficult to properly 
identify the sources of the differences. Studies of higher quality utilizing 
more controls (i.e., control groups, demographic information, and 
weather variables) in the analysis have generally found smaller treat-
ment effects (Delmas et al., 2013). 

In addition to the size and direction of the effects, it is also important 
to understand how fast and long the nudges work. It has been found that 
peer comparisons can cause a reduction in energy consumption rela-
tively quickly (Dolan and Metcalfe, 2015) and some studies have found 
the effects to be surprisingly long-lasting and continuous over the 
duration of intervention (Ayres et al., 2013; Allcott and Rogers, 2014; 
Dolan and Metcalfe, 2015). On the other hand, studies have also found 
that the nudge effects are not permanent after the end of the interven-
tion, disappearing for the most part within a month (see e.g., Brandon 
et al., 2017). Overall, studies have yielded mixed results on long-term 
effects of information nudges (Andor and Fels, 2018). 

The nudges examined in this study include general energy saving tips 
and peer comparisons. In other experiments the interventions have often 
mixed general tips, consumption information and social norm compo-
nents (Andor and Fels, 2018). Social norm in these settings has been 
found to affect household electricity consumption in several different 
studies: either in energy reports combined with conservation tips (All-
cott, 2011), or via real-time displays (Kažukauskas et al., 2020; Schultz 
et al., 2015). Studies on the large-scale intervention by Opower in the US 
agree on an average reduction in energy use of around 2% (Allcott, 
2011; Ayres et al., 2013), but even higher reductions between 6% and 
7% have been found (Dolan and Metcalfe, 2015; Kažukauskas et al., 
2020). Studies looking at social norm, in the form of peer comparisons, 
and with a setting isolating its effect have found it to be effective (De 
Dominicis et al., 2019; Dolan and Metcalfe, 2015; Ayres et al., 2013). 
There are also potential risks and problems in utilizing social norms. One 
noteworthy problem is the so-called “boomerang effect”, in which 
low-consumption households increase their consumption closer to the 
average when receiving peer-to-peer data (Byrne et al., 2018). The 
boomerang effect can be mitigated by using message elements that 

1 The residential electricity consumption covers just over a quarter of the 
total electricity consumption in Finland (OSF, 2020a, b).  

2 Andor et al. (2020) suggest that the effects of similar information nudges 
can differ between countries (here US and Germany) due to different electricity 
metering aspects (quarterly vs. annual metering) and different overall elec-
tricity consumption levels among households (lower baseline consumption in 
Germany than in the US). Thus, the effects of information nudging in Finland 
may differ to other countries, because of hourly smart metering of electricity 
consumption and high electricity consumption levels. 
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support good behavior (e.g., emoticons in home energy reports) for 
those households that consume less than average (Schultz et al., 2007). 

Previous studies have often had some sort of component of giving 
feedback with tips on how to save energy. The evidence in the literature 
on the effectiveness of energy saving tips is both for (Allcott, 2011; 
Aydin et al., 2018) and against (Buckley, 2020). Aydin et al. (2018) 
found that households that tried energy saving tips and actively moni-
tored their consumption were more likely than others to reduce their 
consumption. According to a meta-analysis of Buckley (2020), giving 
general energy-saving tips could also lead to increased electricity con-
sumption. The reason for this may be, for example, a reaction when the 
recipient of the guidance finds the received tips restrictive or patron-
izing. Externally issued general guidelines can also supersede other 
more effective motives for energy saving that already exist. Overall, it 
has been found that personalized and targeted energy saving tips work 
better than general tips (Buckley, 2020). 

This study uses both email and online portals to provide information 
and feedback, with already existing user base of the online service. 
Previous literature has shown that the method of delivery has an impact 
on the effectiveness of nudge, but no clear recommendation can be 
identified from the literature as the most effective channel to approach 
households. Studies have found that emails and separate in-home dis-
plays produce stronger treatment effects than letters (Andor and Fels, 
2018). As one example of a study also looking at an online web portal, 
Schleich et al. (2013) found no significant difference when compared to 
delivery by post. Other studies have found that email is less effective in 
conveying the impact of a social norm (Dolan and Metcalfe, 2015). 
Study location can also impact the effectiveness of the delivery mode. 
For instance, online-based feedback solutions have worked well in the 
Nordic countries (Gleerup et al., 2010; Vassileva et al., 2012). The 
scalability of online delivery methods like emails and web portals makes 
them interesting options for interventions and nudges. Online methods 
might prove even more important in the future as we move towards 
smart grids. When using online services (web portals or apps) the cost for 
the household is also significantly lower compared to having e.g., 
in-home-displays installed and maintained. This study contributes to the 
research on the effect of different mediums of feedback also, as studies 
looking at online portals and services have not been as common (Andor 
and Fels, 2018). 

The efficacy and viability of given nudges are linked with the char-
acteristics and consumption patterns of treated households. For 
example, Aydin et al. (2018) show for Netherlands that energy saving is 
concentrated more outside the hours of high consumption, among older 
households, and those already familiar with energy saving. In the US, on 
the other hand, it was found that the impact of energy reports on elec-
tricity savings was greater among high electricity-consuming house-
holds and those living in cheaper locations (Ayres et al., 2013). In 
Austria, the effects were strongest in households with 30–70 percentile 
electricity consumption, and outside this nudging had little effect 
(Schleich et al., 2013). In addition, the effectiveness has also been found 
to depend on the values and attitudes of individuals. A study conducted 
in the US found that the energy report induced a larger reduction in 
electricity consumption among liberals than among conservatives (Costa 
and Kahn, 2013). The amount and persistence of savings also appear to 
be higher when conservation is motivated by health-related arguments 
rather than economic ones (Asensio and Delmas, 2016). This study ac-
counts for differences between households, for example, different in-
come and different electricity consumption levels. 

3. Methodology and data 

3.1. Experiment design 

The plan to examine the efficiency of energy advice in the Finnish 
context was initiated in a Finnish Energy Authority led workshop on 
demand response in September 2017. Motiva Ltd, a Finnish state 

company, tasked to promote sustainable use of energy and materials, 
and the BCDC Energy research group joined in to plan and conduct the 
experiment. An electricity distribution partner was found from Porvoo 
when Porvoo Energia, a southern Finnish utility with around 36 000 
customers connected to its 3700-km distribution network,3 expressed 
their willingness to participate in the study. The Porvoo region lies on 
the southern coast of Finland under 50 km from Helsinki. The most 
densely populated area is the city center of Porvoo, which has just below 
40 000 inhabitants. The other areas under study are more scarcely 
populated with plenty of detached housing in a lush area including 
seashore, archipelago and countryside. Porvoo region is bilingual with 
roughly 30% Swedish speaking minority that necessitated doing the 
entire study in both Finnish and Swedish languages. 

Fig. 1 depicts timeline of the experiment. After thorough pre-testing 
and steering group input during the planning phase, a joint decision was 
made to examine two kinds of treatments directed at household elec-
tricity use: energy advice and social norm, with a RFE in an opt-in 
setting. 

The implementation of the survey began in the summer of 2018, 
when about 9600 of Porvoon Energia’s customers4 were asked to take 
part in an online survey via email or text messages. The survey included 
questions about demographics, house specifications and equipment, 
energy use, environmental attitudes, and consumption behavior. A 
GDPR-compliant opt-in question was included for agreeing to join the 
experiment and to allow the researchers access to the household’s 
electricity consumption data. In total 1277 households responded to the 
survey, of which 671 agreed to participate in the experiment and pro-
vide their electricity consumption data.5 

As is required by law in Finland, all experiment participants could 
sign-up to access their hourly electricity consumption data via an online 
energy service platform, but not everyone does so. This online regis-
tration is trackable by all DSO’s in Finland, and it is a key differentiator 
and a notable research question in this experiment. Within signed-up 
users of the online platform, i.e. registered users (R), we randomized 
the participant sample (N=393) into i) energy-saving tip treatment (Tip- 
R), ii) social norm plus reduced energy saving tip treatment (Norm-R), 
and iii) control (Control-R). Those who had not registered (NR) (N=298) 
were randomized into: i) energy-saving tip treatment (Tip-NR), and ii) 
control (Control-NR). Division to users and non-users of the online 
platform enables us to test, whether those more familiar with their 
electricity consumption patterns are more receptive for the tested 
treatments. Aydin et al. (2018) find that those already familiar with 
energy saving are more responsive to nudging. 

Table 1 lists the randomized group composition coupled with 
descriptive statistics. It shows that the randomization within groups 
succeeded very well. The registered and non-registered groups differ 
somewhat as expected. On average, the registered households have 
higher income, live in larger houses and are more likely to identify as 
men. 

The information treatments provided in the experiment were 

3 The network covers the entire city of Porvoo, southern parts of Pornainen 
and Western Loviisa.  

4 All roughly 7500 customers who had provided their email address were 
contacted with an email. The rest were contacted with a text message. As a 
precondition the recipients also had to have both distribution and electricity 
sales contracts with the company. This was done in order to make sure that we 
would be able to gather reliable electricity consumption data and provide the 
comparison tool for use.  

5 We tested for differences between the opt-in and not participating groups 
using t-tests and chi-squared tests. We found that those of younger age, higher 
education and income, and larger family size, as well as households living in a 
larger house were more likely to opt-in to the experiment. Households that had 
already registered to the online energy service platform were also more likely to 
join the experiment. This may relate to their higher level of electricity con-
sumption, and thus, greater interest in following and controlling consumption. 
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carefully designed and targeted. The information sources available for 
the treated groups are presented in Table 2. For Norm-R group, a 
specially designed peer comparison tool enabling electricity consump-
tion comparison with other similar households was opened to the online 
energy service platform. Within the tool the Norm-R group members 
were presented with a timeline of their own consumption with weather 
information and a timeline of consumption of a group of similar 
households. The views were available at hourly, daily, and monthly 
resolutions. The tool also enabled to change the comparison group with 
house characteristics of one’s own choosing (heating system, floor area, 

and year of construction). The Norm-R group also received reduced 
energy saving tips in the monthly newsletter. Tip-R and Tip-NR groups 
received monthly newsletters and had access to a themed website 
providing additional information on energy saving measures. All the 
information treatments used in this study are highly replicable and 
scalable. 

The energy advice newsletters were provided by Motiva Ltd. The 
newsletters were sent every month between November 2018 and 
November 2019.6 The newsletters covered seasonal topics related to 
electricity and energy use (see Table 3). In addition to the seasonal tips, 
Tip-R received reminders to check electricity consumption from the 
online service platform and Tip-NR instructions on registering to the 
online service. The Norm-R group got reminders to check electricity 

Fig. 1. Experiment timeline.  

Table 1 
Descriptive statistics for treatment and control groups.   

Non-registered Registered  

Tip- 
NR 

Control- 
NR 

TiP- 
R 

Control- 
R 

Norm- 
R 

N 139 139 131 131 131 
Age (average years) 52.7 53.9 51.2 52.3 52.7 
Household size (average 

persons) 
2.50 2.0 2.8 3.0 3.0 

Heat floor space 
(average m2) 

114.7 114.5 146.4 151.2 143.5  

(%) (%) (%) (%) (%) 
Female 46.0 38.8 22.9 19.1 26.2 
Household monthly 

income <6000€ 
69.8 64.7 45.0 45.0 43.5 

University degree 67.7 61.2 62.6 62.6 65.4 
Opted for Swedish 

content 
30.2 23.7 26.7 33.6 33.1 

Detached house 61.2 64.7 81.7 80.9 78.6 
Electric heating 33.1 38.8 42.0 43.5 51.5  

Table 2 
Sources of information.  

Treatment Data content provided  

Newsletter Online 
service 

Comparison 
tool 

Themed 
website 

Norm-R x x x  
Tip-R x x  x 
Tip-NR x x  x  

Table 3 
Content of newsletters.  

Newsletter 
number 

Brief description of the newsletter theme 

1: Nov 2018 Introduction of the experiment, initial information, motivation – 
benefits of participation 

2: Dec 2018 Temperature control, ventilation 
3: Jan 2019 Benefits of consumption monitoring, heating 
4: Feb 2019 Timing of electricity consumption 
5: Mar 2019 Solar power, consumption monitoring, personalized 

consumption data 
6: Apr 2019 Invitation to the mid-point survey, home automation 
7: May 2019 Consumption monitoring, energy-efficiency measures 
8: Jun 2019 Electric heating, cooling 
9: Aug 2019 Consumption of electrical equipment, consumption monitoring 
10: Sep 2019 Preparation for the heating season, carbon footprint, electric 

heating extra (exact information for electrically heated homes)/ 
consumption comparison data among other participants in the 
study 

11: Oct 2019 Peak consumption and its timing, tip for room temperature 
12: Nov 2019 Compilation of the experiment, top 6 general tips and new good 

electrical practices  

6 Excluding July because of the summer holiday period in Finland. News-
letters are available upon request. 
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consumption and use the peer comparison tool. The structure of all 
newsletters followed a similar pattern: seasonal information content, a 
monthly tip, a part marketing the online service, and a content-related 
poll aimed to activate the recipient. 

In addition to the initial survey, mid-point and end surveys detailing 
experiences during the entire experiment were conducted to gather 
feedback. The mid-point feedback survey targeted the treatment groups 
(N=398) and sought feedback on the newsletters and comparison tool. It 
received 144 answers. The end survey was sent to both treated and 
control groups, and it sought information on behavioral changes, in-
vestments, and actions. A total of 303 answers were returned. After the 
active experiment, attempt was made to reach all the participants, who 
were identified as having successfully completed the study (N=586) 
with separate phone interviews for validation purposes. A total of 347 
interviews were successfully completed. 

3.2. Experiment monitoring and survey feedback 

The newsletter open rates were closely monitored throughout the 
experiment and the conducted surveys gathered feedback related to the 
content of the newsletters and the functionality of the comparison tool. 
In general, the newsletter content was well-received according to the 
mid-point survey,7 and the open rates (Fig. 2) were relatively high 
throughout the experiment with over half of the recipients opening 
them. There was some variation in the newsletter opening rates between 
the groups. Tip-R and Norm-R groups had consistently higher open rates 
compared to the Tip-NR group. Email was found as a functioning 
channel to deliver information and the monthly cadence was considered 
good for the newsletters. All in all, the newsletters received positive 
feedback in every metric: length, how interesting, easy to understand 
and useful the content was. Participants liked especially general and 
seasonal energy saving tips. Only video content did not receive positive 
feedback from the households (Fig. 3). 

Visits to the online service and the peer comparison tool were also 
monitored. The comparison tool was not used as extensively as hoped. 
On average, the tool was used just over 3 times during the one-year 
trial,8 and about 40% of households in the Norm-R group did not use 
the service at all. Feedback in the midpoint survey indicated that the tool 
was considered a little slow and unclear. Only roughly a fifth said that 
the comparisons had affected their energy consumption behavior. The 
low engagement with the comparison tool prompted us to include more 
detailed tips and comparative information in the newsletters for the 
Norm-R group during the last autumn period of the experiment. 

3.3. Data 

The original electricity consumption data provided to the researchers 
included a total of 657 households. Households (N=127) that had 
moved outside Porvoo Energia’s distribution area, holiday homes and 
households with business operation9 were removed from the data. In 
addition, two households dropped out from the experiment and were 
removed from the remaining material. The final data includes a total of 
9,250,560 hourly electricity consumption observations for 528 house-
holds. The data contains a total of 9,320 (0.1% of all observations) 
missing hourly consumption observations that were imputed with a 5-h 

moving average. 
Hourly electricity consumption was summed up as daily consump-

tion and converted into panel data, which combined survey data and the 
Finnish Meteorological Institute’s daily weather observations from the 
Porvoo Harabacka observation station. Missing survey observations 
were imputed based on the observed properties of other data (predictive 
mean matching). In the final data, 528 household observation units were 
divided between the different groups as follows: the unregistered energy 
saving tip group (Tip-NR) contained 100 and the corresponding control 
group (Control-NR) contained 100 households; the registered energy 
saving tip (Tip-R) had 110, the social norm plus reduced energy saving 
tip treatment group (Norm-R) had 108 and the corresponding control 
group (Control-R) had 110 households. The final sample descriptive 
statistics are available in Appendix A. 

Fig. 4 presents the average daily consumptions at the monthly level 
for the treated and control households during the pre-treatment and 
treatment periods. In the figures, the treatment starts at the dashed line. 
The pre-treatment period began on November 23rd in 2017 and ended 
on November 22nd in 2018, and the treatment period began on 
November 23rd in 2018 and ended on November 22nd in 2019. The 
figures show the average daily consumption is highest in January and 
lowest in the summer months. The unregistered households (Tip-NR and 
Control-NR groups) consume less electricity than the registered house-
holds (Tip-R, Norm-R and Control-R groups). 

The experiment was carried out in the operation area of one elec-
tricity distributor in Finland. In addition, the experiment consists of 
households who had agreed to participate to the experiment (opt-in 
setting). Table 4 presents background information on the participants 
and compares their representativeness in relation to all Finnish house-
holds and households in the Porvoo region. 

The experiment participants are not fully representative of Finnish 
citizens in general. The households participating in the experiment were 
slightly smaller than the average in Finland and the Porvoo region. In 
addition, participants in the experiment were more educated. In terms of 
living environment, the participants in the experiment correspond to the 
Finnish average with urban and rural division. In terms of house types, 
those living in detached houses and semi-detached houses are over- 
represented and there are relatively fewer people living in apartment 
buildings than in the whole country. The share of electric heated homes 
was the same as the national average. The final group of households 
used in the analysis differed slightly from the national average in terms 
of the share of electric heating. The size of households in the final group 
is almost the same as the Finnish average. 

3.4. Econometric model 

The randomized field trial makes the assessment of the effect 
straightforward: the treated groups are compared with their control 
groups. The differences-in-differences model (DiD), which is a linear 
regression model, is used to estimate the treatment effect of the infor-
mation nudges. The estimated equation is: 

ln(kWhit)= α+ βTiPt + τTi + γPt + μΩi + τΔt + εit. (1) 

The explanatory variable in the model (Eqn 1) is the daily t =
(1,…,730) electricity consumption kWhit of the household i, obtained 
by aggregating the hourly consumption data of the households for each 
day. A logarithm is taken of the dependent variable so that the effects on 
electricity consumption can be interpreted as percentage changes10. Ti is 
an indicator for the treated group and Pt is an indicator for the treatment 
period. Ωi includes household and building-specific background vari-
ables observed before the treatment period, and Δt presents weather- 
related variables from both the pretreatment and treatment periods. In 
addition, monthly indicators for both periods are included. εit is the error 

7 The content was interesting to 81% of the respondents, 84% thought it was 
easy to understand, 59% stated it contained new information, and 56% said that 
the newsletters contained tips that they needed.  

8 Unfortunately, the visit count for the comparison tool did not work during 
the first five months of the experiment due to a technical issue. Only the last 
visit was recorded, and thus, the recorded three visits is likely a slight 
underestimate.  

9 Business can be related to, for example, agricultural production, in which 
case controlling consumption is challenging. 10 The results are not sensitive to taking the logarithm. 
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term. The treatment effect is interpreted from the β estimate. Household 
and building-specific background data as well as weather-related data 
serve as control variables in the model.11 Heteroskedasticity and auto-
correlation robust household-level clustered standard errors are used. 

The study uses an intention to treat setting i.e., the effect of receiving 
an e-mail delivered information letter is analyzed, not the effect of 
reading the letter. It is not possible to identify how well the energy 
saving tips have actually been read among the targeted households. 

The key DiD assumption of common pre-treatment trends between 
the treatment and control groups is valid in this experiment (see Fig. 4). 
It is noteworthy that the common pre-treatment trends assumption does 
not require the groups (see Appendix A Table A1) to be otherwise 

completely similar in properties (Angrist and Pischke, 2014; Frölich and 
Sperlich, 2019). 

The average treatment effect was identified on an annual basis. 
Moreover, the monthly treatment effect variation was examined by 
dividing the treatment period indicator into twelve monthly periods. For 
example, the effect of the treatment in December was identified by 
determining the December treatment indicator, which received a value 
of 1 in December 2018 and otherwise 0. The monthly model includes the 
same control variables as the annual model (temperature, humidity, and 
household and building characteristics). 

4. Results 

4.1. Annual treatment effect 

The annual results of the experiment are shown in Table 5. The 

Fig. 2. Email newsletter open rates (%) of those successfully receiving the newsletter.  

Fig. 3. Respondent preferences over newsletter content types.  

11 Electricity prices are not included in the analysis because the experiment 
participants did not have hourly varying spot-price electricity sales contracts 
available. 
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Fig. 4. Average daily electricity consumption at the monthly level for treatment and control groups.  

Table 4 
Descriptive statistics of the participants in the experiment and comparison with Finnish households.   

Agreed to the experiment Final experiment group Corresponding statistics: Finns Corresponding statistics: Porvoo residents 

N 671 528    
Average Average Average Average 

Age (years) 53.1g 54.2g 42.9 a g 42.5a g 

Household size (persons) 2.58g 2.67 2.75 b 2.80 b g 

Apartment size (m2) 134 140 NA NA  
Percent (%) Percent (%) Percent (%) Percent (%) 

Household income (gross, €/month)     
under 4000 € 27.7 25.6 NA NA 
4000–5999 27.8 26.5 NA NA 
6000–7999 20.6 21.0 NA NA 
8000–9999 12.8 13.3 NA NA 
over 10,000 € 11.0 11.0 10.7 NA 
Highly educated 63.9g 64.6g 31.8d g 32.8d g 

Living environment     
Urban 69.0 62.9g 70.3c 87.8c g 

Countryside 31.0 37.1g 28.4c 11.0c g 

House type     
Detached or semi- detached house 74.5g 79.4g 39.3e g NA 
Terraced house 10.6g 9.8g 13.9e g NA 
Apartment building 14.9g 10.8g 46.8e g NA 
Electric heating     
Yes 41.7 43.6g 38.6f g NA 
No 58.3 56.4g 61.4f g NA 

NA: No information available. 
a 11ra – Key figures on population by region 1990–2019 (Official Statistics of Finland, 2020c). 
b 12c1 - Key figures on families by family type and area, 2006–2018 (Official Statistics of Finland, 2019a). 
c 11s3 – Population according to urban-rural classification by age and sex, 2000–2018 (Official Statistics of Finland, 2019b). 
d 12bs - Population aged 15 or over by level of education, municipality, region, gender and age, 2007–2018. (Official Statistics of Finland, 2019c). 
e Appendix Table 1. Number of buildings, dwellings and persons by type of building and number of storeys Dec. 31, 2017 (Official Statistics of Finland, 2017a). 
f Appendix Table 3. Number of buildings by heating fuel 1970–2017 (Official Statistics of Finland, 2017b). 
g The means or proportions are not equal at the 5% level according to the t-test or chi-squared test (experimental group compared to the corresponding statistics of 

Finns and Porvoo residents). 
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results imply that the tested information treatments do not statistically 
significantly reduce household electricity consumption in the treated 
groups. The explanatory power of each model is high, and the results 
obtained are robust for different treatments of control variables. The 
sensitivity analysis can be found in Appendix B (Table B1, B2 and B3). 

Due to large seasonal outdoor temperature fluctuation and high 
share of electric heated buildings (see Table 4) in the data sample, the 
electricity consumption is very low in the summertime and high during 
colder months (see Fig. 4). In other words, the energy saving potential is 
the highest in winter. The annual estimate does not reflect possible 
changes within shorter time periods. Therefore, it is important to 
examine whether there are differences in the treatment effects between 
months. 

4.2. Monthly treatment effect 

To determine the monthly effects, the control period indicator was 
divided into twelve monthly periods, where the differences in con-
sumption between the treated and control groups were compared with 
the differences in the corresponding period a year ago. Figs. 5–7 present 
the monthly average treatment effects. The full model results are shown 
in Appendix C Table C1.12 

The results for the Tip-R group are demonstrated in Fig. 5. According 
to the results, there is a clear variation in the treatment effects between 
months. The energy saving tip treatment decreases electricity con-
sumption statistically significantly during the first months of the 
experiment. At the very beginning of the experiment, households in the 
Tip-R group consume on average 10.7% less electricity compared to 
November a year ago. The effect of information treatment on reducing 
electricity consumption is noticeable until March, when the average 
treatment effect is still − 7.8%. Average reductions in daily electricity 
consumption vary between 6.4 kWh (January) and 3.7 kWh (November 
2019). Between April and October, the electricity consumption increases 
statistically significantly in May and August about 9%. This means an 
average increase of 2.4 kWh per day in May and 1.8 kWh in August. 
Unexpected increase in consumption may, for instance, relate to the 
newsletter content in the summer. The newsletter in June focused on 
cooling, in which case households owning air source heat pumps may 
have increased cooling that results as a rise in electricity consumption in 
the hot August of 2019. In addition, possible holiday home observations 
remaining in the final data may explain these increases. Comparison of 

holiday home electricity consumption between different summer sea-
sons is not meaningful, because the use of holiday homes varies between 
years. At the beginning of the heating season in November 2019, the 
information treatment again reduces the daily electricity consumption 
of households by on average 8.3% (3.7 kWh). Kažukauskas et al. (2020) 
found somewhat similar seasonal variation in the treatment effects for 
Sweden. 

Additional analyses (see Supplementary material) show that house-
holds living in detached houses and households with lower income have 
especially reduced their consumption. Moreover, the additional analyses 
reveal that having electric heating is not necessarily the main determi-
nant for the treatment effects. In other words, energy savings are not 
guaranteed by targeting nudges only towards electric-heated houses. 

Fig. 6 presents the monthly treatment effects for the Norm-R group. 
The results reveal that the treatment does not induce statistically sig-
nificant changes in household electricity consumption during the first 11 
months. At the very end of the experiment, in November 2019, a sta-
tistically significant decrease in electricity consumption is observed. The 
effect of the treatment in November 2019 is − 7.9%, which corresponds 
to an average reduction of 3.5 kWh on a daily basis. The late and desired 
response to the treatment can be explained, among other things, by the 
fact that in the beginning of experiment the Norm-R group was provided 
simpler energy advice than the Tip-R group. During the first eight 
months of the experiment, the information given for Norm-R group 
focused mainly on the comparison tool and electricity consumption 
monitoring. Later in fall 2019, the content of the newsletters largely 
corresponded to Tip-R group with more detailed energy saving tips. In 
addition, the activity of the Norm-R group to use the comparison tool 
was low throughout the experiment with approximately three visits per 
household during the one-year trial and about 40% of households not 
using the service at all. 

Furthermore, additional analyses show (see Supplementary mate-
rial) that by focusing solely on households with above-average levels of 
electricity consumption, treatment has statistically significantly reduced 
the electricity consumption of the households after September when 
more detailed energy advice content was added to newsletters. This 
implies that information nudging which combines social norm and en-
ergy saving tips works as expected: high-consumption households tend 
to reduce their consumption towards the average household (see also 
Ayres et al. (2013)). 

The results of the Tip-NR group are shown in Fig. 7. Information 
treatment does not statistically significantly affect electricity consump-
tion in the Tip-NR group during the entire experiment. This finding can 
be explained, for instance, by the observation that the opening rates of 
newsletters were generally lower among the unregistered than among 
the registered households (see Fig. 2). The Tip-NR group also included 
households with significantly lower electricity consumption compared 
to the registered households, and in turn, these households may have 
difficulties to reduce their electricity consumption due to the low 
starting level. Additional analyses do not reveal statistically significant 
treatment effects in the studied subsamples (e.g., households living in 
detached houses). 

After the information nudging ends in November 2019, the treat-
ment effect disappears relatively quickly by January 2020 in the Tip-R 
and Norm-R groups (see Supplementary material).13 This implies that 
the permanence of the tested information nudging is important in sup-
porting electricity savings. 

Table 5 
Annual treatment effects.   

Dependent variable: ln(daily electricity 
consumption) 

TREATMENT Tip-NR Tip-R Norm-R 

Average treatment effect: estimate (s.e.) 0.013 
(0.021) 

− 0.015 
(0.019) 

− 0.005 
(0.016) 

Controls    
Household characteristics (household size, 

income, education, language, work) 
✓ ✓ ✓ 

Building characteristics (house type, type of 
ownership, floor area, building age, 
location, heating mode, level of electricity 
consumption) 

✓ ✓ ✓ 

Weather variables (outdoor temperature, 
rainfall) 

✓ ✓ ✓ 

Adjusted R2  0.72 0.75 0.79 

Number of observations 146000 160 600 159 140 

Estimate is statistically significant at the 1%=***, 5%=** or 10%=* risk level. 

12 In addition to the DiD models estimated with OLS, the household fixed 
effects models were estimated to account for any unobservable household- 
specific effects. Overall, the fixed effects model results (see Supplementary 
material) are similar with the ones reported in the paper. 

13 The data for the after-treatment persistence analysis covers the period be-
tween November 23rd in 2019 and February 29th in 2020. The persistence 
analysis for the whole year is not reasonable due to escalating COVID-19 sit-
uation and lock down starting in March 2020. 
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5. Discussion 

5.1. Information nudging and energy advice 

This experiment gathered versatile information about household 
electricity consumption and energy advice, especially related to advising 
on digital platforms. One of the key findings is the importance of advice 
timing. The experiment shows that information nudging can be effective 
in wintertime, when energy issues are more prominent and electricity 
bills are highest in locations with cold climate, such as Finland. The 
effect of information nudging seems to decrease and the desired re-
sponses weaken with smaller electricity bills, at least among the users of 
the online electricity consumption following service. The effectiveness 
of information nudging may also be associated with initial enthusiasm. 
In this study, the newsletter opening percentages and reading were 
highest among all treated groups at the beginning of the experiment (see 
Fig. 2). On the other hand, Norm-R group had no noticeable treatment 
effects at the beginning of the experiment unlike Tip-R group. In addi-
tion, the energy saving tips worked in the Tip-R group also at the end of 

the experiment in November 2019. 
The findings also indicate that targeting is essential. We find that 

users of an online energy service platform, those who are likely more 
interested in energy issues, are a receptive target group for information 
nudges. The findings demonstrate challenges to activate households 
who are not using such services (i.e., here the Tip-NR group) to read the 
monthly newsletters and reduce their electricity consumption. If the 
household is not interested in energy issues, the lack of interest is very 
likely reflected in the effectiveness of energy advice. 

Furthermore, experiment results imply that information content 
matters. Energy advising should be up-to-date and contain suggestions 
and tips for each household’s own needs. Households expressed a 
particular liking for general and seasonal energy saving tips in the end 
survey. Information suited for the living situation was also liked among 
households, and personalization was found to increase interest. For 
example, information about household’s own level of electricity con-
sumption increased the reading activity of the newsletters, and almost 
40% of the participants said that they especially liked such content (see 
Figs. 2 and 3). Literature also suggests that personalization works 

Fig. 5. Monthly average treatment effects in the Tip-R group (standard errors in parentheses). Estimate is statistically significant at the 1% = ***, 5% = ** or 10% =
* risk level. 

Fig. 6. Monthly average treatment effects in the Norm-R group (standard errors in parentheses). Estimate is statistically significant at the 1% = ***, 5% = ** or 10% 
= * risk level. 

Fig. 7. Monthly average treatment effects in the Tip-NR group (standard errors in parentheses). Estimate is statistically significant at the 1% = ***, 5% = ** or 10% 
= * risk level. 
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(Buckley, 2020). 
Email proved to be a relatively efficient and cost-effective solution to 

deliver energy advice. The literature on the email as a delivery mode is 
inconclusive (Andor and Fels, 2018; Dolan and Metcalfe, 2015; Schleich 
et al., 2013). Although the newsletter sent by email did not necessarily 
reach all participants due to technical and other problems, email was 
perceived as a well-functioning channel to deliver energy advising 
among the experiment participants. The frequency of information 
steering with energy-saving tips once a month was reported to be 
appropriate among households. 

In addition to email newsletters, the experiment utilized an online 
electricity consumption monitoring service. The experiment showed 
that information steering can successfully encourage households to start 
using online electricity consumption monitoring service. Overall, the 
households participating in the experiment expressed interest in moni-
toring electricity consumption. Well-designed and meaningful services 
can make the most of this existing interest. 

However, activating households to make peer-to-peer comparisons 
in the online service proved to be challenging, and some households did 
not use the tool at all. This challenge was, at least partly, due to the 
unsatisfactory accessibility of the comparison tool. According to the 
results of the experiment, peer-to-peer comparisons had the desired ef-
fect when combined with more detailed energy advice. Previous 
research has found peer-to-peer comparisons to work, but often the in-
formation delivery mode has been easier and accessible, such as home 
energy report delivered by mail (Allcott, 2011; Andor et al., 2020). 

5.2. Other policies and study limitations 

Nudging belongs to soft policies where behavior change is motivated 
without forcing, restriction of choice, or large economic incentives. Hard 
policies include, for instance, pricing and legislation. In this experiment 
it was not possible to examine pricing effects, because the distributor 
company collaborating with the experiment did not have an hourly- 
based dynamic electricity pricing contract available to its customers. 

Previous literature on the effectiveness of different soft and hard 
policies in changing household electricity consumption is relatively rich 
(see, e.g., Buckley, 2020; Jessoe and Rapson, 2014). In general, elec-
tricity pricing may struggle to provide sufficiently large incentives for 
households to change their consumption behavior (Csereklyei, 2020; 
Palmer, 2019). Moreover, economic incentives are often legally, socially 
and administratively more challenging and burdensome than informa-
tion steering. On the other hand, soft and hard policies should not be 
seen as mutually exclusive. Indeed, information treatments can often 
strengthen and support pricing (Jessoe and Rapson, 2014; Sudarshan, 
2017). 

It was known already in the planning phase of the experiment that 
the participants would not be a representative sample of all Finns (see 
Table 4). Household electricity consumption data is in the possession of 
energy companies, and therefore, the study required a partner company 
to carry out the experiment. In addition, the study dealt with data 
subject to GDPR regulations, and thus, households were asked for 
permission to participate in the experiment. For these reasons, the 
experiment was conducted at the Porvoo Energia’s distribution network 
area, and in principle, households more interested in energy issues were 
likelier to participate. Although the results cannot be generalized to all 
Finns, the experiment offers valuable new insights on the effectiveness 
of information nudges especially among the southernmost Finnish 
households and, more generally, among those who are interested in 
energy issues. Furthermore, if alike voluntary information steering was 
adopted in other areas, the participating group would likely be similar. 

Even though the opening activity of the participants’ newsletters was 
recorded, it was not possible to have full understanding on the level of 
engagement with the delivered information content among participants. 
Hence, the resulting intention to treat approach may be reflected as 
reduced effectiveness of the information treatment. On the other hand, 

the intention to treat approach captures well the characteristics of the 
email information delivery method: not all emails are properly read. 

6. Conclusion and policy implications 

This study investigates how households living in the Nordic climate 
conditions with a high seasonal variation in the temperature and energy 
consumption respond to energy saving tips and peer comparisons. To 
study this, a randomized field experiment is conducted to find effective 
ways to encourage energy saving. 

The main finding of the study suggests that information nudges can 
reduce electricity consumption of households who are more involved in 
following their electricity consumption. Among such households, ver-
satile energy saving tips can reduce average daily electricity consump-
tion around 10% during wintertime. This is a significant reduction, 
particularly with winter being the critical time for power balance of 
power grids in cold climate conditions. On the other hand, the findings 
depict challenges in encouraging energy saving behavior within 
households for whom the energy related issues are of less interest. More 
research is required to identify the drivers that could help activate these 
households. 

The study highlights that well-planned and continuing informational 
content sent digitally for large consumer mass could be a cost-effective 
way to encourage energy saving. The effort required to extend the in-
formation nudging to new households, even with some personalized 
content, is minimal as the cost of sending an email is very low. 
Encouraged by the experiment results, Motiva Ltd has launched a 
quarterly seasonal consumer energy advice newsletter with personali-
zation based on house type, heating system and location. Developing a 
more personalized content would require cooperation between energy 
companies and an advising organization because the energy companies 
possess household-specific consumption data. The experiment has also 
helped to design and summarize the data content related to energy 
conservation, electricity consumption and consumption flexibility, tak-
ing into account various motivation factors. 

The study also provides insights on the roles of different actors in 
energy advising. The findings indicate that online energy service and 
monitoring tools must be well-functioning, easy to access and to use. The 
development work of these services will be left to energy companies. As 
energy advice is associated with positive externalities, it is not desirable 
to decentralize energy advice and information provision to energy 
companies alone. In order to be effective, it is essential that general and 
high-quality advice is provided centrally by national actors. Energy 
companies can then build workable advisory concepts on top of general 
information guidance. 

Overall, changes in electricity consumption behavior require 
different policies, solutions and actors to succeed. Successful change 
requires well-functioning structures and regulation in society, technol-
ogies that facilitate and are sufficiently affordable for behavior change, 
the right financial incentives, and well-designed and thoughtfully 
implemented energy advice. 
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Appendix A. Final sample descriptive statistics  

Table A1 
Descriptive statistics for treatment and control groups in the final sample.   

Non-registered Registered  

Tip-NR Control-NR TiP-R Control-R Norm-R 

N 100 100 110 110 108 
Age (average years) 54.2 56.4 52.9 53.9 53.7 
Household size (average persons) 2.51 2.3 2.8 3.0 2.7 
Heat floor space (average m2) 119.5 122.7 149.2 158.3 145.5  

(%) (%) (%) (%) (%) 
Female 42.0 34.0 21.8 20.0 26.9 
Household monthly income <6000€ 68.0 64.0 45.5 44.5 40.7 
University degree 71.0 66.0 60.9 61.8 63.9 
Opted for Swedish content 27.0 26.0 24.5 33.6 28.7 
Detached house 60.0 64.0 82.7 83.6 81.5 
Electric heating 33.0 38.0 46.4 44.5 54.6  

Appendix B. Annual treatment effect results  

Table B1 
Annual results for Tip-NR group.   

model 1 model 2 model 3 model 4  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. estimate s.e. 

constant 2.711*** 0.094 2.956*** 0.102 1.151*** 0.319 3.235*** 0.333 
treated_dummy − 0.027 0.138 − 0.027 0.138 − 0.033 0.096 0.013 0.052 
treatmentperiod_dummy 0.007 0.014 − 0.013 0.014 − 0.013 0.014 − 0.005 0.014 
treated_dummy*treatmentperiod_dummy 0.013 0.021 0.013 0.021 0.013 0.021 0.013 0.021 
temperature   − 0.036*** 0.002 − 0.036*** 0.002 − 0.009*** 0.002 
rainfall   0.002*** 0.000 0.002*** 0.000 0.001*** 0.000 
age     − 0.002 0.004 − 0.002 0.003 
household size     0.059 0.040 0.034 0.024 
income     0.028 0.044 − 0.005 0.029 
high education     0.046 0.112 − 0.018 0.059 
Swedish language     − 0.187 0.126 − 0.077 0.066 
energy expertise     − 0.082 0.145 − 0.084 0.088 
floor area     0.006*** 0.001 0.003*** 0.001 
home age     − 0.001 0.002 − 0.002 0.001 
detached house     0.809*** 0.184 0.052 0.133 
semidetached house     0.909*** 0.260 − 0.010 0.172 
terraced house     0.205 0.156 0.070 0.101 
owner-occupied     0.601*** 0.181 0.166 0.112 
sparsely populated area     − 0.015 0.168 − 0.135 0.087 
accumulating electric heating       0.502*** 0.132 
direct electric heating       0.303** 0.128 
ground heating       − 0.102 0.118 
air-to-water heat pump       0.599*** 0.111 
supplementary heating       − 0.077 0.092 
low electricity consumption       − 1.889*** 0.189 
average electricity consumption       − 0.994*** 0.113 
temperature*accum. electric heating       − 0.031*** 0.007 

(continued on next page) 
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Table B1 (continued )  

model 1 model 2 model 3 model 4  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. estimate s.e. 

temperature *direct electric heating       − 0.029*** 0.005 
temperature *ground heating       − 0.028*** 0.004 
temperature *air-to-water heat pump       − 0.039*** 0.007 
Jan_dummy       0.043 0.031 
Feb_dummy       0.021 0.031 
Mar_dummy       0.011 0.021 
Apr_dummy       − 0.093*** 0.019 
May_dummy       − 0.229*** 0.023 
Jun_dummy       − 0.333*** 0.028 
Jul_dummy       − 0.317*** 0.030 
Aug_dummy       − 0.304*** 0.027 
Sep_dummy       − 0.209*** 0.025 
Oct_dummy       − 0.101*** 0.012 
Dec_dummy       0.063*** 0.023          

Observations (N) 146000  146000  146000  146000  
R2 0.000  0.080  0.461  0.718  
Adjusted R2 0.000  0.080  0.461  0.718  

Estimate is statistically significant at the 1%=***, 5%=** or 10%=* risk level.  

Table B2 
Annual results for Tip-R group.   

model 1 model 2 model 3 model 4  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. estimate s.e. 

constant 3.251*** 0.067 3.554*** 0.071 1.629*** 0.316 3.075*** 0.262 
treated_dummy − 0.080 0.107 − 0.080 0.107 − 0.039 0.078 − 0.027 0.043 
treatmentperiod_dummy 0.021** 0.011 − 0.004 0.011 − 0.004 0.011 0.005 0.011 
treated_dummy*treatmentperiod_dummy − 0.015 0.019 − 0.015 0.019 − 0.015 0.019 − 0.015 0.019 
temperature   − 0.044*** 0.002 − 0.044*** 0.002 − 0.012*** 0.003 
rainfall   0.002*** 0.000 0.002*** 0.000 0.001*** 0.000 
age     − 0.001 0.004 0.001 0.003 
household size     0.127** 0.036 0.061*** 0.018 
income     0.056* 0.034 0.016 0.019 
high education     − 0.169** 0.084 − 0.088** 0.044 
Swedish language     − 0.188** 0.087 − 0.016 0.046 
energy expertise     − 0.142 0.098 0.049 0.056 
floor area     0.002** 0.001 0.001*** 0.000 
home age     0.001 0.001 0.000 0.001 
detached house     1.444*** 0.203 0.590*** 0.168 
semidetached house     1.822*** 0.279 0.662*** 0.200 
terraced house     0.671*** 0.230 0.388** 0.170 
owner-occupied     − 0.041 0.182 − 0.127 0.164 
sparsely populated area     0.017 0.105 − 0.120* 0.067 
accumulating electric heating       0.341*** 0.092 
direct electric heating       0.379*** 0.076 
ground heating       − 0.021 0.105 
air-to-water heat pump       0.120 0.160 
supplementary heating       0.047 0.079 
low electricity consumption       − 1.353*** 0.119 
average electricity consumption       − 0.552*** 0.051 
temperature*accum. electric heating       − 0.026*** 0.004 
temperature *direct electric heating       − 0.029*** 0.004 
temperature *ground heating       − 0.017*** 0.005 
temperature *air-to-water heat pump       − 0.025*** 0.007 
Jan_dummy       0.063*** 0.010 
Feb_dummy       0.039*** 0.010 
Mar_dummy       0.010 0.012 
Apr_dummy       − 0.102*** 0.020 
May_dummy       − 0.254*** 0.022 
Jun_dummy       − 0.369*** 0.027 
Jul_dummy       − 0.366*** 0.030 
Aug_dummy       − 0.357*** 0.028 
Sep_dummy       − 0.262*** 0.021 
Oct_dummy       − 0.120*** 0.008 
Dec_dummy       0.073*** 0.010          

Observations (N) 160 600  160 600  160 600  160 600  
R2 0.002  0.17  0.499  0.752  
Adjusted R2 0.002  0.17  0.499  0.752  
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Estimate is statistically significant at the 1%=***, 5%=** or 10%=* risk level. 
Table B3 
Annual results for Norm-R group.   

model 1 model 2 model 3 model 4  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. estimate s.e. 

constant 3.251*** 0.067 3.578*** 0.071 1.197*** 0.241 2.452*** 0.153 
treated_dummy − 0.015 0.098 − 0.015 0.098 0.046 0.066 0.051 0.036 
treatmentperiod_dummy 0.021** 0.011 − 0.006 0.011 − 0.006 0.011 0.005 0.011 
treated_dummy*treatmentperiod_dummy − 0.003 0.016 − 0.003 0.016 − 0.003 0.016 − 0.005 0.016 
temperature   − 0.048*** 0.002 − 0.048*** 0.002 − 0.014*** 0.003 
rainfall   0.002*** 0.000 0.002*** 0.000 0.001*** 0.000 
age     0.003 0.003 0.004** 0.001 
household size     0.103** 0.032 0.062*** 0.015 
income     0.103*** 0.028 0.032* 0.018 
high education     − 0.075 0.067 − 0.038 0.037 
Swedish language     − 0.138* 0.072 − 0.033 0.033 
energy expertise     − 0.141* 0.082 − 0.083** 0.041 
floor area     0.002** 0.001 0.001*** 0.000 
home age     0.003 0.001 − 0.001 0.001 
detached house     1.595*** 0.213 0.855*** 0.166 
semidetached house     1.826*** 0.309 1.027*** 0.209 
terraced house     1.024*** 0.232 0.701*** 0.165 
owner-occupied     − 0.222 0.144 − 0.115 0.100 
sparsely populated area     0.176** 0.073 − 0.001 0.041 
accumulating electric heating       0.349*** 0.073 
direct electric heating       0.324*** 0.063 
ground heating       0.008 0.108 
air-to-water heat pump       0.243*** 0.083 
supplementary heating       0.039 0.044 
low electricity consumption       − 1.079*** 0.085 
average electricity consumption       − 0.478*** 0.039 
temperature*accum. electric heating       − 0.025*** 0.005 
temperature *direct electric heating       − 0.028*** 0.003 
temperature *ground heating       − 0.016*** 0.005 
temperature *air-to-water heat pump       − 0.026*** 0.006 
Jan_dummy       0.081*** 0.008 
Feb_dummy       0.057*** 0.008 
Mar_dummy       0.018*** 0.009 
Apr_dummy       − 0.118*** 0.012 
May_dummy       − 0.276*** 0.015 
Jun_dummy       − 0.382*** 0.020 
Jul_dummy       − 0.371*** 0.023 
Aug_dummy       − 0.371*** 0.020 
Sep_dummy       − 0.281*** 0.014 
Oct_dummy       − 0.118*** 0.008 
Dec_dummy       0.095*** 0.007          

Observations (N) 159 140  159 140  159 140  159 140  
R2 0.000  0.225  0.576  0.790  
Adjusted R2 0.000  0.225  0.576  0.790  

Estimate is statistically significant at the 1%=***, 5%=** or 10%=* risk level. 

Appendix C. Monthly treatment effect results  

Table C1 
Monthly results for Tip-R, Norm-R and Tip-NR groups.   

Tip-R Norm-R Tip-NR  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. 

constant 3.054*** 0.263 2.466*** 0.155 3.269*** 0.317 
treated_dummy − 0.026 0.043 0.054 0.036 0.010 0.051 
Nov2018_treatmentperiod_dummy 0.105*** 0.027 0.093*** 0.023 0.071 0.052 
Dec_ treatmentperiod _dummy 0.020 0.021 − 0.003 0.019 − 0.018 0.035 
Jan_ treatmentperiod _dummy 0.019 0.025 − 0.008 0.023 − 0.045 0.043 
Feb_ treatmentperiod _dummy 0.051** 0.022 0.034 0.022 0.013 0.039 
Mar_ treatmentperiod _dummy 0.000 0.022 − 0.013 0.022 − 0.058 0.049 
Apr_ treatmentperiod _dummy − 0.056*** 0.020 − 0.047*** 0.018 − 0.042 0.026 
May_ treatmentperiod _dummy 0.010 0.018 0.028 0.018 0.060*** 0.022 
Jun_ treatmentperiod _dummy − 0.021 0.025 0.003 0.023 0.016 0.030 
Jul_ treatmentperiod _dummy − 0.083*** 0.031 − 0.070** 0.029 − 0.046 0.039 
Aug_ treatmentperiod _dummy − 0.037 0.026 − 0.030 0.025 − 0.009 0.029 
Sep_ treatmentperiod _dummy 0.025 0.021 0.043** 0.020 0.029 0.024 

(continued on next page) 
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Table C1 (continued )  

Tip-R Norm-R Tip-NR  

Dependent variable: daily electricity consumption ln(kWh)  

estimate s.e. estimate s.e. estimate s.e. 

Oct_ treatmentperiod _dummy 0.060*** 0.020 0.048*** 0.019 − 0.004 0.021 
Nov 2019_ treatmentperiod _dummy 0.075*** 0.024 0.069*** 0.021 0.034 0.037 
treated_dummy* Nov2018_treatmentperiod_dummy − 0.107** 0.046 − 0.031 0.037 − 0.026 0.065 
treated_dummy* Dec_ treatmentperiod _dummy − 0.118*** 0.045 − 0.026 0.031 0.000 0.050 
treated_dummy* Jan_ treatmentperiod _dummy − 0.104** 0.049 − 0.022 0.038 0.053 0.069 
treated_dummy* Feb_ treatmentperiod _dummy − 0.096** 0.043 − 0.017 0.033 0.010 0.061 
treated_dummy* Mar_ treatmentperiod _dummy − 0.078* 0.041 − 0.030 0.033 0.052 0.056 
treated_dummy* Apr_ treatmentperiod _dummy 0.032 0.030 0.010 0.027 0.037 0.035 
treated_dummy* May_ treatmentperiod _dummy 0.088*** 0.028 0.040 0.026 − 0.019 0.028 
treated_dummy* Jun_ treatmentperiod _dummy 0.061 0.043 0.033 0.043 0.041 0.051 
treated_dummy* Jul_ treatmentperiod _dummy 0.045 0.048 0.032 0.047 0.034 0.061 
treated_dummy* Aug_ treatmentperiod _dummy 0.092** 0.040 0.032 0.039 0.030 0.049 
treated_dummy* Sep_ treatmentperiod _dummy 0.032 0.029 − 0.011 0.029 − 0.020 0.041 
treated_dummy* Oct_ treatmentperiod _dummy − 0.044 0.043 − 0.036 0.027 − 0.021 0.041 
treated_dummy* Nov 2019_ treatmentperiod _dummy − 0.083* 0.047 − 0.079** 0.032 − 0.046 0.054 
temperature − 0.012*** 0.003 − 0.013*** 0.003 − 0.009*** 0.002 
rainfall 0.001*** 0.000 0.000 0.000 0.001** 0.000 
age 0.001 0.003 0.003** 0.002 − 0.002 0.002 
household size 0.062*** 0.017 0.062*** 0.016 0.033 0.024 
income 0.007 0.018 0.023 0.017 − 0.007 0.028 
high education − 0.082* 0.044 − 0.033 0.037 − 0.019 0.058 
Swedish language − 0.018 0.046 − 0.037 0.033 − 0.071 0.066 
energy expertise 0.051 0.057 − 0.080** 0.040 − 0.093 0.088 
floor area 0.001*** 0.000 0.001*** 0.000 0.003*** 0.001 
house age 0.000 0.001 − 0.001 0.001 − 0.002** 0.001 
detached house 0.584*** 0.167 0.843*** 0.164 0.045 0.130 
semi-detached house 0.659*** 0.200 1.021*** 0.208 − 0.023 0.170 
terraced house 0.385** 0.171 0.693*** 0.165 0.060 0.099 
owner-occupied − 0.116 0.164 − 0.102 0.101 0.161 0.109 
sparsely populated area − 0.123* 0.067 − 0.005 0.041 − 0.130 0.088 
accum. electric heating 0.339*** 0.092 0.354*** 0.072 0.482*** 0.133 
direct electric heating 0.379*** 0.076 0.330*** 0.063 0.300** 0.127 
ground heating − 0.021 0.106 0.004 0.108 − 0.113 0.166 
air-to-water heat pump 0.117 0.159 0.241*** 0.082 0.595*** 0.111 
supplementary heating − 0.047 0.079 0.036 0.044 − 0.075 0.091 
low electricity consumption − 1.358*** 0.118 − 1.086*** 0.083 − 1.890*** 0.189 
average electricity consumption − 0.554*** 0.052 − 0.477*** 0.040 − 0.997*** 0.112 
temperature*accum. electric heating − 0.025*** 0.004 − 0.025*** 0.005 − 0.031*** 0.007 
temperature*direct electric heating − 0.029*** 0.004 − 0.028*** 0.003 − 0.029*** 0.005 
temperature*ground heating − 0.017*** 0.005 − 0.016*** 0.005 − 0.028*** 0.004 
temperature*air-to-water heat pump − 0.024*** 0.007 − 0.026*** 0.005 − 0.039*** 0.007 
Jan_dummy 0.101*** 0.014 0.113*** 0.011 0.065*** 0.023 
Feb_dummy 0.059*** 0.016 0.067*** 0.014 0.025 0.023 
Mar_dummy 0.050*** 0.019 0.054*** 0.015 0.039* 0.021 
Apr_dummy − 0.064*** 0.023 − 0.077*** 0.013 − 0.070*** 0.015 
May_dummy − 0.266*** 0.022 − 0.282*** 0.017 − 0.244*** 0.026 
Jun_dummy − 0.360*** 0.027 − 0.374*** 0.021 − 0.341*** 0.029 
Jul_dummy − 0.323*** 0.030 − 0.326*** 0.026 − 0.293*** 0.031 
Aug_dummy − 0.348*** 0.027 − 0.346*** 0.023 − 0.298*** 0.027 
Sep_dummy − 0.267*** 0.021 − 0.280*** 0.016 − 0.208*** 0.025 
Oct_dummy − 0.121*** 0.010 − 0.112*** 0.010 − 0.083*** 0.012 
Dec_dummy 0.113*** 0.014 0.124*** 0.012 0.085*** 0.023        

Observations (N) 160 600  159 140  146000  
R2 0.753  0.789  0.721  
Adjusted R2 0.753  0.789  0.721  

Estimate is statistically significant at the 1%=***, 5%=** or 10%=* risk level. 

Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.enpol.2021.112731. 
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