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A B S T R A C T   

Studies on the effects of information provision on residential energy use conclude that such information can 
promote households' energy-saving investments and conservation behavior. However, most of these studies are 
conducted in the U.S. or in other OECD countries, where households, on average, are richer and consume more 
electricity. This study evaluates the effect of descriptive information provision on residential electricity con-
sumption in a less wealthy OECD country – Lithuania. By using a randomized experiment, we find that the 
availability of descriptive hourly electricity information provided on web portals reduces electricity consumption 
by about 8.6%. This effect is equivalent to an annual energy saving of 241 kWh per household. The effect is more 
pronounced for households with high energy consumption, living in rural areas and detached houses.   

1. Introduction 

Information tends to be not only imperfect but also costly to access 
(Caplin and Dean, 2015; Stiglitz, 2000). Studies that sought to ascertain 
this confirm that filling an information gap affects the individual's de-
cision making and behavior (Dolls et al., 2018; Duflo and Saez, 2003; 
Jalan and Somanathan, 2008). The residential energy sector is one of the 
energy sectors where imperfect information is highly prevalent as 
households typically receive utility bills based on the total monthly 
amount of electricity usage. This lack of more granular information 
about households' electricity use potentially leads to imperfect decisions 
that households might not make given sufficient information. 

Several literature reviews synthesize the earlier studies on the effects 
of information provision in various forms on residential energy use (see, 
e.g., Abrahamse et al., 2005; Buckley, 2020; Darby, 2006; Ehrhardt- 
Martinez et al., 2010; Faruqui et al., 2010; Fischer, 2008). These studies 
conclude that provision of personalized information can promote 
households' energy-saving investments and influence consumption 
behavior, at least in the short run. However, these studies are usually 
conducted in the U.S. or other rich OECD countries, where households 
consume more electricity, tend to have stronger environmental con-
cerns, and care more about the environmental footprints of their 

activities (Hunter, 2000; Maclnnis and Krosnick, 2020; OECD, 2014). 
Furthermore, most of these studies analyze interventions in the form of 
social comparisons combined with energy saving tips and other infor-
mation. To the best of our knowledge, there are only a few studies that 
aim to estimate the effect of purely descriptive personalized information 
provision on households' electricity use (Gans et al., 2013; Gleerup et al., 
2010; Nilsson et al., 2014). 

The present analysis aims to expand the existing literature in the field 
of behavioral and energy economics in the following two unexplored 
directions. First, our field experiment is based in Lithuania, a recent 
OECD member country, which is different from other older OECD 
countries in terms of income and energy intensity. For instance, in 2019, 
Lithuania's gross domestic product per capita stood at 83% of the OECD's 
average, and Lithuania's overall electricity consumption per capita (4.4 
MWh/capita) was only about half as high as the OECD's average (8 
MWh/capita). Furthermore, in Lithuania, a high share of households is 
experiencing energy poverty (Eurostat, 2021). 

Second, our experiment aims to estimate the effect of pure descriptive 
information provision on households' electricity use without combining 
it with other normative type of information, such as social comparisons, 
energy saving tips or goal setting. Our focus on descriptive information 
is important from a welfare enhancing perspective. Households facing 
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normative type of information might experience disutility. For instance, 
Allcott and Kessler (2019) show that a large share of households who 
were exposed to normative information in the form of injunctive social 
comparisons preferred not to receive such reports. Broberg and 
Kažukauskas (2021) show that households prefer more descriptive type 
of information about their own energy use than information that com-
pares their electricity consumption with others. This might suggest that 
households would experience less disutility if they received feedback 
about their electricity use in a more descriptive manner. 

Our one-year country-wide field experiment started in July 2016, 
and was implemented by a national Lithuanian electricity and gas dis-
tribution company, AB ESO. The overall objective of this pilot was to test 
the impact and viability of smart metering technology in Lithuania, and 
to explore the effect of a descriptive information provision enabled by 
the installation of smart meters.1 Specifically, we analyze how an 
enhanced web portal with additional information on hourly electricity 
use would influence households' energy use. Compared to dedicated in- 
home displays, web portals provide a low-cost and simple design solu-
tion for making energy feedback available. Given the fast development 
of smart meters and other information-delivering technologies, our 
research provides an example of whether the demand-side management 
of resources through the provision of continuous real-time hourly elec-
tricity use information can stimulate resource conservation in poorer 
OECD economies. 

First, we find that, on average, descriptive information provision 
reduces electricity consumption by 0.661 kWh (or 8.6%) per day in 
Lithuanian households. This is equivalent to an annual energy saving of 
241 kWh per household. Second, we measure the effect of our inter-
vention beyond the mean using quantile treatment effects (QTEs). Our 
results reveal that a large reduction effect of descriptive information 
provision is observed at the highest percentiles of electricity consump-
tion. The higher the percentile, the higher the impact. Much higher 
reduction effects are observed for consumption levels above the 75th 
percentile. The implication of this result is vital for policy makers, as it 
explicitly suggests which group of consumers policy makers should 
target to achieve energy conservation objectives. 

The remainder of the paper is organized as follows. In Section 2, we 
review the related literature. We describe our experimental setting and 
randomization of the treatment and control groups in Section 3. The 
experimental data is presented, and the results are discussed in Section 
4. Section 5 concludes the paper. 

2. Related literature review 

The effect of personalized information provision on energy conser-
vation has received considerable attention in the behavioral and envi-
ronmental economics literature. In this section, we review some results 
of previous studies conducted under the randomized/field experiment 
framework in the OECD countries that aimed to analyze the effect of 
non-price information provision on household electricity conservation. 
Our review only covers those studies that are in line with the scope of 
our study and are relevant to highlight the contribution of our analysis. 
Table 1 summarizes the studies in terms of their treatment object, type of 
treatment, mode of treatment provision, duration of the treatment, 
frequency of measurement, average treatment effect (ATE), geographic 
location of the experiment, and sample size of the control and treatment 
groups. 

Almost all considered studies find negative ATEs of personalized 

information provision on households' electricity use (see column 7 in 
Table 1). These effects range from 20% (see, e.g., Aydin et al., 2018) to 
almost none (Delmas and Lessem, 2014). The selected studies evaluate 
the effect of information provision presented in two different forms: in 
the form of social comparisons (with or without saving tips) and mon-
etary incentives (Harries et al., 2013; Mizobuchi and Takeuchi, 2013), 
or in the form of descriptive feedback about their own resource con-
sumption with or without saving tips (Benders et al., 2006). 

In the United States, information presented in the form of social 
comparisons reduces households' electricity consumption by about 
2.0–2.9% (Allcott, 2011; Allcott and Rogers, 2014; Costa and Kahn, 
2013; Henry et al., 2019). Interestingly, Delmas and Lessem (2014) 
evaluate the effectiveness of detailed private and public information on 
electricity conservation of students residing in the resident halls at the 
University of California. Their results reveal that private feedback in the 
form of social comparisons alone is ineffective. But a 20% average en-
ergy saving is attained when private feedback is combined with publicly 
visible information. The ATEs of social comparisons implemented in 
other OECD countries range from − 0.7% (Andor et al., 2020) to about 
− 20% (Aydin et al., 2018). However, Andor et al. (2020) note that the 
cost-effectiveness of letter-based intervention depends not on the size of 
ATEs, but on the baseline consumption levels and the carbon intensity of 
electricity generation. Higher average consumption levels translate a 
given ATE (in terms of percentage reduction of electricity consumption) 
into the higher absolute electricity saving in terms of kWh. Similarly, 
higher carbon intensity of electricity generation implies that a given ATE 
translates into higher reductions in greenhouse gas emissions. In the 
case of letter-based home energy report interventions that include social 
comparisons, Andor et al. (2020) use “back-of-the-envelope” calcula-
tions to show that, once these dimensions are taken into account, the 
cost effectiveness of social comparisons is highest for the U.S. and 
Canada but not so much for other OECD countries. 

The other studies considered in our literature review measure the 
effect of descriptive personalized information provisions on households' 
electricity use. This type of intervention does not allude to social norms, 
since households are only exposed to their private information and they 
are not compared to other similar households as in the case of home 
energy reports (see, e.g., Allcott, 2011). In other words, we might think 
that households who are exposed to descriptive information might have 
less unpleasant pressure to conserve energy than those households who 
receive social comparisons. Furthermore, the latter households might 
experience higher disutility. For instance, Allcott and Kessler (2019) 
show that 43% of customers who received home energy reports with 
social comparisons preferred not to receive such reports. This might 
suggest that households would experience less disutility if they received 
feedback about their electricity use in a descriptive manner (Broberg 
and Kažukauskas, 2021). 

Results of the selected studies show that the descriptive personalized 
feedback could be as effective as social comparisons. For instance, 
Houde et al. (2013) and Schleich et al. (2013) find that the provision of 
descriptive information reduced households' electricity use by about 
5.7% and 4.5%, respectively. However, these studies (as well as those 
with social comparisons) combined descriptive feedback with advice on 
how to conserve electricity, and thus they were not able to disentangle 
the effect of information from that of electricity-saving tips. In this 
respect, the study of Gleerup et al. (2010) is different as it tested the 
effect of pure descriptive information provision. They find that such 
feedback resulted in an electricity saving of about 3% among Danish 
households. 

Thus, unlike the previous studies summarized above, the present 
analysis aims to expand the existing literature in the field of behavioral 
and energy economics in the following two unexplored directions. First, 
our field experiment is based in Lithuania, where a relatively high share 
of households is experiencing energy poverty (Eurostat, 2021). On the 
one hand, it could mean that these households might be already 
consuming low electricity levels and might have no room to reduce 

1 The EU Member States are required to ensure the implementation of smart 
metering under EU energy market legislation. This implementation may be 
subject to cost-benefit analysis (CBA). The state-owned Lithuanian national 
electricity distribution company AB ESO was asked to implement such CBA. A 
pilot experiment that is assessed in this study was designed as part of AB ESO's 
CBA. 
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electricity use any further. On the other hand, households subject to 
energy poverty might be relatively more responsive to relevant infor-
mation provision. So far, most experiments directed towards electricity 
conservation have been implemented in the U.S. and other wealthy 
OECD countries, where people on average consume more electricity and 
tend to be more concerned about environmental footprint of their 
electricity consumption (see, Section 1). Second, our experiment aims to 
estimate the effect of pure descriptive information provision through a 
web portal on households' electricity use without combining it with 
other normative types of information, such as energy saving tips or goal 

setting. To the best of our knowledge, not many field experiments have 
tested this type of intervention. 

3. Design of the experiment 

3.1. General context 

Lithuania is a small open economy, a member of the European Union 
(EU)’s and a new OECD's member state. Since 2010, after the complete 
closure of the Soviet-era Ignalina Nuclear Power Plant, which had made 

Table 1 
Summary of selected field experiment studies on the effects of information provision on household's electricity use.  

Study1 Treatment 
object 

Treatment type Mode of treatment 
provision 

Duration of 
treatment 

Data 
frequency in 
measuring 
ATE 

ATE Location Sample size3 

1 2 3 4 5 6 7 8 9 
Our study Electricity Descriptive 

feedback 
Web portal 
(continuous) 

12 months Daily ¡8.60% Lithuania 419 (T), 632 (C) 

Benders et al. 
(2006) 

Electricity Descriptive 
feedback with tips 

Web portal 5 months Once in 5 
months 

− 8.50% Groningen, the 
Netherlands 

137 (T), 53 (C) 

Gleerup et al. 
(2010) 

Electricity Descriptive 
feedback 

Text messages and 
email 

12 months Daily Between 
0 and 
− 3.00% 

Denmark 92–105 (T), 
183–196 (C) 

Allcott (2011) Electricity Social 
comparisons with 
tips2 

Letters (monthly, 
bimonthly, quarterly 
or mixed) 

2 years Daily − 2.03% U.S. (OPOWER clients 
in 17 regions) 

306,670 (T), 
281,776 (C) 

Ayres et al. 
(2012) 

Electricity Social 
comparisons with 
tips 

Letters (quarterly or 
monthly) 

12 months Daily − 2.02% U.S. (OPOWER clients 
in the Sacramento 
Municipal Utility 
District) 

34,557 (T), 
49,570 (C) 

Harries et al. 
(2013) 

Electricity Descriptive 
feedback with 
social comparison 

Web portal 16 weeks Daily − 3.00% Residential areas of 
Bristol, UK 

214 (T), 102 (C) 

Mizobuchi and 
Takeuchi 
(2013) 

Electricity Monetary 
Incentive 

– 8 weeks Monthly − 5.90% Matsuyama, Western 
Japan 

103 (T), 52 (C) 

Monetary 
incentive with 
social comparison 

Web portal − 8.20% 53 (T), 52 (C) 

Costa and Kahn 
(2013) 

Electricity Social 
comparisons with 
tips 

Letters (quarterly or 
monthly) 

8–10 
months 

Daily − 2.10% U.S. (OPOWER clients 
in California) 

33,664(T), 48,058 
(C) 

Houde et al. 
(2013) 

Electricity Descriptive 
feedback with tips 

Web portal 9 months Hourly − 5.70% U.S., California 752 (T), 313 (C) 

Schleich et al. 
(2013) 

Electricity Descriptive 
feedback with tips 

Web portal and letter 11 months Yearly data − 4.50% Linz, Austria 601 (T), 469 (C) 

Allcott and 
Rogers (2014) 

Electricity Social 
comparisons with 
tips 

Letters (monthly, 
bimonthly, quarterly 
or mixed) 

4–5 years Daily, 
monthly 

− 2.50% U.S. (OPOWER clients 
in 3 sites in upper 
Midwest and on the 
West coast) 

26,262 
(Continued T), 
12,368 (Dropped 
T), 33,524 (C) 

Delmas and 
Lessem 
(2014) 

Electricity Social 
comparisons 
(private) 

Web portal and email 
(weekly) 

5 weeks Daily No effect U.S. 43 (T), 23 (C)   

Social 
comparisons 
(public) 

Email and public 
poster (weekly) 

7 weeks  − 20.00%   

Aydin et al. 
(2018) 

Electricity Social 
comparison with 
tips and goal 
setting 

In home display 
(every 15 min) 

8 months Monthly Between 
− 20.00% & 
-23.00% 

Texel, Netherlands, 104 (T), 54 (C) 

Burkhardt et al. 
(2019) 

Electricity Social 
comparison 

Web portal 19 months Minute level No effect Austin, U.S. 44 (T), 57 (C) 

Henry et al. 
(2019) 

Electricity Social 
comparisons with 
tips 

Email (monthly, 
quarterly, semi- 
annually, once a year 
or mixed) 

12 months Monthly (− 2.88%) U.S. 7667 (T), 1275 (C) 

Andor et al. 
(2020) 

Electricity Social 
comparisons with 
tips 

Letters (quarterly) 12 months Yearly − 0.70% Kassel, Germany 5808 (T), 5812 (C) 

Kažukauskas 
et al. (2021) 

Electricity Social 
comparisons 

In home display 
(continuous) 

12 months Daily − 6.70% Umeå, Sweden 100 (T), 315 (C)  

1 The studies are listed in chronological order. 
2 By tips, we mean that the treatment also includes general or customized advice on how to conserve electricity. 
3 (T) refers to the number of households (subjects) in the treatment group. (C) stands for the number of households (subjects) in the control group. 
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Lithuania a net electricity exporter, it has been relying on electricity 
imports from its neighboring countries. For instance, the amount of 
imported electricity accounted for about 70% of Lithuania's total elec-
tricity demand in 2019. Lithuania has implemented several national and 
EU-wide policies aiming to reduce reliance on energy imports, energy- 
related pollution, and improve energy efficiency in the residential 
sector and in the economy as a whole. For instance, in June 2018, the 
Lithuanian Parliament approved the National Energy Independence 
Strategy, which reflects the key focus areas for Lithuanian energy policy 
– namely to achieve energy independence, energy security and deep 
decarbonization at an affordable cost (LME, 2018). Regarding energy 
efficiency, Lithuania has committed to contribute to the EU's 2030 en-
ergy efficiency target by ensuring that primary and final energy intensity 
is 1.5 times below the 2017 level by 2030 (NECP, 2019). 

The timely achievement of those targets would be difficult without 
the completion of the energy sector's liberalization, and a nation-wide 
rollout of smart electricity meters. From January 2021, household's 
retail electricity price deregulation was started and the mass installation 
of smart meters will commence in the first quarter of 2022. It should be 
also added that Lithuania is one of the most affected EU member states 
by energy poverty. According to the EU Survey on Income and Living 
Conditions (Eurostat, 2021), in 2019, 26.7% of its people could not 
afford to keep their houses adequately warm, that is the second highest 
percentage among the EU countries after Bulgaria. This context might 
suggest that the provision of personalized information about electricity 
use might not encourage households experiencing energy poverty to 
reduce their electricity consumption as these households might use 
electricity below the subsistence consumption level. 

3.2. Formation of the treatment and control groups 

The experiment was implemented and financed by a national elec-
tricity and gas distribution company, AB ESO, which is based in 
Lithuania. The formation of the treatment and control groups was done 
in the following steps. First, the sample of households living in apart-
ments or detached houses and urban or rural areas in Lithuania was 
selected. Second, by using a simple randomization, from each block, a 
group of households was selected to receive the treatment in the form of 
personalized hourly electricity consumption data on their personal ESO 
web portals. The provision of hourly electricity consumption informa-
tion for the treatment group was enabled by replacing old household 
electricity meters with new smart meters.2 

In total, 2927 households were selected to form a treatment group. 
Prior to the start of experiment, as in general population, the randomly 
selected households were already equipped with mainly two types of 
electricity meters: electromechanical and analogue electricity meters. 
Some of electromechanical electricity meters had an internal memory 
for storing hourly electricity consumption data. However, most of the 
selected households had electricity meters that did not have internal 
memory for storing historical hourly electricity consumption. After 
dropping households without available historical electricity consump-
tion data or with inaccurate and missing data due to faulty old meters, 
we were left with 419 households in the treatment group. Hourly elec-
tricity consumption data from old electricity meters were retrieved by 
AB ESO after these meters were replaced by new smart meters. A control 
group of 702 households equipped with electromechanical electricity 
meters with internal data storage capacity was randomly selected from 
the same blocks as the treatment group (households living in apart-
ments/detached houses and urban/rural areas). Again, after dropping 
households without any available historical electricity consumption 

data for the pre-treatment period or with inaccurate and missing data 
due to faulty old meters, 632 households formed our control group. 
Hourly electricity consumption data from these meters were retrieved 
after the treatment ended. 

3.3. The treatment 

Hourly electricity consumption of participating households was 
observed for 24 months – 12 months before (1 June 2015–31 May 2016) 
and 12 months after the start of the treatment (1 July 2016–30 June 
2017). The length of the experiment was decided to be based on the 
objective to study the persistence of the treatment effect, and the need to 
control for the seasonal variation in electricity consumption. Most of the 
smart meters for households in the treatment group were installed in one 
month (June 2016). We do not take this month in our analysis, as it 
caused many missing or inaccurate observations. 

The main difference between the treatment group and the control 
group is that households in the treatment group have received addi-
tional information available on their personal ESO web portals (see 
Fig. 1). This additional information includes information about a 
particular household's hourly electricity consumption patterns, high-
lights electricity use in the morning, day, evening and night hours, and 
shows the expected electricity consumption for the current month. 
About a half of households in both groups logged into their personal ESO 
accounts. Unfortunately, we were not provided with data on who from 
experiment participants checked their personalized electricity con-
sumption information.3 

3.4. Estimation of ATEs 

Our key objective of household randomization to the treatment and 
control groups is to identify the causal effect of the descriptive infor-
mation provided by the personal web portals on the average consump-
tion of electricity. Ideally, we would have liked to have as “clean” as 
possible a randomized controlled trial (RCT) setting. However, due to 
technical difficulties to retrieve historical electricity consumption from 
the old meters for the control group in the beginning of experiment we 
were left with uneven daily observations across time for the treatment 
and control groups. The unbalanced number of observations across the 
pre- and post-treatment periods does not allow to claim that we analyze 
an ideal RCT.4 However, our experiment arguably resembles RCT, which 
is why we consider it to be more a “natural field experiment,” in line 
with the taxonomy provided by Harrison and List (2004). In the absence 
of a completely “clean” RCT, we must turn to natural experimental 
methods that try to mimic the randomized allocation setting under 
reasonable conditions. A major concern is that the control and treatment 
groups might be different in observable and unobservable variables, and 
these differences may be correlated with the outcome variable (elec-
tricity). A common method of controlling for observable and time- 
invariant unobserved heterogeneity is to use difference-in-differences 
(DID) models. The main advantage of DID method is that it is an intui-
tive and flexible way to measure the impact of an intervention, which 
has been widely used in studies based on natural field experiments. 
Moreover, it also relaxes the assumption of selection only on observables 
and provides a tracible way to account for biases from time invariant 

2 The explicit consent for replacing old meters with the new ones from 
participating households was not needed as AB ESO owns these meters. How-
ever, households had an option to opt-out from this experiment if they wanted 
(just few cases of opt-outs were reported). 

3 We asked AB ESO to provide us with such information, but the company 
refused to do it on the grounds of personal data protection laws and due to lack 
of resources to retrieve such data.  

4 See Figure A2 in the Appendix for the number of observations available for 
each month for both the treatment and control groups before and after the 
treatment. 
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unobserved factors (Abadie and Cattaneo, 2018; Angrist and Pischke, 
2009; Imbens and Wooldridge, 2009). 

To estimate the ATEs, we run the following difference-in-differences 
regression model: 

yit = β1TREATi + β2POSTit + β3TREATi*POSTit + μX ′

t + αi + εit, (1)  

where yit is the daily electricity use (in kWh) in household i at time t, 
TREATi is a dummy variable indicating whether household i is in the 
treatment group or the control group, POSTit is a dummy variable 
indicating the pre- and post-treatment periods, Xt

′ is a set of the time- 
varying covariates5 (year-monthly fixed effects, daily temperature, 
and cloudiness), αi are household fixed effects, and εit is an idiosyncratic 
error term (unobserved household-specific shocks). This model is esti-
mated in OLS by using the standard fixed-effects estimator with Huber- 
White standard errors, which are clustered at the household level to 
account for serial correlation (Bertrand et al., 2004). The estimated 
coefficient β3 measures the ATE of provision of personalized information 
about hourly electricity use. 

4. Results and discussion 

4.1. Variable description and summary statistics 

Table 2 presents the average daily electricity consumption for 
households in the treatment and control groups along with the other 
control variables one year before and one year after the delivery of the 
treatment. In our main analysis, we exclude all observations with zero 
values of electricity consumption. We have strong reasons to believe that 
most of these observations are mistakes; hence, we think it is 

unreasonable to consider them as truthful observations.6 

Panel A of Table 2 shows that the average daily electricity use in the 
treatment group increased by 0.095 kWh (from 7.575 kWh to 7.670 
kWh), while in the control group it decreased by 0.359 kWh. We can 
observe that our sample is imbalanced in terms of the temperature 
variable across the treatment and control groups before the start of the 
treatment.7 This could be explained by the fact that in the control group 
we have more observations in the cold-season months (see Fig. A2 in the 
Appendix). The DID approach will help us to control for the seasonal 
variation, and changes in weather conditions. In panel B of Table 2, we 
present the average daily electricity consumption across the housing 
types (houses vs. apartments) and geographical locations (urban vs. 
rural). We observe that households living in the rural parts of the 
country, and those who are living in detached houses consume twice as 
much electricity than households living in apartments and urban areas. 

Fig. 2 plots the dynamics of the monthly daily average electricity 
consumption before and after the treatment for the treatment and 

Fig. 1. Additional information on the personal web portal available for the household in the treatment group.  

5 At the time of experiment, retail electricity market was not yet liberalized 
and all households were subject to the same regulated electricity prices. Un-
fortunately, we do not observe household characteristics such as income. 

6 We identified 15–25% of total monthly observations with zero electricity 
consumption values for the treatment group one month before and two months 
after the major installations of smart meters in June 2016. In other months, we 
observe only 1–2% of observations with zero values for both the treatment and 
control groups (see Figure A1 in the Appendix). It seems that the replacement of 
old meters temporarily disrupted the collection of electricity consumption data 
for some households. Furthermore, zero value observations suggest that all 
appliances, including the fridge and freezer, must have been switched off for 
the entire day. Smart meters themselves consume a small amount of electricity, 
which should be visible in our data.  

7 We have conducted the parametric t-test, a non-parametric test based on K- 
sample test on the equality of medians, and the Mann-Whitney two-sample test 
to test the equality of sample characteristics between the treated and control 
groups before the treatment period started. All test results suggest that we 
cannot reject the hypothesis of no differences between the treatment and 
control groups in terms of electricity use. However, we find significant differ-
ences in terms of house type, location and weather variables. 
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control groups. It is evident that the residential consumption of elec-
tricity is seasonal – the electricity tends to be used less in summer 
months than in winter months. Both the treatment and control groups 
have very similar pre-treatment and post-treatment trends. However, in 
May–August 2016, the average daily electricity consumption of the 
treatment group is below that of the control group. A possible expla-
nation of this discrepancy is the disruption caused by the installation of 
new smart meters for households in the treatment group. In addition, 
during this time period, the number of valid observations for the control 
group is much higher than for the treatment group (see Fig. A2 in the 
Appendix). Overall, we can conclude that, from the visual inspection of 
the raw average electricity consumption data across the treatment and 
control groups, it is not clear whether the treatment had any effect at all. 

4.2. Average treatment effects (ATEs) 

To estimate the ATE of descriptive information provision on elec-
tricity consumption, we employ the fixed-effects DID model as described 
in Eq. (1). The estimation results summarized in Table 3 reveal a sig-
nificant treatment effect, namely an average daily reduction of 0.661 
kWh (or about 8.6%). This effect is equivalent to an annual electricity 
saving of 241 kWh per average household.8 

We would like to highlight that our estimated ATE of information 
provision on electricity use is much higher than ATEs found in other 
similar studies that use data from Western countries, such as the U.S. or 
Germany. For instance, our ATE estimate is higher than ATE estimates of 
Allcott (2011), Costa and Kahn (2013), and Ayres et al. (2012) who 
document ATEs of around − 2% in the U.S, or Schleich et al. (2013) 
(− 4.5% in Linz, Austria) and Andor et al. (2020) (− 0.7% in Germany). 
The difference between our estimated ATE and ATEs of the above- 
mentioned studies could be explained not only by geographical and 

methodological differences, but also by the nature and intensity of in-
terventions implemented. Unlike our study, these studies use informa-
tional interventions mixed with either energy saving tips, social 
comparisons or social norms. Interestingly, our ATE estimate is still 
higher than the ones from scant studies that employ a purely descriptive 
type of information provision. For example, Gleerup et al. (2010) find an 
ATE of between 0 and − 0.3% in Denmark. The only exception is the 
study by Gans et al. (2013) who find a relatively higher ATE (a reduction 
in energy use between 11 and 17% in Northern Ireland). However, to 
understand whether descriptive information provision is more or less 
superior than other types of informational interventions require more 
studies that investigate the isolated effect of descriptive information 
provision. 

4.3. Quantile treatment effects 

Recent developments in the impact evaluation literature stresses the 
importance of measuring the distributional effects of a treatment (see, e. 
g., Bedoya et al., 2018; Byrne et al., 2018; Havnes and Mogstad, 2015). 
To fully understand how personalized information provision affects 
households with different levels of electricity consumption, we estimate 
the quantile treatment effects (QTEs) following the specification of Firpo 
et al. (2009).9 

Fig. 3 presents the estimated QTEs together with 95% confidence 
intervals. For comparison, we also plot in the same figure the ATE 

Table 2 
Descriptive statistics before and after the treatment.   

Panel A: Definition and summary statistics of variables 

Pre treatment Post treatment 

Treated Control Treated Control 

Mean S.D. Mean S.D. Mean S.D. Mean S.D. 

Daily electricity (kWh) 7.575 6.364 7.687 8.91 7.670 7.033 7.328 8.473 
House type (1 = Detached house) 0.266 0.442 0.254 0.435 0.291 0.454 0.214 0.410 
Daily temp. (Co) 6.808 8.402 5.825 8.290 7.010 8.222 7.164 8.235 
Daily cloudiness (%) 67.07 30.62 68.14 30.37 73.87 26.89 73.75 26.70 
Location (1 = Rural) 0.204 0.403 0.164 0.370 0.224 0.417 0.136 0.343 
No. of non-zero daily obs. 103,547 185,613 150,709 230,249  

Panel B: Average daily electricity consumption by location and housing type, kWh 
Mean S.D. No. of daily obs. 

Rural 12.530 14.300 113,495 
Urban 6.495 5.360 541,408 
Detached house 12.170 12.850 162,723 
Apartment 6.012 4.655 492,180  

Fig. 2. Daily average electricity use 12 months before and after the treatment  

Table 3 
ATE on daily electricity consumption (in kWh).  

Variables Electricity 

TREAT*POST − 0.661*** 
(0.139) 

POST 0.292 
(0.177) 

Temperature − 0.066*** 
(0.007) 

Cloudiness 0.004*** 
(0.000) 

Year-month fixed effects Yes 
Household fixed effects Yes 
No. of daily observations 654,903 
No. of households 1051 

Notes: The standard errors clustered at the household level are 
in parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001. 

8 We multiply the coefficient of daily ATE (0.661 kWh/day) by the total 
number of days in a year (365 days) to find the annual electricity saving. 

9 To estimate the QTEs, we use STATA command developed by Rios-Avila 
(2019). 
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estimated using Eq. (1). Fig. 3 reveals that the treatment effects are 
largest at the highest percentiles of the electricity consumption distri-
bution. Compared to the ATE, a significant and higher reduction in 
electricity use is observed for households with electricity consumption 
levels above the 75th percentile. Contrariwise, for electricity con-
sumption levels above the 40th percentile and below the 75th percen-
tile, the QTEs are smaller than the ATE. We do not find significant QTEs 
for electricity consumption level below the 40th percentile. These re-
sults show the importance of addressing distributional effects of infor-
mational interventions, and that these types of interventions are more 
effective among higher electricity users. Similar findings were shown by 
Schleich et al. (2013) who reported the heterogenous ATEs of feedback 
information provision on electricity consumption in Austria. 

4.4. Persistency of treatment effects 

Next, we investigate whether the treatment effect is persistent. 
Answering this question is crucial for understanding whether non-price 
instruments like behavioral interventions in the form of information 
provision could bring a long-lasting option for energy conservation. To 
examine the persistency of the treatment effect, we plot the ATEs for 
each month of the experiment for both treatment groups (see Fig. 4). The 
monthly ATE's are estimated by using the following DID model: 

yit = γ0TREATi + γ1POSTit +
∑12

m=1
βm(MONTHm*TREATi)+ μX ′

t +αi + εit,

(2)  

where MONTHm are the dummy variables representing a specific month 
(m = 1, …,12) in the post-treatment year. The remaining variables are 
the same as in the main model described above. The estimated co-
efficients of the interaction terms between the monthly dummies and the 
treatment variable, βm, give the monthly ATEs. As before, the model is 
estimated by using OLS with household fixed effects, and clustered 
standard errors. 

Fig. 4 shows that the treatment reduces electricity consumption 
significantly in all months after the intervention. In line with similar 
studies, this result suggests that continuous treatment in the form of the 
provision of descriptive information could encourage persistent elec-
tricity saving choices. For instance, Schleich et al. (2017) for Austria, 
Allcott and Rogers (2014) and Brandon et al. (2017) for the U.S. find 
similar results by using other types of informational interventions. 
Interestingly, Byrne et al. (2018) argue that the persistency effect of 
information provision in the form of social comparison depends on 
household's beliefs in pre-treatment energy use and the actual level of 
consumption before the treatment. They find a persistent treatment ef-
fect only after accounting for pre-treatment energy use. 

At this juncture, it is worth raising the question of what drives these 

persistent electricity savings? The literature suggests two explanations. 
First, a continuous provision of information could induce electricity 
conservation by influencing an individual's behavior. One example of 
such permanent behavioral change is the formation of a habits, which 

means that some actions, like switching off lights, or turning off appli-
ances when they are not in use become automatic. Second, the provision 
of information could encourage households to invest in more energy 
efficient housing equipment (see, e.g., Allcott and Rogers, 2014). Both of 
these drivers could explain the persistent ATE on electricity consump-
tion. We might think that providing continuous descriptive information 
about the household's hourly electricity consumption might enable the 
household to better understand its electricity consumption patterns, and 
to identify times of relatively high electricity consumption, caused by 
either inefficient appliances or sub-optimal behavior. This information 
would encourage the household to alter its electricity consumption 
patterns either by changing its habits or by changing its in-home capital 
stock, or both. 

5. Heterogeneity analysis 

An effective policy intervention requires identifying a particular 
segment of users or a geographical area, where the intervention effect 
could be more pronounced, and could bring a substantial change. For 
this purpose, we examine whether the ATEs vary among households 
(rural vs. urban households, households living in houses vs. apartments). 
Below we present and discuss the results of estimating models and 
exploring heterogeneity. 

5.1. Rural vs. urban households 

First, we estimate the ATEs in rural and urban households. From the 
estimation results reported in column 1 of Table 4, it is evident that 
information provision significantly reduces energy consumption in both 
groups of households. However, the treatment-induced electricity con-
servation in rural households is higher by a factor of three: in rural 
households, electricity consumption decreased by 1.423 kWh/day, 
while in urban households, only by 0.465 kWh/day. We might think that 
rural households have more options available at hand to reduce their 
electricity consumption as, on average, they consume twice as much 
electricity as urban households (see Table 2). 

5.2. Houses vs. apartments 

Then, we explore heterogeneity of the ATEs across households' 
housing types. Column 2 in Table 4 shows that descriptive information 
provision significantly reduces electricity consumption for households 
living in detached houses and apartments, but the treatment effect is 
much larger for households living in detached houses (1.078 kWh/day) 
compared to households living in multi-unit apartments (0.515 kWh/ 
day). As in the case of rural versus urban households, users living in 
detached houses consume twice as much electricity as households living 
in apartments. Again, this might suggest that households living in de-
tached houses have more choice when it comes to electricity 

Fig. 3. Quantile treatment effects.  

Fig. 4. Persistency of the treatment, monthly ATEs over the period of 
the treatment. 

F. Asmare et al.                                                                                                                                                                                                                                 



Energy Economics 104 (2021) 105687

8

conservation.10 

5.3. Robustness tests 

5.3.1. Hourly analysis 
Granularity in our data gives us an opportunity to estimate the 

intervention effect by using hourly data. We estimate the hourly ATE by 
using the same empirical model as in Eq. (1); we only add hourly fixed 
effects to it. We also exclude all observations with a zero level of hourly 
electricity consumption. The results presented in Table 5 show that 
descriptive information provision reduces electricity consumption by 
0.027 kWh per hour. The estimated effect can be translated to a daily 
reduction of 0.648 kWh (8.4%), which is comparable to the ATE esti-
mated with daily data (0.661 kWh or 8.6%). 

5.3.2. Randomized inference 
As a robustness test, we repeat our analysis by using randomization 

inference (RI). Since the assignment of households to the treatment 
group and the control group was not entirely random (see Section 4.2), 
and since we rely on a relatively small household sample, we think it is 
important to test for the causal effect of our treatment by using an RI 
approach. Originally developed by Fisher (1953) and later developed by 
Rosenbaum (2002), RI places no distributional assumptions on the er-
rors and is valid even in small samples. This method is being increasingly 
applied to experimental data (Hess, 2017). 

RI is a simulation method that computes the empirical distribution of 
the difference-in-differences estimate for a large number of randomly 
generated placebo treatments under the null hypothesis of no effect. 
From a large number of simulations, the critical value of the treatment 
effect can be determined for the inference test.11 We randomize the 
assignment of households to the treatment and control groups and use 
the difference-in-differences coefficient (interaction term in Eq. (1)) as 
the test statistic. Our null hypothesis is that the provision of personalized 
descriptive information on web portals had no effect on electricity 
consumption, or β3 = 0 in Eq. (1). We use 1000 replications in the 
“ritest” command developed by Hess (2017) to conduct the RI test in 

STATA. The estimated p-value (0.000) using the RI test confirms that the 
treatment effect on electricity consumption is significant. We report this 
result by including the p-value in square brackets in Table 6.12 

6. Conclusion and policy implications 

Our daily energy consumption decisions are highly vulnerable to 
imperfect information problems. Households typically receive utility 
bills where all electricity use during a fixed period is lumped together. 
The lack of direct feedback potentially leads to mistakes in households' 
decision-making. In this study, we tested whether the provision of 
personalized information about hourly electricity use encouraged 
households to conserve electricity. Our analysis contributes to the 
existing literature in the two following ways. First, unlike previous 
studies, our field experiment was based in Lithuania, where a high share 
of households has been experiencing energy poverty. On the one hand, it 
could mean that these households might be already consuming low 
electricity levels and might have no room to reduce electricity use any 
further. On the other hand, households subject to energy poverty might 
be relatively more responsive to relevant information provision. So far, 
most experiments directed towards electricity conservation have been 
implemented in the U.S. and other rich OECD countries, where people 

on average consume more electricity. Second, our experiment aimed to 

Table 4 
ATE on daily electricity use by location and housing type.   

Location (1) House type (2) 

Rural Urban House Apartment 

TREAT*POST − 1.423** − 0.465*** − 1.078** − 0.515*** 
(0.542) (0.124) (0.403) (0.123) 

POST 1.006 0.184 1.072* 0.0638 
(0.782) (0.138) (0.534) (0.139) 

Controls Yes Yes Yes Yes 
Year-month f.e. Yes Yes Yes Yes 
Household f.e. Yes Yes Yes Yes 
No. of daily obsv. 113,495 541,408 162,723 492,180 
No. of households 181 870 258 793 

Notes: 1. The standard errors clustered at the household level are in parenthesis. 
*p < 0.05, **p < 0.01, ***p < 0.001. 2. “f.e.” stands for fixed effects. 

Table 5 
ATE on hourly electricity consumption (in kWh/h).  

Variables Electricity 

TREAT*POST − 0.027*** 
(0.006) 

POST 0.009 
(0.007) 

Temperature − 0.003*** 
(0.003) 

Cloudiness 0.000048*** 
(0.000) 

Year-month fixed effects Yes 
Household fixed effects Yes 
Hour fixed effects Yes 
No. of hourly obsv. 15,470,564 
No. of households 1038 

Notes: The standard errors clustered at the household level are in 
parenthesis. *p < 0.05, **p < 0.01, ***p < 0.001. 

Table 6 
ATE on daily electricity consumption (in kWh), RI method.  

Variables Electricity 

TREAT*POST − 0.661★★★/☆☆☆ 
(0.139) [0.000] 

Controls Yes 
Year-month fixed effects Yes 
Household fixed effects Yes 
No. of daily obsv. 654,903 
No. of households 1051 

Notes: Randomization inference and clustered error methods were 
conducted to obtain alternative p-values. ★★★/☆☆☆ p < 0.01, 
★★/☆☆ p < 0.05 and ★/☆ p < 0.1 indicate significance levels, where 
filled stars ★ indicate significance levels preserved under randomiza-
tion inference, while empty stars ☆ indicate significance levels that are 
sustained by the cluster-robust standard errors. The standard error 
clustered at the household level is in parentheses, and p-value obtained 
using randomization inference is provided in squared brackets. 

10 We have investigated the interaction treatment effects in the case for 
households living in apartments but in rural area and in the case of households 
living in detached houses but in urban areas. Unfortunately, there are not so 
many households in our sample for this zooming-in analysis. There are only 22 
households in our sample living in apartments in the rural areas and 98 in 
detached houses in the urban areas. Still, we run our triple interaction DID 
models to see if the treatment effects are different between apartments and 
detached houses given that they are located in rural or urban areas. We found 
no statistically significant different treatment effects between these groups.  
11 See Rosenbaum (2002) or Imbens and Rubin (2015) for more information. 

12 We also conducted the RI test for all the other models we estimated, and we 
did not find any different results. The computed p-values using the RI approach 
are consistent with the p-values generated using the cluster-robust method. 

F. Asmare et al.                                                                                                                                                                                                                                 



Energy Economics 104 (2021) 105687

9

estimate the effect of pure descriptive information provisions on 
households' electricity use without combining it with other normative 
types of information, such as energy saving tips or goal setting. To the 
best of our knowledge, only few experiments have tested this type of 
intervention. These studies used different modes for treatments, such as 
sending letters to the energy consumers or using expensive in-house 
displays. The postal, technological, administrative and psychological 
costs of such policy interventions are substantial (Allcott and Kessler, 
2019; Andor et al., 2020). Digitalization of energy use information 
through smart metering does change the customer interface of utilities 
and extends the spectrum of possibilities for energy saving in-
terventions. Clearly, more research is needed to gauge the potential of 
such information digitalization. Our study aims to fill this gap in the 
literature by showing how a purely descriptive type of information 
provision through web portals can be an effective way to achieve energy 
savings in the residential sector. 

We found that, on average, descriptive information provision 
reduced electricity consumption by 0.661 kWh (or 8.6%) per day in 
Lithuanian households. This is equivalent to an annual energy savings of 
241 kWh per household. Furthermore, our results revealed that most 
reductions in electricity use occurred among households at the highest 
percentiles of electricity consumption. On the other hand, the inter-
vention had no effect in low-consumption households. This result 
confirmed our initial expectations: low electricity users are not able to 
reduce electricity even if they are exposed to more detailed information 
about their electricity consumption. The implication of this result is vital 
for policy makers, as it explicitly suggests which group of consumers 
policy makers should target to achieve energy conservation objectives. 
In similar vein, our heterogeneity analysis also shed some light on the 
effect of our intervention based on the type of house where the house-
hold lives in, and the location of the living place. We found that the 
treatment effect was more pronounced for households located in rural 
areas and living in detached type of houses than for household located in 
urban areas and living in apartment houses. Finally, our persistency 
analysis revealed that, on average, the treatment effect was persistent 
for the duration of the experiment. This finding supports the claim that 

non-price interventions in the form of descriptive information provision 
could serve as an effective tool for energy conservation even in less 
wealthy OECD countries. 

Even though our study provides insightful policy implications and 
fills a clear gap in the literature, we cannot rule out some of its limita-
tions. First, as we do not have information about the frequency of log-
ging into the web portal, the estimated treatment effects are contingent 
upon the intensity of viewing the provided information. Second, our 
study does not delve into the channels through which the ATE is derived. 
Finally, our informational intervention is purely descriptive, and we did 
not consider other types of interventions, such as energy saving tips or 
social comparisons, that would allow us to evaluate the additional po-
tential to decrease electricity consumption. The recent meta-analysis by 
Buckley (2020) offers some insights about what we could expect by 
adding such information to our treatment. Buckley (2020) finds that 
providing households with generic advice or social comparison infor-
mation did not have desired effect on energy conservation. Most studies 
analyzed by Buckley (2020) come from the U.S. and Western European 
countries. The future research could uncover how different modes and 
types of information provision alter energy consumption patterns among 
households in other less wealthy countries. 
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Appendix

Fig. A1. Number of zero daily observations by treatment status for each month of the experiment.   
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Fig. A2. Number of non-zero daily observations by treatment status for each month of the experiment.  

Fig. A3. Quantile Treatment effects including zero consumption levels  

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.eneco.2021.105687. 
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