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Abstract
In this field experiment, we investigate the spillover effects of real-time social comparison 
information provided via in-home displays on residential water and energy consumption. 
We find that social comparisons targeted at electricity use induce conservation beyond 
electricity, leading to substantial reductions in energy use for water and space heating. 
Meanwhile, social comparisons targeted at water use induce little or no effects on electric-
ity, water, and space heating consumption. We argue that the differences in the direct and 
spillover effects of the two treatments can be explained by the differences in preexisting 
social norms and moral dissonance. The analysis of the heterogeneity of spillover effects 
reveals that the observed effects are more pronounced among households at the higher 
percentiles of resource use. Overall, our results suggest that spillover effects on resource 
use could be as large as the direct effects of behavioral interventions if there are strong, 
preexisting social norms to conserve the targeted resource.

Keywords  Comparison information · Electricity · In-home displays · Natural field 
experiment · Heating · Social norms · Spillover effects · Water
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1  Introduction

The field of behavioral economics has brought attention to promising ways of encourag-
ing people to make better choices for themselves and society as a whole. The findings in 
this field have inspired a wide array of environmental policies in multiple areas, including 
energy, water, and food consumption; transportation and car choice; waste management and 
resource efficiency; compliance with environmental regulations; and participation in volun-
tary schemes.1 The widespread deployment of digital innovations, such as in-home displays 
and mobile applications, eases and speeds up the implementation of behavioral interven-
tions that trigger socially desirable resource use decisions. Digital instruments enable the 
provision of granular and easily accessible social comparison information in real time (Tief-
enbeck et al. 2019). This facilitates optimal resource use behavior by reducing cognitive 
biases and socially undesirable decisions.

Social (or peer) comparisons, which allude to social norms, are among the most popular 
behavioral interventions widely used to induce resource conservation actions, particularly 
for energy and water resources. A large body of literature provides evidence that social 
comparisons are effective in reducing residential energy and water consumption, and that 
the capacity to deliver relevant comparison information at the right time can further enhance 
the effectiveness of these interventions (Callery et al. 2021). Most of these studies have 
focused on evaluating the effects of behavioral interventions on targeted resource outcomes. 
However, it is very likely that the intended social comparisons affect not only the targeted 
resource domain but also extend (spill over) beyond the targeted outcome to other resource 
domains, changing the cost-effectiveness and welfare implications of the intervention (see, 
e.g. Jessoe et al. 2021).

This paper employs a novel field experiment design and data from smart meters for elec-
tricity and water to study whether a behavioral intervention in the form of real-time social 
comparisons delivered via real-time in-home displays affects households’ energy and water 
consumption. We conduct two social comparison interventions within a single sample of 
apartment households in Sweden. This allows us to explore main and cross-domain spill-
over effects in both resource domains in a comparative manner. In particular, we examine 
whether social comparisons targeted at electricity use also affects the use of (both hot and 
cold) water and space heating—and conversely, whether those targeted at water use spill 
over into the use of electrical and heating energy. To the best of our knowledge, no study has 
evaluated such cross-domain spillover effects of water and electricity social comparisons in 
the same experimental setting. Furthermore, it has never been tested in an experimental set-
ting whether behavioral interventions targeting electricity use spill over into the hot water 
and space heating domains. The heating of space and water is a central resource domain 
that, for example, accounted for about 79% of total household energy consumption in the 
European Union (EU) in 2021 and significantly contributed to the EU’s carbon footprint 
(Eurostat 2023). This means that even a small reduction in the use of hot water and heating 
energy induced by behavioral interventions such as social comparisons could result in sub-
stantial environmental and economic benefits. Additionally, no studies investigate spillover 
effects by providing behavioral interventions in real time through digital means. All other 

1 See Lourenço et al. (2016) for an overview of behavioral policy initiatives and institutional developments 
regarding the policy application of behavioral interventions in Europe.
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studies exploring spillover effects have predominantly used (bi)monthly reports as behav-
ioral interventions, delivered by post or email.

Another unique feature of our experimental setting is that it enables us to investigate 
whether moral incentives, rather than monetary ones, primarily drive the spillover effects of 
social comparisons by focusing on energy use that households do not pay for. Unlike previ-
ous studies, which primarily feature a pecuniary motive to conserve untargeted resources 
(see Section 2 for the literature review), our study uniquely tests the spillover effects on 
both paid (energy for heating water) and unpaid (energy for heating space) energy use. 
This allows us to differentiate the impacts of monetary versus moral incentives on resource 
conservation.

Our field experiment began in March 2016 in Umeå, a city in northern Sweden, and the 
treatments lasted for one year. The treatments were delivered via preinstalled in-home dis-
plays, which were salient and updated in real time.2 We constructed two separate treatment 
groups—one targeting electricity use for social comparison and another targeting water use. 
We found that the electricity social comparison treatment not only induced direct electricity 
savings but also spillover savings in hot water and heating energy. On average, electricity 
use decreased by 5.6% (or 111 kWh per year), while non-targeted consumption of hot water 
and heating energy decreased by 9.9% (about 132 kWh per year) and 0.9% (about 90 kWh 
per year), respectively. Meanwhile, the water social comparison induced neither direct nor 
indirect effects on the use of water, electricity, or heating energy. We argue that the differ-
ences in direct treatment effects and spillover effects between the water and electricity treat-
ments might be explained by differences in preexisting social norms of resource utilization, 
demonstrating that the social norm for energy conservation is stronger than that for preserv-
ing (cold) water in our study area. Furthermore, moral dissonance could help explain the 
spillover effects from the electricity domain to the water and heating domains.

The rest of the paper is structured as follows: Section 2 presents a brief literature review 
summarizing the findings of several field-experimental studies that have empirically tested 
the spillover hypothesis in the context of various behavioral interventions. Section  3 
describes our experimental design. In Section 4, we present the experimental data and inter-
pret the results of our empirical analysis. We conclude in Sect. 5.

2  Brief Literature Review

In this section, we briefly review results from previous field experiments conducted to 
analyze both the direct and spillover effects of various informational behavioral interven-
tions, including social comparisons. It is well established that social comparisons promote 
household resource conservation behavior, at least in the short run (see, e.g., review stud-
ies of Abrahamse et al. 2005; Darby 2006; Fischer 2008; Ehrhardt-Martinez et al. 2010; 
Faruqui et al. 2010; Clò et al. 2024). Psychologists argue that peer or social comparisons 
may activate social norms—descriptive and injunctive—that lead people to change their 

2 The dwellings of the participating households were already equipped with real-time displays prior to the 
experiment’s start. Thus, we avoid the “new-gadget effect,” that is, the effect that people pay attention to and 
play around with their new appliances.
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behavior (Cialdini et al. 1991; Reno et al. 1993).3 However, whether social comparisons 
‘spill over’ into untargeted resource domains is less well understood, presumably due to a 
lack of opportunities to perform such types of analysis.

To the best of our knowledge, there are only few studies that examine cross-domain 
spillover effects of social comparisons (Carlsson et al. 2021; Goetz et al. 2021; Jessoe et 
al. 2021; Bonan et al. 2023). All of these studies investigate spillover effects on energy use 
stemming from water use reports, not other way round. Two of these studies (Goetz et al. 
2021; Bonan et al. 2023) find evidence for significant spillover effects, i.e. that providing 
water use reports affects not only targeted resource domain (water use) but also an untar-
geted resource domain for the whole samples.

Several other studies have investigated spillover effects using different types of infor-
mational interventions. Alacevich et al. (2021) found that the introduction of a new policy 
that requested households to engage in waste separation by providing information about 
the benefits and pro-environmental consequences of organic waste recycling had a positive 
spillover effect (8%) on treated individuals’ total waste production in Sweden. In a similar 
setting Ek and Miliute-Plepiene (2018) evaluated the spillover effect of a food waste collec-
tion policy on the amount of packaging waste collected for recycling. They found a positive 
SATE of 8%. Tiefenbeck et al. (2013) studied the spillover effect of weekly water consump-
tion feedback on electricity consumption in the U.S. They found that the treatment reduced 
water consumption but increased electricity consumption by 5.6%. They argued that the 
negative spillover could be due to moral licensing.

Table 1 summarizes the findings of previous studies in terms of targeted and untargeted 
treatment resource domains; the type of treatment; whether the experiment was designed 
bidirectionally, going from the targeted resource domain to the untargeted resource domain 
and vice versa; and whether subjects/households have a pecuniary motive to conserve the 
untargeted resource or not. It also accounts for the mode of treatment provision, the duration 
of the treatment, the frequency of measurement, direct average treatment effects (ATE), the 
type (positive, negative, or no effect) and size of average treatment spillover effects (SATE), 
the geographical location of the experiment, and the sample size of the control and treat-
ment groups.

Unlike the previous studies summarized in Table 1, our paper aims to expand the exist-
ing literature in two unexplored directions. First, our field experiment allows us to examine 
the cross-domain spillover effects of water and electricity social comparisons in the same 
experimental setting. By analyzing spillover effects of electricity and water social compari-
sons on two types of resource domains (energy and water) in the same social context, we 
can determine whether preexisting, resource-specific social norms of resource use led to 
different spillover effects. Second, our experimental setting allows us to explore whether 
non-monetary (moral) incentives primarily drive the spillover effects of social comparison 
by analyzing the spillover effects on the energy use that households do not need to pay for. 
One common feature of all the studies summarized in Table 1 is the presence of a pecuniary 
motive to conserve the untargeted resource. As households are required to pay for the use 
of the untargeted resource directly, attention-increasing information might motivate them 

3 Descriptive norms specify “what most people do in a particular situation, and they motivate action by 
informing people of what is generally seen as effective or adaptive behavior there. Injunctive norms … 
specify what people approve and disapprove within the culture and motivate action by promising social 
sanctions for normative and counter-normative conduct” (Reno et al. 1993, p. 104).
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to save the secondary resource for monetary gains rather than moral incentives. Our study 
differs from the aforementioned studies in that we can test the spillover effects for energy 
use that households pay for (energy for heating water) and for energy that households do not 
pay for (energy for heating space).4

3  Design of the Experiment

The field experiment was implemented in collaboration with a municipality-owned rental 
housing company, Bostaden Ltd, which is based in Umeå, Sweden. Bostaden Ltd owns and 
manages over 15,000 apartments and is in this respect the biggest actor in Umeå’s rental 
housing market, with a market share of about 50% (60% if including student housing).

The field experiment included 525 newly built residential rental apartments equipped 
with in-home displays (IHDs) connected to water and electricity smart meters. These 
devices provide tenants with real-time information on their electricity and water usage, as 
well as indoor temperature. The IHDs are placed on the side of the front door and updated 
almost in real-time. The sampled households were divided into two treatment groups—one 
for electricity and one for water, comprising 100 and 110 apartments, respectively—and a 
control group of 315 apartments. We avoided having separate treatments for hot and cold 
water for mainly two reasons. First, we were constrained by sample size, and additional 
treatment arms would have further reduced the statistical power of our study. Second, hav-
ing comparisons for cold water but not for hot water might have raised questions or even 
complaints from households. The housing company did not want that and preferred having 
water treatments combined.

The apartments were assigned to the different groups as follows: One ‘block batch’ (a 
block of eight buildings) was assigned to the two treatment groups, and three block batches 
were assigned to the control group. Each of the eight buildings in each treated block batch 
was then randomly assigned to one of the two treatments. The contiguous block group 
approach, i.e., random selection of buildings rather than individual apartments, was applied 
for two reasons. First, to minimize the risk of treatment spillover contaminating the control 
group, which can occur if subjects in the control and treatment groups are in close proxim-
ity (Heckman and Smith 1995; Harrison and List 2004). Second, our housing company 
preferred to randomize at the building level to reduce the risk of tenant complaints about 
inconsistencies in apartment amenities within the same building.

Ideally, we would have liked to establish a randomized trial setting that was as ‘clean’ 
as possible. However, due to the strong preferences of our research partner, Bostaden Ltd., 
regarding how to cluster the treatment and control groups, we could not conduct an ideal 
randomized control trial (RCT). Our experiment arguably resembles an RCT, but we con-
sider it to be more of a ‘natural field experiment’ in line with the taxonomy of Harrison and 
List (2004). In the absence of a completely clean RCT, we must resort to natural experimen-
tal methods that attempt to mimic the randomized allocation setting under reasonable con-
ditions. A major concern is that the control and treatment groups might differ in ways that 
could be correlated with the outcome variables (electricity, water, and heating energy use). 

4 Our field experiment participants have to pay for their smart meter-measured use of electricity, cold water, 
and hot water but not for space heating. Space heating costs are included in the price of apartment rents that 
are regulated by the state of Sweden.
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In principle, many unobservable characteristics that might confound causal identification 
are those that vary across households or apartments but remain fixed over time. A common 
method of controlling for time-invariant unobserved heterogeneity is to use difference-in-
differences (DID) models, which we specify in Sect. 4.2.5

The decision to create two separate treatment groups was based on our objective to test 
whether the direct and spillover effects of providing social comparison information on dif-
ferent resources vary. The treated households were informed about the changes to their 
IHDs through printed letters distributed on March 1, 2016. The participating households 
were observed for 24 months—12 months before and 12 months after the introduction of 
the treatment.

The key features of the IHD designs for the three groups (two treatments and one control) 
are shown and summarized in Fig. 1. Before the experiment was introduced, all selected 
households had been exposed to the control IHD (top IHD in Fig. 1), which displays the 
household’s current electricity and water (cold and hot) consumption in real-time (“Actual 
consumption”) and cumulative 24-hour electricity and water use (“Last 24  hours”). The 
displays also show outdoor and indoor temperatures and have indicators of positive or nega-
tive consumption changes over time, based on the household’s past electricity and water 
consumption.

The middle and bottom IHD displays in Fig. 1 illustrate the new information provided 
by the treatment IHDs. As can be seen, three horizontal bars have been added to these dis-
plays. The top two bars, labeled “Idag and Du”, provide information about the household’s 
consumption of the respective resource in the current 24-hour period (i.e., since midnight) 
and as a 7-day moving daily average, respectively. Electricity and water consumption are 
measured in kWh and liters, respectively. The third bottom bar, labeled “Andra”, shows the 
7-day moving daily average consumption recorded for all other IHD-equipped households 
in apartments of similar size. This new information enables treated households to compare 
their own average consumption of electricity or water with the average consumption of 
similar households.

The experiment was not preannounced, and participation was nonvoluntary for the sam-
pled households. Consequently, no monetary incentives were offered to the participants. 
We chose not to preannounce the experiment to the households to avoid the so-called social 
desirability bias—that is, the tendency for treated subjects to behave in line with the implicit 
objectives of the experiment, even if these objectives are not explicitly communicated. 
During the year following the treatment, not a single household contacted the landlord to 
express concerns or a desire to revert to the old IHD design at any point during the experi-
mental period.

When interpreting the results, it is important to understand some features of the par-
ticipating apartments. First, the participating tenants are subject to individual metering 
and billing of electricity and water. The costs of heating and other utilities, such as gar-
bage management and lighting of common areas, are included in the apartment rent. This 
means that households are neither aware of individual nor building-level heating costs but 

5 Our experiment was not pre-registered and therefore did not include a pre-analysis plan or power analysis. 
This is due to the reason that at the time we designed this experiment (year 2015), preregistration was not a 
common practice for field experiments. Among the similar studies summarized in Table 1 of our manuscript, 
only two recently designed field experiments (Goetz et al. 2021; Bonan et al. 2023) were pre-registered, 
while the other five were not.
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can increase or decrease their indoor temperatures as desired by adjusting each dwelling’s 
thermostats. Apartment-specific indoor temperatures are displayed on the IHD (see Fig. 1). 
Second, housing company provides all its tenants with fixed electric appliances, such as 
refrigerators, freezers, dishwashers, and kitchen ranges. These appliances are the same or 
very similar across all new apartments in terms of energy performance and functions. Third, 
there is no obvious mechanical link between the consumption of hot water, electricity, and 
heating since the heating system is based on district heating. The main mechanical link 
between electricity and (cold) water consumption is through cooking. In the study area, 
district heating is primarily produced from biofuels and solid waste combustion by a local 
district heating plant.

It is also important to note that the main objective of our experiment is to test the effect 
of descriptive norms, and it does not include injunctive norm messages. While most studies 

Fig. 1  IHD designs for the control group and the two treatment groups
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have clear injunctive messages in their treatments, this study stands out for avoiding such 
messages, and the results of this study are not directly comparable with other studies that 
use the injunctive messages. The displays in our study also had the thumbs-up and thumbs-
down icons, which had been available since the installation of these displays by the housing 
company (see the screen of the control group in Fig. 1). However, the indication of these 
displays’ thumbs-up or thumbs-down icons was based on a within-household comparison 
(not on peer comparison). Thus, the risk that it contaminated our treatment of descriptive 
social norms is small.

4  Results

4.1  Descriptive Statistics

Table 2 presents the descriptive statistics for the control group and the two treatment groups 
for electricity, water usage, and indoor temperature before and after the treatments were 
delivered. The control group consists of 315 apartments, while the treatment groups include 
100 apartments targeting electricity use and 110 apartments targeting water use. We observed 
these groups for two years—one year before and one year after the treatment was delivered.

Our experiment collects real-time data from smart meters and indoor sensors (measuring 
indoor temperature). For research purposes, we aggregate the hourly data daily. Our main 
outcome variables are electricity consumption, cold and hot water use, and daily indoor 
temperature over two years, with 365 daily observations per year for most apartments.

We removed obviously flawed observations, such as abnormal electricity or water read-
ings (exceeding 1,000 kWh/day or 500 l/day) from the analysis, as well as daily observa-
tions with missing data for some hours. We also excluded observations of daily electricity 
consumption when electricity was reported as switched off (zero consumption), but water 
was reported as positive consumption. These dropped observations correspond to less than 
2% of the total daily observations. Table 2 also reports the exact number of observations for 
each group during the pre-treatment and post-treatment periods, along with other relevant 
descriptive statistics.

Table 2 indicates that the average daily electricity use in the electricity treatment group 
decreased by 0.22 kWh (from 4.52 kWh to 4.30 kWh), while in the control group, it 
decreased by only 0.11 kWh (from 4.61 kWh to 4.50 kWh). Conversely, daily electricity 
use in the water-targeted treatment group increased slightly (from 4.9 kWh to 5.0 kWh). 
The average hot water use in both the water-targeted treatment and control groups remained 
practically unchanged (around 64–65 liters per day). However, hot water use in the electric-
ity-targeted treatment group decreased slightly (by 2.3 liters per day). The average indoor 
temperature slightly increased in all groups, which could be due to the fact that our panel 
data is not balanced, with proportionally more observations in the warmer months of the 
post-treatment period. Overall, when examining the descriptive statistics of targeted and 
untargeted resource use, it is not clear whether there is evidence of spillover effects. To test 
for spillover average treatment effects, we will employ regression analysis.
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4.2  Spillover Average Treatment Effects

To estimate the direct and spillover average treatment effects, we run the following differ-
ence-in-differences regression model: 

	 yit = β1TREATi + β2POSTt + β3TREATi ∗ POSTt + µXt′ + αi + εit,� (1)

Table 2  Descriptive statistics
Pre-treatment Post-treatment
No. of daily 
observations

Average Std. 
dev.

No. of daily 
observations

Average Std. 
dev.

Control group*
Electricity, kWh/day 75,301 4.61 3.22 113,127 4.50 3.22
Hot water, l/day 73,654 64.05 59.71 109,816 65.24 62.68
Cold water, l/day 73,654 94.48 70.45 109,816 90.28 69.08
No. of rooms** 76,517 2.38 0.71 113,820 2.33 0.72
Apartment size, m2 76,517 60.41 18.69 113,820 59.13 18.99
Outdoor temperature (o C/day) 76,517 3.41 8.88 113,820 5.34 8.09
Sunlight (radiation intensity) 76,517 73.16 82.38 113,820 91.34 91.16
Precipitation (mm/day) 76,517 1.72 4.04 113,820 1.37 3.77
Indoor temperature (o C/day) 76,517 22.17 1.53 113,820 22.45 1.71
Electricity-targeted treatment group
Electricity, kWh/day 35,217 4.52 2.69 33,734 4.30 2.51
Hot water, l/day 35,807 53.30 53.45 35,875 50.98 51.63
Cold water, l/day 35,807 73.83 56.38 35,875 73.12 58.46
No. of rooms 36,009 2.28 0.45 36,136 2.28 0.45
Apartment size, m2 36,009 59.34 9.63 36,136 59.39 9.67
Outdoor temperature (o C/day) 36,009 4.5 8.3 36,136 5.33 8.09
Sunlight (radiation intensity) 36,009 90.80 85.05 36,136 90.89 90.77
Precipitation (mm/day) 36,009 1.70 3.99 36,136 1.38 3.77
Indoor temperature (o C/day) 36,009 22.77 1.29 36,136 22.81 1.40
Water-targeted treatment group
Electricity, kWh/day 39,636 4.89 3.02 39,894 5.00 2.89
Hot water, l/day 39,125 64.45 58.74 38,959 64.61 58.72
Cold water, l/day 39,125 85.12 63.93 38,959 86.97 64.75
No. of rooms 39,839 2.38 0.59 39,894 2.38 0.59
Apartment size, m2 39,839 62.37 11.70 39,894 62.29 11.69
Outdoor temperature (o C/day) 39,839 5.06 8.36 39,894 5.36 8.11
Sunlight (radiation intensity) 39,839 90.47 84.69 39,894 91.26 91.03
Precipitation (mm/day) 39,839 1.74 4.11 39,894 1.37 3.76
Indoor temperature (o C/day) 39,839 22.49 1.88 39,894 22.67 1.95
Notes: *The control group has a smaller number of observations before the delivery of the treatment 
due to the fact that seven buildings containing 185 apartments in the control group were built and fully 
accommodated between 10 and 2 months before the treatment. **In Sweden, the number of rooms means 
the number of living space rooms and bedrooms and does not include the kitchen or bathroom. Therefore, 
a two-room apartment means an apartment with a living room and a bedroom, a bathroom, and a kitchen. 
In the U.S. or U.K., this apartment would be called a “one-bedroom apartment.”
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where yit represents our outcome variables: daily electricity use (in kWh), hot or cold water 
use (in liters), and indoor temperature (in oC) in household i at time t; TREATi is a dummy 
variable indicating whether household i is in the water- or electricity-targeted treatment 
group or the control group; POSTit is a dummy variable indicating the pre- and post-
treatment periods; X ’

t is a set of the time-varying covariates (year-monthly fixed effects, 
Monday-to-Sunday fixed effects, and weather controls, such as outdoor temperature, sun-
light, and precipitation); αi represents household fixed effects; and εit is an idiosyncratic 
error term (unobserved household-specific shocks). This model is estimated in OLS using 
the standard fixed-effects estimator with Huber-White standard errors, clustered at the unit 
of the building to account for serial correlation (Bertrand et al. 2004). The estimated coef-
ficient β3 measures the direct average treatment effects and the average treatment spillover 
effects of provision of social comparison information on our outcome variables.

It should be noted that we estimate the SATEs of the water and electricity treatments on 
apartments’ indoor temperatures by applying Equation 1 to the heating period only. In our 
study area, the heating season includes all months except June, July, August, and September. 
Therefore, for this analysis, we have eight heating months before the treatment and eight 
heating months after the treatment.

The results from the estimation of the DID model are presented in Table 3. We find that 
the water social comparison was ineffective in reducing targeted cold and hot water con-
sumption and did not spill over into the electricity and heating domains (see Columns 1–3 in 
Table 3). Meanwhile, the electricity social comparison not only had a direct positive effect 
on electricity conservation (see Column 7 in Table 3) but also a positive spillover effect 
on hot water consumption and space heating (see Columns 5 and 8 in Table 3). On aver-
age, treated households reduced their electricity use by 0.306 kWh per day and hot water 
consumption by approximately 6.5 liters per day. It should be highlighted that the spillover 
effect of the electricity treatment on hot water use is stronger than the direct effect of the 
water treatment itself, which is not significantly different from zero (see Columns 1 and 5 
in Table 3). We find that the electricity treatment, unlike the water treatment, had a signifi-
cant spillover effect on apartments’ indoor temperatures. On average, the electricity-targeted 
treatment group reduced their indoor temperature by 0.202 °C (see Column 8 in Table 3).

4.3  Inference

In our main DID model (see Eq. 1), we rely on building-level clustered robust standard 
errors to account for the correlation within buildings, as our treatment was assigned at the 
building level. However, the consistency of the clustered robust estimation depends on con-
ditions such as an infinite number of clusters and equal size of clusters. Since we have a lim-
ited number of clusters and an unequal number of observations within each building-level 
cluster, the standard errors estimated using the clustered robust approach may not be con-
sistent (see, e.g. Mackinnon and Webb 2017). Therefore, we use randomization inference 
(RI) to test for the causal effects of our treatment. Originally developed by Fisher (1953) 
and later advanced by Rosenbaum (2002), RI imposes no distributional assumptions on the 
errors and is valid even in small samples.

RI computes the empirical distribution of the DID estimate for a large number of ran-
domly generated placebo treatments under the null hypothesis of no effect using a simula-
tion method. The critical value of the treatment spillover effect to be used for the inference 
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test can be determined from a large number of simulations. We randomize the assignment 
of buildings to treatment and control groups, and we use the DID coefficient (the interac-
tion term in Eq. 1) as the test statistic. Our null hypothesis is that our water and electricity 
social comparison treatments had no effect on water consumption, electricity, and/or heat-
ing energy use, or β3 = 0 in Equation 1. We conduct the RI test using 1000 replications in 
the “ritest” Stata command developed by Hess (2017). The results from the RI test confirm 
our initial results that electricity social comparison treatment significantly reduced not only 
targeted electricity consumption, but also hot water consumption and apartments’ indoor 
temperatures (see Table 4).

4.4  Spillover Quantile Treatment Effects

Motivated by recent impact evaluation studies that document the relevance of measuring 
the distributional effects of an intervention (see, e.g. Havnes and Mogstad 2015; Bedoya 
et al. 2018; Byrne et al. 2018), we estimate the spillover quantile treatment effects (SQTE) 
of our social comparisons. This allows us to explore how the spillover effects vary among 
households with different levels of resource use.6

Following Rios Avila (2019) we estimate the following model to get the SQTEs.7

	 RIF
(
yit; v

(
Fy/T REAT,P OST

))
= β1TREATi + β2POSTt + β3TREATi ∗ POSTt + µ X ′

t + αi + εit, � (2)

where RIF
(
yit; v

(
Fy/T REAT,P OST

))
 represents the recentered influence function (RIF) 

of the outcome variable; yit is the daily hot water use in liters and indoor temperature in 
degrees of Celsius in household i at time t; Fy/T REAT,P OST  is the cumulative distribution 
function; TREATi is a dummy variable indicating whether household i is in the electricity 
treatment group or the control group. The remaining variables are the same as in the main 
DID model (see Eq. 1). The estimated coefficient β3 measures SQTEs.

As we did not find any significant spillover effects of water social comparison, we pres-
ent below the SQTEs of electricity social comparison for hot water and indoor temperatures 
with 95% confidence intervals (see Fig. 2). We find that the SQTEs of electricity treatment 
on hot water consumption are significant at the higher percentiles of the hot water consump-
tion distribution. Compared to the SATE (see Table 3), significant and larger reductions in 
hot water use are observed for households with hot water consumption levels above the 
45th percentile. Conversely, for hot water consumption levels below the 60th percentile, 
the SQTEs are smaller (and insignificant below the 45th percentile) than the SATE, imply-
ing that the spillover effects of electricity social comparison on hot water conservation are 
heterogeneous and driven by households that consume hot water above the median level.

On the other hand, the SQTEs of electricity treatment on heating energy use are signifi-
cant at the tails of the heating energy use distribution. As one can see from the lower panel 
of Fig. 2, a higher and statistically significant reduction in indoor temperature is found for 

6 We follow the specification of Firpo et al. (2009), which was extended to panel data application by Rios-
Avila (2019). We use the Stata command developed by Rios-Avila (2019) to estimate the SQTEs.

7 See Rios-Avila (2019) for a detailed explanation of the approach.
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households with heating energy use levels below the 10th percentile and above the 90th 
percentile.8

4.5  Persistency of the SATEs

To examine the persistency of the SATEs induced by electricity social comparison treat-
ment, we estimate the SATEs for hot water use and indoor temperature for each month of 
the experiment. The monthly SATEs are generated by estimating the following DID model: 

	
yit = γ0TREATi + γ1POSTit +

18∑
m=1

βm (MONTHm*TREATi) + µ X ’
t + αi + εit,� (3)

where yit represents the daily hot water use in liters and indoor temperature in degrees of 
Celsius in household i at time t; TREATi is a dummy variable indicating whether house-
hold i is in the electricity treatment group or the control group; and MONTHm are the 
dummy variables representing a specific month (m = 1, …, 18) in the post-treatment year. 
The remaining variables are the same as in the main DID model (see Eq. 1). The estimated 
coefficients of the interaction terms between the monthly dummies and the treatment vari-
able, βm, yield the monthly average spillover effects. As before, the model is estimated by 
using OLS with household fixed effects and clustered standard errors at the building level. 
We plot the monthly SATEs for hot water and indoor temperature with 95% confidence 
intervals in Fig. 3.

Figure 3 demonstrates that the electricity treatment led to a reduction in hot water use dur-
ing the first four months of the experiment (March–June 2016), and similar effects returned 
after the summer vacation, with statistically significant effects observed in January and Feb-
ruary. In the case of indoor temperature, the monthly SATEs (Standard Average Treatment 
Effects) were significant for four of the eight heating months (May–December 2016).

4.6  Interpreting the Results

Here, we aim to better understand the reasons behind the spillover effects of the electricity 
social comparison treatment by answering four questions. First, what drives the spillover 
effects of the electricity treatment—is it a mechanical link between electricity use and hot 
water and heating use, or behavioral changes? Second, why did we find positive spillover 
effects by targeting electricity use but not water use? Third, what actions underlie the energy 
savings (both direct and indirect) induced by the electricity social comparison treatment? 
Finally, we want to determine whether the overall spillover effect is larger than the direct 
effect in terms of energy use.

4.6.1  What Can Explain Spillover Effects?

In previous studies, spillover effects induced by social comparisons are generally explained 
either by mechanical complementarities between appliances or other housing services that 

8 We also conduct heterogeneity analysis based on baseline electricity consumption for electricity-targeted 
treatment groups. The results are consistent with our main findings and are presented in Table A5 in the 
Appendix.
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use both energy and water, or by changes in treated households’ behavior (see, e.g. Jessoe 
et al. 2021). One exception is Carlsson et al. (2021), who demonstrate how cognitive dis-
sonance facilitates the positive spillover effect of social comparison information provision. 
In our case, we posit that behavioral factors drive the spillover effects we observed, since 
there is no obvious mechanical link between the treatment-targeted electricity use and the 
use of hot water or indoor temperature in our study area. Participating households live in 
apartments provided with hot water and space heating by centralized district heating, while 
electricity is mainly used for lighting, cooking, and running kitchen and other appliances. 
Hot water is primarily used for showering. Thus, unlike in other studies, we can rule out 
mechanical complementarities among these resources and should instead focus on behav-
ioral drivers that could explain the observed spillover effects.

As noted in Section 2, participating households did not have direct pecuniary motives to 
save energy used for space heating, unlike in other studies (see Table 1 for examples), but 
they had one for energy used to heat their water. In our study area, space heating expenses 
are included in the apartment rent payments that do not change over winter or summer 
months, and the state regulates these rents. Thus, only a non-monetary motive to save 
energy can explain the actions taken to reduce indoor temperatures. Specifically, we draw 
from the theory of moral dissonance. According to this theory, individuals want to avoid 
inconsistency in their beliefs and behaviors to reduce moral costs. Due to this, a strong cor-
relation between behaviors in different domains is likely to exist (Festinger 1962). Failure 
to maintain their primary resource domain consumption behavior in the secondary domain 
will result in a behavioral inconsistency. To avoid this inconsistency, individuals who reduce 

Fig. 2  SQTEs of electricity social comparison on hot water consumption and apartments’ indoor 
temperature

 

1 3

1894



The Spillover Effects of Real-Time Social Comparison Information on…

their primary resource use will also reduce their consumption of the secondary resource. We 
argue that, in our case, participating households’ internal motivations to conserve electric-
ity might translate into internal motivation to consume less energy for water and apartment 
heating in order to reduce behavioral inconsistencies.

Besides this intuitive explanation, we investigate the estimated quantile spillover treat-
ment effects presented in Section 4.4 to find some supportive evidence for our claims. If the 
mechanism behind the spillover effects relates to individuals’ ambition to be consistent in 
their behavior, we expect that households who reduced their hot water use or indoor temper-
ature due to electricity-targeted treatment also reduced their electricity consumption. As can 
be seen in Fig. 2, we find the significant spillover quantile treatment effects of electricity-
targeted treatment on hot water consumption for households with hot water consumption 
above the 45th percentile. Therefore, we estimate the direct treatment effects on electricity 
use by splitting the sample into two groups. The first group consists of households above 
the 45th percentile, for which we find a significant spillover effect of electricity-targeted 
treatment on hot water. The second group contains households below the 45th percentile, for 
which we find no significant spillover effect on hot water consumption due to the electricity-
targeted treatment. The results reveal that on average households who reduce their hot water 
consumption due to electricity-targeted treatment also reduce their electricity consumption 
(see Table A2 in the Appendix). Likewise, consistent with the cognitive dissonance theory, 
on average, we do not find a significant effect on electricity use for households in this sub-
sample of households with no significant spillover effect on hot water. The corresponding 
results for heating are not as clear. While households who do not reduce the use of heating 

Fig. 3  SATEs of electricity-targeted treatment on hot water use and indoor temperatures for each month 
over the period of the treatment and pre-treatment (CI 95%)
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energy also do not save electricity, for households with significant spillover effects we find 
a larger but insignificant effect on electricity use (see Tables A3 in the Appendix). Over-
all, these results provide supporting evidence for cognitive dissonance as the underlying 
mechanism.

4.6.2  Why Did Positive Spillover Effects Results from Targeting Electricity but Not 
Water Use?

The differences in the SATEs of the electricity and water treatments can be explained by 
differences in social norms regarding electricity and water use that prevail in our study area. 
Kažukauskas et al. (2021) argue that in Sweden there is no social or political pressure to 
save water, as this resource is abundant and inexpensive throughout the country. However, 
this is not the case in other countries where water shortages are prevalent; for instance, see 
the study by Jessoe et al. (2021) in California. Hence, there is reason to believe that people 
in Sweden are less concerned than those in many other places about the environmental 
impacts of water use, and that social norms therefore do not provide a very effective tool for 
reducing residential water use in Sweden.

However, the same cannot be said about residential electricity consumption, since house-
holds in Sweden associate electricity use with various environmental problems, including 
climate change. The results from an Organization for Economic Cooperation and Devel-
opment (OECD) survey, which asked respondents about the seriousness of six specific 
environmental issues facing the world, show that Swedish respondents were aware of the 
negative environmental impact of energy use and perceived climate change as the most seri-
ous problem (OECD 2014). The same survey also reports that Swedes were the second most 
likely to believe that climate change is partly caused by human activity, such as burning coal 
or gas for power generation. Recently, the Eurobarometer survey on Europeans’ attitudes 
towards climate change asked respondents to identify the single most serious problem fac-
ing the world from a list of 11 issues. The results reveal that Swedish respondents ranked 
climate change as the most serious global problem (41% of respondents– highest among the 
EU member states). Meanwhile, “poverty, hunger and lack of drinking water” was consid-
ered the most serious global problem by 15% of the Swedish respondents, which was below 
the EU average. Additionally, when asked about individual actions taken to address climate 
change, 25% of the Swedish respondents (the highest share among the EU member states) 
had switched to an energy supplier with a greater share of energy from renewable resources 
(European Commission 2023). Thus, we think that these preexisting differences in social 
norms about the utilization of electricity and water are the reason the spillover effect was 
induced by the electricity social comparison treatment.

4.6.3  What Actions Can Explain Positive Direct and Spillover Effects on Energy Use?

The literature suggests two main explanations for energy conservation resulting from the 
provision of social comparison information. The first is investments in energy-efficient 
household equipment, and the second is behavioral changes such as habit formation (see, 
e.g. Allcott and Rogers 2014). We argue that the first explanation does not account for our 
findings, since all apartments in our study are equipped with very similar kitchen appliances, 
including refrigerators, dishwashers, and kitchen ranges, provided by the rental company. 
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This means that households’ interest in investing in energy-efficient appliances is negligible. 
Instead, we contend that behavioral changes explain the observed electricity savings. For 
instance, to reduce electricity consumption, households might switch off the lights when 
they leave home and unplug various electronics when not in use. To reduce hot water use, 
households might shorten shower times and use cold water instead of hot for other activi-
ties. Finally, households might reduce heating energy use by adjusting their thermostats and 
closing off unused rooms in their homes.

4.6.4  Could the Spillover Effects Be Larger than the Direct Effect in Terms of Energy 
Use?

Another important aspect of our results involves checking whether the energy savings from 
the spillover effects exceed those from the direct effect. To better understand the total energy 
savings from both the direct and spillover average treatment effects induced by electricity 
social comparison, we use back-of-the-envelope calculations to compare the energy savings 
from the direct effect to those from the spillover effects.9 We find that the energy savings 
from the untargeted resource domains (hot water and space heating) are twice as large as 
those from electricity. We estimate that the energy savings from the reduction in hot water 
consumption and space heating are about 132 kWh per year and 90 kWh per year, respec-
tively. In comparison, the energy savings from the directly induced reduction in electricity 
consumption amount to 111 kWh per year (0.306 kWh/day multiplied by 365 days).

4.7  Robustness Tests

4.7.1  Parallel Trends and Placebo Tests

The identification of the DID model relies on the fulfillment of the parallel trends assump-
tion, which states that outcome variables should have similar trends for the treatment and 
control groups in the pre-treatment period. We test this assumption by following three pro-
cedures. First, we visually inspect the trends of our outcome variables (electricity, hot and 
cold water, and heating energy) for the treatment and control groups before and after the 
treatment delivery (see Figure A1 in the Appendix). It is evident that our outcome variables 
have similar pre-treatment trends, providing initial evidence for the validity of the parallel 
trends assumption.

Second, we also check the pre-treatment balance of the variables by calculating the 
normalized differences and find that all the normalized differences between the treatment 
and control groups are less than 0.25, except for indoor temperatures and cold water (see 
Appendix Table A1). Generally, a difference in average means greater than 0.25 standard 
deviations is considered substantial. This statistically substantial difference in indoor tem-
peratures between control and treatment groups could have occurred due to our ‘batch’ 
randomization approach and the fact that individual actions to control indoor temperature 
within apartment blocks are somewhat limited.

Third, to conduct a ‘placebo’ test, we apply randomization inference (RI), as previously 
discussed in Section 4.3. The results from the RI test confirm our main findings. Further-

9 We do not aim to measure the welfare effects as is done in other similar studies (Allcott and Kessler 2019) 
since it is not possible to elicit the demand curve for the social comparison information provision.
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more, we test for a placebo effect by extending our data with an additional year and con-
sidering a ‘fake’ treatment delivery date. Specifically, we hypothetically consider 2014 as 
a pre-treatment year and 2015 as a treatment year. The results from this exercise, presented 
in Table 5, reveal that our outcome variables do not indicate a statistical difference between 
the treated and control groups in 2014–2015.10

4.7.2  Balanced Sample

So far, our analysis is based on an unbalanced panel data sample (see Table 2). Thus, we 
estimate our main model using a balanced sample to check how this affects our results 
reported above. As seen in Table 6, the ATEs and SATEs remain robust for the balanced 
data sample as well.

5  Conclusions

The behavioral environmental economics literature suggests that behavioral interventions 
may be part of a cost-efficient strategy to encourage households to act in more prosocial 
ways. While studies have primarily focused on measuring the direct effects of behav-
ioral interventions, the effects of a particular intervention may extend beyond the targeted 
resource domain, and failing to account for such indirect effects can lead to underestima-
tions of their welfare implications.

Despite the generally reported benefits of using digital real-time feedback to nudge con-
sumers to reduce their energy consumption, none of our reviewed studies use real-time 
feedback to assess the spillover effects on other resource domains. In this paper, we present 
new results from a natural field experiment that contribute to the understanding of whether 
behavioral interventions provided in real-time in the form of social comparisons spill over 
beyond the targeted resource domains. We estimate the spillover effects of the provision of 

10 We conduct additional analysis using machine learning techniques to account for potential nonlinearities. 
Specifically, we employ a double-debiased machine learning approach on the full sample. The results remain 
consistent with our main results and are presented in Appendix Table A4.

Table 5  “Placebo” ATEs and SATEs on daily electricity, cold water, hot water, and heating energy use
Water-targeted treatment Electricity-targeted treatment

Variables Hot 
water

Cold 
water

Electricity Indoor 
temperature

Hot 
water

Cold 
water

Electricity Indoor 
temperature

TREAT*POST 2.405 3.500 0.283 −0.040 3.419 2.589 −0.068 0.025
(3.770) (5.048) (0.301) (0.077) (3.877) (5.027) (0.301) (0.074)
[0.556] [0.303] [0.203] [0.716] [0.108] [0.416] [0.653] [0.641]

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Number of 
observations

97,321 97,321 98,780 99,111 70,441 70,441 70,934 71,278

Number of 
apartments

150 150 150 150 109 109 109 109

Notes: Randomization inference and clustered error methods were conducted to obtain alternative 
p-values. The standard error clustered at the apartment level is in parentheses, and the p-value obtained 
using randomization inference is provided in squared brackets. Sectoral crossover effects are in bold style
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social comparison information on the consumption of two resources—energy and water—
in the same experimental setting. This enables us to contribute to the existing literature 
by investigating whether social comparisons targeting resources with presumably different 
preexisting social norms regarding conservation induce different spillover effects.

We find that only electricity-targeted social comparison is effective in reducing electric-
ity consumption and that it induces conservation beyond electricity, leading to reductions in 
energy used for heating water and space. Water-targeted social comparison does not induce 
effects on either the targeted water domain or energy resource domains. We argue that the 
differences in direct treatment and spillover effects from the water and electricity treatments 
might be explained by differences in preexisting social norms of resource utilization. We 
reason that in the case of our study area (northern Sweden), there could be a relatively stron-
ger social norm for the conservation of energy than for the preservation of cold water. This 
potentially explains why our social comparison treatment is successful in affecting energy-
intensive resource domains such as electricity, hot water, and space heating. Our findings 
suggest that behavioral interventions like social comparisons could bring significant energy 
savings beyond the targeted resource domains if society has strong preexisting social norms 
supporting the conservation of the targeted resource.

Furthermore, we find evidence that the positive and significant spillover effects observed in 
our study could be explained by other nonmonetary incentives such as moral dissonance. Our 
electricity-targeted social comparison treatment induced behavioral consistency—a reduction 
in all energy-intensive resource domains except cold water—among treated households. This 
claim is further strengthened by the significant spillover effect on lower indoor temperatures, 
even though there was no pecuniary incentive to save energy for heating.

While our study documents important findings on the role of social norms in resource 
conservation, some aspects warrant future studies. The mechanisms underlying the spillover 
effects of social comparison information require further investigation. Our study was not 
primarily designed to address this phenomenon, leading us to offer mainly intuitive explana-
tions for observed spillover effects based on secondary data. A dedicated study specifically 
examining why normative feedback produces stronger spillover effects in energy-intensive 
resources would significantly advance this field.

Table A1  Covariate balance check before the treatments
Control Electricity-targeted treatment Water-targeted treatment
Mean Std. 

dev.
Mean Std. 

dev.
Normalized 
differences

Mean Std. 
dev.

Normalized 
differences

Electricity, kWh/day 4.61 3.22 4.53 2.69 0.03 4.89 3.02 −0.09
Hot water, l/day 64.05 59.71 53.3 53.45 0.19 64.46 58.74 −0.01
Cold water, l/day 94.48 70.45 73.83 56.38 0.31 85.12 63.94 0.14
No. of rooms 2.38 0.71 2.28 0.45 0.16 2.38 0.59 −0.00
Apartment size, m2 60.41 18.69 59.34 9.63 0.06 62.27 11.70 −0.11
Outdoor temperature (oC/
day)

3.41 8.88 4.99 8.37 −0.18 5.06 8.36 −0.19

Sunlight (radiation intensity) 73.16 82.38 90.8 85.05 −0.21 90.48 84.69 −0.21
Precipitation (mm/day) 1.72 4.04 1.70 3.99 0.01 1.74 4.11 −0.00
Indoor temperature (oC/day) 22.17 1.53 22.77 1.29 −0.42 22.49 1.88 −0.19

Appendix
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Fig. A1  Dynamics of the treatment-untargeted monthly daily average electricity, water use and indoor tem-
perature before and after treatment delivery (March 2015 -February 2017)

Variables Subsample with signifi-
cant SQTEs

Subsample 
without 
significant 
SQTEs

TREAT*POST −0.341 −0.185
(0.369) (0.143)

Controls Yes Yes
Fixed effect Controls Yes Yes
No. of obs. 37,554 138,704

Table A3  Treatment effects on 
electricity consumption for the 
sub-sample with and without the 
significant spillover treatment 
effects on indoor temperature

Notes: Standard errors clustered 
at the building level are in 
parentheses. *** p < 0.01, ** p < 
0.05, * p < 0.1

 

Variables Subsample with signifi-
cant SQTEs

Subsample 
without 
significant 
SQTEs

TREAT*POST −0.381** −0.124
(0.148) (0.143)

Controls Yes Yes
Fixed effect Controls Yes Yes
No. of obs. 147,639 116,997

Table A2  Treatment effects on 
electricity consumption for the 
sub-sample with and without the 
significant spillover treatment 
effects on hot water

Notes: Standard errors clustered 
at the building level are in 
parentheses. *** p < 0.01, ** p < 
0.05, * p < 0.1
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Table A4  ATEs and SATEs on daily electricity consumption (in kWh), water use (in liters), and indoor tem-
peratures (in oC) by using double debiased machine learning

Water-targeted treatment Electricity-targeted treatment
Hot 
water

Cold 
water

Electricity Indoor 
tempera-
ture

Hot water Cold 
water

Electric-
ity

Indoor 
tempera-
ture

Variables (1) (2) (3) (4) (5) (6) (7) (8)
TREAT*POST −1.394 1.978 −0.005 −0.051 −2.601*** 0.665 −0.116** −0.102***

(2.310) (2.163) (0.118) (0.038) (0.594) (0.473) (0.058) (0.034)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
No. of obsv. 261,554 261,554 267,958 184,463 255,152 255,152 257,379 179,770
No. of 
apartments

425 425 425 425 415 415 415 415

Notes: The estimated spillover effects on indoor temperature are for an 8-month heating period. Clustered 
standard errors are in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Sectoral spillover effects are in bold 
style

Table A5  SATEs on water use (in litres), and indoor temperatures (in oC) for electricity targeted treatment 
group based on baseline electricity consumption

Hot Water Cold Water Heating
(1) (2) (3)

Variables High Low High Low High Low
TREAT*POST −8.702** −5.666 0.798 4.047 −0.196*** −0.135**

(4.281) (3.871) (5.769) (4.482) (0.0489) (0.0645)
Controls Yes Yes Yes Yes Yes Yes
Fixed effects Yes Yes Yes Yes Yes Yes
No. of observations 114,762 147,673 114,762 147,673 77,172 102,598
No. of apartments 161 254 161 254 161 254
Notes: The estimated spillover effects on indoor temperature are for an 8-month heating period. Clustered 
standard errors are in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1
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