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Abstract

The dissertation consists of three independent chapters:

Chapter 1–Household-Specific Social Norms, the Elasticity of Electricity Demand, and Carbon

Emissions Reductions in the Residential Sector: Evidence from a Natural Experiment in

Russia–In this chapter, I estimate the price elasticity of residential electricity demand using

household-level panel data for Russia. The study takes advantage of the variation in tariffs

across regions and over time, as well as the introduction of increasing-block-pricing (IBP)

schemes in a number of regions. I show that in those regions consumers appear to be aware of

the block cut-offs, even though the latter are based on the prescribed social norms and are

household and dwelling-specific, to the point that there are up to a total of 31 different tier cut-

offs. Based on these results, I estimate the price elasticity of electricity demand to be around -

0.1. I also predict the associated changes in electricity consumption, CO2 emissions, and

revenues if similar IBP policies are implemented countrywide.

Chapter 2–Increasing Block Electricity Pricing and Propensity to Purchase Electrical

Appliances, and Dirty Fuels: Evidence from a Natural Experiment–This chapter provides

empirical evidence on the relationship between increasing-block-pricing (IBP) of electricity

and the propensity of households to purchase major electrical appliances, and dirty fuels. I use

a variation from a natural experiment in Russia that introduced IBP for residential electricity

in a number of experimental regions in 2013. The study employs household-level panel data,

which records, among others, whether the household has purchased any major electrical

appliances or dirty fuels. Using a difference-in-differences specification, I show that the

purchase of major electrical appliances in the regions with IBP has increased by more than 20

%, while the purchase of dirty fuels increased by more than 60 %. These findings highlight a
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significant challenge for policymakers, indicating that while IBP aims to encourage sustainable

energy practices, it may inadvertently lead to unintended adverse outcomes. The results of this

paper suggest that there is further room for policymakers to refine the implementation of IBP

to mitigate its adverse effects, ensuring it achieves its environmental goals without

disproportionately impacting vulnerable households. The findings of this study hold relevance

for policymakers in developing and emerging economies implementing energy reforms,

including nonlinear energy pricing such as IBP, and stress the importance of tailoring such

policies to address socio-economic disparities effectively.

Chapter 3– How Effective Are Intermittent Energy Reports? Evidence from a Long-Term

Behavioral Intervention in Energy Conservation – Previous literature has demonstrated that

behavioral interventions generally cause short-term reductions in energy use, though their

effects often decay with time in the absence of continuous reinforcement. This chapter

examines the effectiveness of intermittent behavioral interventions in promoting residential

energy conservation, focusing on the reintroduction of social comparison feedback after a

prolonged pause. Using data from a field experiment in Yerevan, Armenia, we analyze the

short-term and sustained impacts of social norm feedback on residential electricity

consumption. Reductions are more pronounced during off-peak seasons and vary significantly

based on household energy characteristics, both during the pause and active phases of

treatment. Our findings demonstrate that intermittent interventions can sustain significant

conservation effects and offer a cost-effective alternative to continuous treatments, providing

valuable insights for sustainable energy policies and conservation programs.
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Introduction

The urgency to act on climate change has aimed the focus of scientists and policymakers

towards the energy sector, which continues to remain the dominant force behind greenhouse

gas (GHG) emissions. However, considering this sector's strong link to economic development

and environmental degradation, there is growing concern about researching the determinants

of energy consumption and efficiency. The current research, therefore, aims at establishing

drivers of both energy consumption and efficiency, with a focus on price and non-price

mechanisms. Second, it provides a detailed analysis of the ways in which different policy

instruments could affect household behavior and efficient energy consumption that reduces

carbon emissions. This thesis consists of three chapters: the first two on price determinants of

energy consumption and the third on nonprice determinants, particularly through behavioral

interventions.

Chapter 1 investigates the price elasticity of electricity demand, which is a pivotal factor in the

effectiveness of carbon pricing mechanisms such as carbon taxes and tradable allowance

systems. How consumers respond to changes in electricity prices is connected to the success

of these mechanisms. Despite large amounts of research on this subject, there seems to be

limited consensus over the magnitude of price elasticity of electricity demand, as researchers

come up with high dispersion in their estimations partly due to the lack of studies utilizing the

exogenous variation in the price of electricity and the suitable control group. This chapter uses

data from the Russian Longitudinal Monitoring Survey (RLMS-HSE) along with the variation

in the price of electricity resulting from a natural experiment to estimate the price elasticity of

electricity demand in Russia—a highly energy-intensive country, and the world’s fourth largest

polluter (Worldometers.info, 2022).

The analysis is based on the experimental introduction of increasing-block-pricing (IBP) for

electricity in a number of experimental regions of Russia in 2013. Using the instrumental
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variable estimation, the study estimates the long-run price elasticity of electricity demand to be

-0.1. This indicates that Russian households are relatively insensitive to price changes, which

has major policy implications. Nonetheless, the IBP scheme will still achieve modest

reductions in electricity use and associated CO2 emissions with an associated increase in

revenues from residential electricity consumption. Specifically, the average Russian household

will reduce its annual electricity consumption by approximately 0.56%, reducing CO2

emissions by approximately 6.19 kg per year or 0.333 million tons at the country level. This

small effect with regards to electricity consumption and related emissions underlines the

challenges associated with using price-based incentives to achieve lasting changes in energy

use behavior.

Chapter 2 investigates how the experimental introduction of IBP for electricity in Russia

affected the propensity of households to purchase major electrical appliances and dirty fuels.

Results show that the propensity to purchase major electrical appliances increases by 20% in

regions with the IBP policy. This positive outcome is outweighed, however, by a more

troubling finding: the propensity to buy dirty fuels has increased by 60% among the households

in the same regions. This shift towards dirtier energy sources is especially pronounced among

socially vulnerable households, who are more likely to turn to cheaper alternatives in response

to rising electricity prices. The findings highlight the unintended consequences of financial

policies aimed at promoting energy efficiency, particularly in regions with significant socio-

economic disparities. The analysis brings out the aspect of heterogeneity at the household level

that must be considered in the design and implementation of any energy policy. An IBP

scheme, on the one hand, can be used to promote energy efficiency by encouraging the

purchase of more efficient appliances; on the other hand, it might inadvertently increase the

consumption of carbon-intensive fuels among certain segments of the population. This has
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significant implications for policymakers seeking to balance environmental objectives with

social equity, particularly in the context of developing and emerging economies.

Chapter 3 shifts the focus to non-price determinants of energy consumption, exploring the role

of behavioral interventions in promoting energy conservation. Behavioral economics has found

an increasingly important place in environmental policy, especially through the use of

"nudging" techniques to prompt consumers toward choices with lower environmental impacts.

One such intervention is social comparison information, capitalizing on the psychological

concept of normative social influence in an effort to elicit energy-saving behaviors.

The chapter investigates the long-term effects of providing households with social comparison

reports, which compare their energy use to that of their peers. This approach is grounded in

Festinger's (1954) social comparison theory, which suggests that individuals evaluate their own

behavior by comparing themselves to others. The study, among others, examines the effects

of the reintroduction of behavioral intervention after a long-term pause, which is an unexplored

area in the literature. The results indicate that periodic reinforcement of social comparison

reports sustains energy-saving behaviors, and can make the deployment of the reports more

cost-effective in the long term.

The findings have important implications for the design of cost-effective and durable energy

conservation policies. Because the study reveals that intermittent intervention strategies may

be as efficient as continuous campaigns, the policymakers can attain large energy savings while

saving on the costs of ongoing intervention programs. This may also further help in avoiding

behavioral adaptation, where the effectiveness of a stimulus goes down over time because of

constant exposure.

In summary, this thesis provides a comprehensive analysis of both price and non-price

determinants of energy consumption. The thesis further highlights the need for economic

incentives to be integrated with behavioral insights to design relevant energy policies. More
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specifically, the findings examine the interplay of financial and non-financial mechanisms with

consumer behavior in an effort to give relevant insights to policymakers on the way forward in

promoting energy efficiency and low carbon emissions in a way that is socially equitable.

This thesis contributes particularly to the developing and emerging economies, where energy

reforms tend to serve a fine balance of environmental and social imperatives. Concretizing the

findings of this research, if progress on energy conservation and mitigating climate change has

to be advanced, then policy must adopt both financial and behavioral intervention as tools for

achieving sustainable outcomes. As such, this thesis not only contributes to our understanding

of the determinants of energy consumption but may also serve as a practical guideline for

making effective and equitable energy policies.
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1. Introduction

The energy sector has been long identified as one of the largest contributors to greenhouse gas

(GHG) emissions, which in turn are linked to climate change (IPCC, 2021). A number of

remedies have been proposed to reduce reliance on fossil fuels and encourage the development

of renewable energy sources, including tradable allowance systems and a carbon tax (OECD,

2018).

The success of a carbon tax depends intimately on the price elasticity of electricity demand.

There is however little consensus on the magnitude of the price elasticity of electricity demand

either in the short or the long run (see, for instance, Labandeira et al., 2017 for a literature

review). The lack of consensus is due to many reasons. In the literature that spans over decades,

different estimates of the price elasticity of electricity demand have been obtained in studies

conducted at different times and locations, during periods when prices were dropping or rising,

and in studies based on micro and more aggregated data (Miller and Alberini, 2015). In

addition, there is a paucity of quasi-experimental studies, where one can observe both

exogenous variation in prices and a suitable control group (Deryugina et al., 2018).

Studying the price elasticity of electricity demand becomes even more important in countries

with high energy intensity like Russia, where most power is generated from natural gas and

coal, making Russia the world’s fourth largest polluter (“BP Statistical Review of World

Energy”, 2021). Compared to major countries in Europe the energy intensity of Russia is about

three times that of Germany, France, and Italy (Enerdata, 2022).

In this paper, I exploit the Russian Longitudinal Monitoring Survey (RLMS) conducted by the

National Research University Higher School of Economics (HSE) and the Carolina Population

Center at the University of Carolina. RLMS-HSE is a household-level panel data for Russia,

one of the world’s major exporters (and consumers) of energy (ibid).
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The study takes advantage of unique data and a unique setting to estimate the long-run price

elasticity of electricity demand.1 I combine the implementation of the increasing-block-pricing

(IBP) scheme for residential electricity in a number of experimental regions of Russia in 2013,

with an instrumental variable estimation approach and estimate the price elasticity of electricity

demand.

I show that in those regions consumers appear to be aware of the block cut-offs, even though

the latter depend on the prescribed social norms for the electricity consumption set by the

utilities, and are household and dwelling-specific, to the point that there are a total of 31

different tier cut-offs, indicating that the households are aware and react to the marginal prices

of electricity.

This is in sharp contrast to the previous research (see, Borenstein, 2009; Ito, 2014; Labandeira

et al., 2022) where authors argue that consumers tend to react to the average prices, rather than

marginal ones, opposing the theoretical prediction of standard consumer theory. Based on

these results, I estimate the long-run price elasticity of electricity demand to be around -0.1.

I combine the point estimates of the elasticity with information about the regional carbon

intensity of electricity generation in Russia to forecast the associated changes in residential

electricity consumption, revenues, and CO2 emissions if a similar IBP policy was extended

countrywide.

I find that with the introduction of the IBP scheme, a typical Russian household will reduce its

annual consumption of electricity by approximately 0.56% (14.48 KWh). This in turn results

in a 6.19 kg annual reduction in CO2 emission on average per household or 0.333 million tons

nationwide. This negligible effect on electricity use and emissions follows from the low price

1 The conventional definition of the long-run price elasticity of electricity demand is the period within which a
household’s stock of appliances and demographic profile is not fixed (see for instance, Barnes, et al., 1981).
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elasticity. The silver lining of such low-price elasticity is that the revenues from residential

electricity consumption will increase by about 516 million USD per annum.

2. Literature review

The literature on the price elasticity of demand for residential electricity is vast. However, up

to this date, there is little consensus on the magnitude of the parameter of the elasticity either

in the short or long run. The lack of consensus is in part due to the lack of reliable micro-

household data, and in part due to the absence of quasi-experimental studies, where one can

observe both an exogenous variation in price and a suitable control group (Deryugina et al.,

2018).

Various studies report the range of estimated elasticities anywhere between practically zero to

-2.0 in the short run, and -0.07 to -2.5 in the long run (see, Espey and Espey, 2004; Alberini et

al., 2011; Alberini and Filippini, 2011, and Labandeira et al., 2017 for a brief literature review).

For instance, one of the first to estimate the price elasticity of demand for residential electricity

using micro-household data was the study by Wilder and Willenborg (1975). The authors argue

that previous research (Anderson, 1973; Halvorsen, 1973; Houthakker et al., 1974) that studied

the electricity demand was handicapped by the unavailability of micro-level data. Using micro-

level data for a single metropolitan area in South Carolina (USA), the authors estimate the price

elasticity of demand to be around -1.0.

On the other hand, one of the first to estimate the price elasticity of electricity demand in the

context of micro-household data and pay specific attention to the particular structure of the

block rates for residential electricity during the mid-20th century in the USA were the studies

by Wills (1981), and Barnes et al., (1981). Wills (1981) finds that the price elasticity in

Massachusetts (USA) is -0.18 for consumers that use primarily electricity, and -0.52 for

consumers that combine electricity with some other type of energy source during the period of

16



30 years (1941-1970). Barnes et al., (1981) also arrive at a similar magnitude of elasticity (-

0.55) by analyzing data for US households for the period 1972-1973.

Henson (1984) also shows that in the presence of increasing block rate schedules, inappropriate

use of OLS overestimates the rate-structure premium effect on demand and underestimates the

price elasticity. The author shows that in the case of the IBP schedule the use of the instrumental

variable approach provides consistent parameter estimates.

Shin (1985), on the other hand, investigates the consumption patterns of US consumers and

finds that contrary to economic theory consumers respond to average prices rather than

marginal prices in the presence of decreasing block rate tariff schemes. The author suggests

that earlier studies that did not consider the consumers’ perception of price correctly should be

reconsidered.

Exploiting price variations from the changes in the increasing block price schedules, and the

spatial discontinuities in electricity service areas in the US, Borenstein (2009), and Ito (2014)

confirm the argument of Shin (1985) and show that consumers respond to average prices or

expected marginal price, and do not respond to marginal prices. Authors claim that this sub-

optimizing behavior makes nonlinear pricing unsuccessful in achieving its policy goal of

energy conservation and substantially changes the efficiency cost of nonlinear pricing.

Reiss and White (2005) estimate the price elasticity for electricity in California in the presence

of an increasing five-tier tariff scheme for residential electricity. Using a moment estimator,

they report the average short-run price elasticity of -0.39. They also report, however, a

significant discrepancy in estimated price elasticities between households with different

heating and energy sources.

On the other hand, Alberini et al., (2011) estimate the elasticities of a higher magnitude in the

50 largest metropolitan areas in the US using household-level panel/multi-year cross-sections

household data for 1997-2007. Their estimates range from -0.667 to -0.860. Contrary to Reiss
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and White (2005) they find no evidence of significantly different elasticities across households

with different energy sources.

Alberini et al., (2019) also estimate the price elasticity of demand for electricity in the presence

of increasing block rates, and extreme energy price changes in Ukraine. Analyzing a 50% rise

in energy prices for the period 2013 to 2016 authors conclude that even in the presence of

extreme changes in energy prices the demand remains quite inelastic (-0.2 to -0.5) with the

bulk of elasticity estimates around -0.3.

Finally, Deryugina and colleagues (2020) exploit an exogenous variation of electricity prices

in over 250 Illinois communities and conclude that the price elasticity of demand grows from

-0.09 in the first six months to -0.27 two years later. Authors, emphasize the importance of

accounting for the long-run consumption dynamics when evaluating energy policies.

To the best of the author’s knowledge, there are still no studies analyzing the residential

demand for electricity in the Russian Federation that exploit an exogenous variation in the

residential electricity prices combined with household-level panel data2. In this study, I close

this gap in the literature by estimating the elasticity of residential electricity demand in Russia

using the panel household data RLMS-HSE, and a natural experiment described below.

3. Background

Russia has the fourth-largest electric power system in the world with a total capacity of 243GW.

Generation is mainly (about 67%) accomplished by thermal power plants running almost

exclusively on natural gas and coal. The remaining 30% of electricity generation is supplied

2 Some earlier studies published in the local Russian outlets report the estimated price elasticity for electricity in
Russia ranging from (positive) 0.698 to (negative) -0.843. However, these results should be taken with caution
as these studies used region-level aggregated data with rather small sample sizes, and thus the obtained price
elasticities are likely to be biased. For more information see Kukoverov (2019), and Gaivoronskaia (2020).
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by hydroelectric power stations (20%) and nuclear power plants (12%) (Sidorenko, 2011;

Josefson et al., 2017).

Before 2003 the whole power sector was a part of a fully integrated state monopoly, RAO UES.

However, after the start of liberalization of the power sector, the RAO UES was unbundled

into 20 independent power companies by 2008. The trend has been reversed in recent years, as

there has been seen a reconsolidation of power assets. As of 2012, the large transmission and

distribution assets were reunited under a state-controlled, Russian Grids public joint-stock

company (PJSC). Nowadays, power grids are largely owned and operated by Russian Grids

PJSC, with transmission and distribution of power to over 70% of the Russian population and

to industrial facilities that account for over 60% of the Russian GDP (Josefson et al., 2017).

The pricing of electricity has been gradually liberalized, and currently, about 80% of electric

power is traded at non-regulated market prices. However, the public is still likely to continue

to receive electric power at state-regulated prices in the foreseeable future, as residential tariffs

are set by the Federal Antimonopoly Service (Josefson et al., 2017).

Residential electricity pricing in Russia is still primarily based on a flat tariff regime, albeit

with a considerable variation in price per kilowatt across regions. In a recent attempt to

introduce a cross-subsidizing scheme, where households with relatively higher electricity

consumption subsidize part of the cost of supplying households that consume less electricity,

Russia introduced social norms for electricity consumption in seven pilot regions starting from

September 2013 (see, the “Decree of the Government of the Russian Federation of July 22,

2013 No. 614” 3), with a plan to introduce social norms in all regions of Russia (henceforth

referred to as “experimental regions”) starting in July 2014 (Veretennikova, 2014).

3 The “Decree of the Government of the Russian Federation of July 22, 2013 No. 614” was updated on 25th

February of 2014 to exclude the Samara oblast from the list of pilot regions. This decreases the total number of
experimental regions from seven to six. However, since the oblast of Samara is not covered by RLMS-HSE this
update does not affect my estimations.
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Those households that consume within the prescribed social norm pay a lower unit price for

electricity, whereas those that consume above the prescribed social norm pay a higher price.

The prescribed social norm is calculated on a per capita basis and is different in each of the

seven experimental regions (“oblasts”). The social norm varies from 50 kWh per capita in

Vladimir Oblast to 190 kWh per capita in Orlov Oblast (Veretennikova, 2014). In some of the

experimental regions, the calculation of the social norm is also complicated by whether the

household is located in a rural or urban area, has an electric cooking stove, or has members that

receive benefits (see, Table 1).

In practice, the “social norm” functions in the same way as “increasing-block-pricing” (IBP)

schemes in other countries: Consumption below a designated level is priced at a lower price

per unit, whereas consumption above this level is priced at a higher price per unit. All of the

experimental regions have thus effectively implemented a two-tariff regime.

As explained in Section 4, I use several waves of the RLMS-HSE to examine how consumers

responded to tariff changes. It is important to note that out of the seven regions that

implemented the social norm/IBP scheme, only three (Rostov Oblast, Krasnoyarsk Krai, and

Nizhny Novgorod Oblast) are covered by the RLMS-HSE. 4 Table 1 summarizes the main

information regarding the social norms in these three regions of Russia. 5

In addition to the large variation in social norms, we also observe a considerable variation in

tariff schedules across both experimental and control regions. Figures 1-4 illustrate the

historical monthly tariff schedules for the three experimental regions and the average tariff

schedule for all control regions. 6

[Figure-1] 7

4 The other social norms/IBP regions (not covered by the RLMS-HSE) are Zabaykalsky Krai, Vladimir Oblast,
Orlov Oblast, and Samara Oblast.
5 The regional social norms for the residential electricity consumption were obtained from the regional energy
suppliers. For more information see, Old.donland.ru (2019); Ševcov (2018), and “Social norm” (2019).
6 Residential electricity tariffs were obtained from the Federal State Statistics Service of Russia (Rosstat).
7 All Figures can be found in Appendix A1.
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[Figure-2]

[Figure-3]

[Figure-4]

The tariff schedule in Russia changes usually once a year and simultaneously in all regions. It

varies across regions substantially depending on the average socio-economic and weather

conditions in the region. It also varies across residential customers depending on access to the

district gas supply. This is because households not served by the piped gas supply are forced

to use electric stoves for cooking, which in turn increases their electricity consumption

substantially. Thus, there were two different tariffs before September 2013—a flat tariff for

households with an electric stove, and a different flat tariff for those without, and four different

tariffs after the introduction of the social norms in the 3 experimental regions (1st and 2nd tiers

for households with electric stove, and without).

The average tariff for the first tier in all regions under consideration has increased from about

230 roubles per 100 kWh in 2010 to about 360 roubles per 100 kWh in September 2016.8

Tariffs for the second tier can be observed in the three experimental regions only starting from

September 2013. The average second-tier tariff in the three experimental regions grew from

390 roubles per 100 kWh in 2013, to 479 roubles per 100 kWh in 2016, with an average

difference of about 150 roubles per 100 kWh between the first and second tiers.

The tariff schedule for the households with electric stoves followed an identical pattern, but

with a factor of roughly 0.7 to account for the higher base electricity consumption of the electric

stove.

8 At first an average increase of about 60% during a seven-year period may seem large. However, one should
take into account that according to Rosstat (2021) the yearly inflation in Russia during this period was averaging
more than 8%.
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As mentioned above originally the government was planning to extend the social norms and

the associated IBP schemes to all regions of Russia, but for various reasons, the implementation

of this plan was suspended for an indefinite period (Veretennikova, 2014; Antonov, 2018).9

The original plan also included nine pilot regions, however, two of them (Primorsky Krai, and

Lipetsk Oblast) were excluded prior to September 2013. The government of the Primorsky Krai

argued that the methodology for the calculation of the social norms provided by the federal

government does not allow for the precise calculations of the social norms on a justified basis.

The opponents of the social norms were not satisfied by the uniformly distributed region-wide

social norms that were offered to them. They argued that, for instance, the settlements that are

not connected to the district's delivery of hot water are forced to consume more electricity than

households that receive hot water from the district (Veretennikova, 2014).

The Lipetsk Oblast was excluded from the project after the regional parliament appealed

against the introduction of the social norms arguing that it will increase the average electricity

tariff for the population considerably (ibid).

As can be seen from the arguments above the calculation of the social norms across the regions

was done quite arbitrarily. We use this argument to our advantage, as it indicates that the

calculation of the social norms was done exogenously, which in turn favors our estimation

procedures.

Table 1: Calculation of the social norms for residential electricity consumption

(kWh/month)

Region            HH
type

Krasnoyarsk n=1
Krai n=2

n=3+
n=1
n=2

Urban Rural

110
150

75´n
85
100

Urban + electric stove Rural + electric stove

220
300

150´n
85
100

Receiving
social

benefits
´1.0
´1.0
´1.0
85

´1.5

9 The social norms and the associated IBP schemes were not suspended in the experimental regions, however.
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Oblast

Nizhny n=3+ ´1.5
Novgorod                                         

100+50´ (n-2)                                                100+50´ (n-2)

Rostov Oblast n=1 96 186 186 276 ´1.5
n=2                     156 246 242 332 ´1.5
n=3+          156+40´(n-2)        246+40´ (n-2)        156+40´(n-2) +43´n        246+40´(n-2) +43´n ´1.5

Source: Regional electricity suppliers. Note: “n” denotes the household size.

4. Household data

The study employs the Russian Longitudinal Monitoring Survey (RLMS) conducted by the

National Research University Higher School of Economics (HSE) and the Carolina Population

Center at the University of Carolina. RLMS-HSE is a panel dataset and includes a wide set of

questions on individual and family background characteristics. The majority of the interviews

for RLMS-HSE are conducted during October and November.

The survey has been conducted once a year in 38 regions of Russia since 1994 and is

administered to about 6000 households each year. The sampling approach of RLMS-HSE,

combined with annual replenishment, ensures that the sample is cross-sectionally

representative for each round. The average attrition rate is about 10%, and the overall attrition

after 10 years is about 50% (see Gerry and Papadopoulos, 2015, for more details).

Unfortunately, RLMS-HSE has recorded electricity consumption data only from the 14th to the

25th waves (2005 to 2016), and only for September of each year. Thus, we have electricity

consumption information across 38 regions and 12 points in time (September of each year),

which enables us to observe the electricity consumption before and after the introduction of the

two-tier experimental tariffs.

We can also identify whether the dwelling is located in a multifamily building or is a single-

family home, whether it is connected to the electricity grid, and/or the gas, water, hot water,

and district heating networks. The size of the dwelling (in square meters) is divided into a total

area and the area of the habitable rooms. The respondents are asked to indicate whether they

own their homes. Information on the socio-economic characteristics of the household and the
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stock of appliances is available, along with information on subsidies on the utilities (in a form

of discount and cash subsidies separately) received by the household, and arrears due (if any).

To further elaborate on the appliances, the questionnaire was revised in 2006 and 2009. For

instance, starting in 2006 the questionnaire collected information only on a new type of

refrigerator (no-frost), and on a new type of washing machine (automatic washing machine),

as opposed to previous years when information on any type of refrigerator or washing machine

was recorded. In 2009, the questionnaire added questions on the availability of air conditioners

(A/C) and dishwashing machines. I use the waves from 2010 to 2016, as they bracket the time

when the social norms (IBP schemes) were introduced.

4.1.2 Descriptive Statistics

Out of all of the 2010-2016 households, I retain the households that reported their electricity

consumption (about 85%)10, and those who own their home (about 90%). The study also

excludes households that report having an electric stove while also being connected to the

district delivery of gas (about 1%). This leaves us with a total of 29678 non-singleton

observations for the 2010-2016 years combined, 2427 of which (about 8%) are in the

experimental regions. Below (Tables 2-5) I present summary statistics for households living in

the three experimental regions, and the control regions (all others).

Table 2: Characteristics of the Dwellings

Variables

Type of dwelling:
Single-family home

Apartment in a multi-
family building

Size of the dwelling in
square meters

Control regions:
Percent of the Sample

or Mean

29.7%

70.2%

55.476

Experimental regions:
Percent of the Sample or

Mean

21.8%

77.9%

53.276

Difference in Means:

7.9%***

-7.7%***

2.2***

10 Reported electricity consumption is based on meter readings. The remaining 15% of households that did not
report their electricity consumption include those without meters installed in their dwellings, those unable to
report consumption for any reason, and those who refused to provide their electricity consumption readings.
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Urban 63.7% 91.9%
Has an Electric stove 17.8% 36.8%
Connected to district

networks of:
Gas                                       70.6%                                     51.1%

Heating                                    67.1%                                     76.6%
Hot water                                  62.1%                                     73.7%

Cold Water                                 87.0%                                     91.1%
Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01

-28.3%***

-18.9%***

19.5%***

-9.5%***

-11.6%***

-4.2%***

The major difference between the IBP and non-IBP regions is that the “experimental”

dwellings are located in more urbanized areas. The urbanization level of the experimental group

is 91.9%, whereas in the control group it is 63.7%.

This difference in urbanization in turn is reflected in several other variables of interest. The

connection to the district heating, district hot water networks, and district cold water networks

is generally higher in the more urbanized experimental regions.

Connection to the district gas networks, on the other hand, is about 19% higher in the control

regions (70.6% vs 51.1%), and as a result, there is a higher percentage of electric stoves in the

experimental regions (17.8% in the control regions as opposed to 36.8% in the experimental

regions).

The higher proportion of households connected to the district gas networks in the less urbanized

control regions can be explained by the fact that unlike almost universal connection to

electricity networks in Russia, connection to the gas networks is not universal. Major cities and

regions of Russia, including one of the experimental (IBP) regions the Krasnoyarsk Krai, do

not have a district delivery of natural gas (Piterkina, 2021).

The difference in the level of urbanization is also reflected in the proportion of detached and

multi-apartment dwellings across the regions. As expected, the share of single-family dwellings

is higher in the less urbanized control regions (29.7% vs 21.8%), while the share of multi-

family dwellings is more prevalent in the experimental regions (70.2% vs 77.9%).
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Table 3: Energy Consumption statistics: Monthly electricity usage for September

(kWh).

Type of dwelling: Control regions:
Mean

(standard deviation
in parentheses)

Experimental regions:
Mean

(standard deviation in
parentheses)

Difference in Means:
Standard error in

parentheses

All households                                           171.4394
(105.984)

Households living in Single-family homes  188.5427
(121.2986)

Households living in apartments in multi-family 164.1825
buildings                                                (97.912)

Households in the urban area  164.1977
(98.46363)

Households in the rural area  184.1456
(116.9532)

Households with central heating  165.6508
(99.76648)

Households with no central heating  183.2426
(116.7681)

Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01

179.5328
(93.3702)
191.7906

(103.3274)
176.2622

(90.17878)
175.9364
(91.0989)
220.4694

( 108.2672)
173.9521

(86.30647)
197.7557

(111.5717)

-8.093323 ***

(2.22444 )
-3.247843
(5.392782)

-12.07962 ***

(2.34353)
-11.73863 ***

(2.196306)
-36.32383 ***

(8.42448)
-8.301257 ***

(2.400933)
-14.51316 ***

(5.034992)

Table 4: Respondent Socioeconomics

Variables

Household size

Control regions:
Percent of the Sample

or Mean

2.513

Experimental regions:
Percent of the Sample or

Mean

2.545

Difference in Means:

-0.032

Household monthly 60813 62010
income (RU)

Receiving subsidies for 32.6% 28.0%
utilities

Receiving discounts for 21.7% 24.7%
utilities

Have arrears for utilities 6.4% 5.1%
Education:
Secondary 32.6% 28.5%

Professional-technical 24.2% 25.8%
High education (MSc, 24.2% 27.3%

BSc, DiS)
Other 18.6% 17.9%

Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01

-1197

4.8%***

-3.0%***

1.3%***

4.1%***

-1.6%*

-3.1%***

0.7%

Other observed characteristics are quite similar. The descriptive statistics show that the

majority of the families reside in multi-apartment buildings. The average size of the household
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is more than 50 m2, while the average number of household members is less than 3 individuals.

The average household income is about 60,000 roubles (adjusted for 2019 roubles).

More than 20% of the households are receiving various “benefits” for utilities. There are two

main types of utility benefits for Russian households: subsidies, and discounts. Subsidies are

short-term benefits given mostly based on household income, and specifically total utility

payments as a share of total household income. Any person with permanent residents can apply

for a subsidy. This subsidy is given for a period of six months, and every six months it needs

to be renewed. The subsidy is given in a form of a cash-back. The household pays the monthly

utility bill as usual, and then the payment for the bill is partially returned to the household by

the government as cash (see, Necova, 2019a; Necova, 2019b).

Discounts, on the other hand, are permanent, and only certain segments of the population are

eligible for them. These segments include but are not limited to war veterans, people with

disabilities, and large families with children. The discounts are usually given in a form of

reduced payment for all utilities, which typically range from 30% to 50% of the total utility

bills, and are granted for a lifetime (in the case of veterans, and disabled), or until the youngest

child from a large family turns 16 or 18, depending on the region the family resides in (ibid).

Table 5 below also reports descriptive statistics on appliances.

Table 5: Home Appliances

Control regions Experimental regions Difference in Means:

Appliance: Percent of the Sample
Air Conditioner 8.6% 8.61%

Dishwasher 2.5%                                      2.2%
(automatic)

Refrigerator (no frost)                    53.0%                                    55.6%
Washing machine                       74.5%                                    81.7%

(automatic)
Freezer                                12.4%                                    24.5%

Microwave                             61.9%                                    62.0%
Personal computer                       39.6%                                    38.3%

(stationary)
LCD TV                              47.1%                                    53.8%
CRT TV                               75.6%                                    65.7%

Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01
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As can be seen from the overall description of the selected sample there are some structural

differences in the observed characteristics between the households in the experimental and the

control regions. To account for these structural differences across the regions, as well as a

relatively smaller share of households in the experimental regions I employ a coarsened exact

matching technique as described in Iacus et al., 2011. More details are provided in Section 5

on methodology.

5. Methodology

In the presence of block pricing schemes, marginal prices are endogenous (see, for instance,

Alberini et al., 2019; Hu et al., 2022). A well-accepted method for dealing with endogenous

marginal prices under non-linear price schedules is to instrument the prices with the full block-

tariff schedule (Mansur and Olmstead, 2012; Nieswiadomy and Molina, 1988), because the full

set of marginal prices in the price schedule is established by the authorities and is uncorrelated

with the error term in (1), but correlated with the price a household faces (Mansur and

Olmstead, 2012).11

In our case, the first-tier consumption cut-offs (the social norm) of the household depend on

many various factors (see, Table 1) depending on the region it is located in. Therefore, even

though in each of the experimental regions households face only four types of electricity tariffs

in total, the number of blocks that determine the first-tier consumption is larger and is different

in each of the experimental regions. Therefore, our empirical specification should take into

account all the possible combinations of the block-tariffs present within the data to differentiate

between the households that face similar tariffs but different first-tier consumption cut-offs. In

11 It is also possible to “proxy” the average prices for electricity by inputting to each household the average price
per unit of electricity by the utilities in the area. This method however, is affected by measurement error, and is
used only when the exact information about the block rates faced by the consumers is absent (see, Alberini et
al., 2011). We can observe the exact block-tariff each household faces, and thus the instrumental variable
estimation technique is preferred in this case.
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our case, I have identified a total of 31 block-tariffs present within the three experimental

regions.

Thus, in this study, I am exploiting exogenous variation in the tariffs, thanks to the revisions

that are done to the tariffs in every region every year plus the introduction of the IBP in three

of the regions covered by the RLMS-HSE. To tackle the endogeneity of prices in three

experimental regions I employ the two-stage least squares (2SLS) model by instrumenting the

(logarithm) marginal price for electricity by the (logarithm) full block-tariff schedule.

The study estimates the following electricity demand function:

September of year ᵆ�. ᵅ�ᵅ�ᵄ� is a logarithm of the marginal price of electricity (in 2019 roubles).

Vector ᵁ� stands for the (logarithm) discounts and subsidies (in 2019 roubles) received for the

utilities by the given household.

The ᵁ� indicates a vector of control variables like the income of the household (in 2019 roubles),

the number of individuals residing in the household, and the amount of any arrears for the

utilities. The terms ᵄ� and ᵰ� stand for household and time fixed effects respectively. Our

specification also controls for the weather conditions by including a rich set of weather

variables of region r in September of year t given by a vector W.12 The ᵰ� stands for the

idiosyncratic error term.

One difficulty with our sample is that the observations from the treated areas account for only

about 8% of the total sample. I balance the sample by “matching” the treated households with

similar households from the control regions. I use coarsened exact matching (CEM). The CEM

12 In particular, I control for the average monthly logarithms of degree days, precipitation, wind speed, and
humidity levels across all 38 regions under the study. The weather data was provided by www.meteoblue.com.
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procedure has several advantages over other matching techniques. In particular, it requires

fewer assumptions and possesses more attractive statistical properties (Iacus et al., 2012; King

and Nielsen, 2019). Applying matching to any particular estimator usually serves as a tool to

reduce the imbalance between experimental and control groups, so that the empirical

distribution of the covariates is more similar across the groups.

I match the experimental and control groups on the various household characteristics. More

specifically, I match on the square footage and type of the dwelling (single-family home or

apartment in a multi-family building), size of the household, location (urban, rural), household

income, whether the household is connected to the district supply of gas, hot water, central

heating networks, and whether the household has an electric stove.

6. Results

6.1. Preliminary data checks

Borenstein (2009), shows that with an IBP regime, one should observe so-called “bunching”

around the cutoffs of the consumption block rates. This bunching should be more pronounced

when the price elasticity of demand is stronger, and if people can predict their consumption

relatively precisely.

To check for the bunching around the consumption block cut-offs, I constructed histograms of

the electricity usage in the experimental regions for the period after the introduction of the IBP.

As we face up to 31 different tier cut-off values for different regions and different types of

households within our data, I have constructed a difference variable between the actual

electricity consumption and the prescribed social norm for electricity consumption for each

household in the experimental regions. If the consumers indeed react to the marginal price as

prescribed by the economic theory, then one should observe an asymmetric distribution around

zero.
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[Figure 5]

As evident from Figure 5, we can observe a bunching of electricity consumption in September

for all post-IBP years in the experimental regions. I also implement the formal test of

discontinuity in the density of the difference variable (at zero kWh) based on a statistical test

developed by Cattaneo et al., (2020). This test descends from the test of discontinuity

developed in McCrary (2008), and requires fewer choices of tuning parameters, and takes fuller

advantage of local polynomial regression. The test rejects the null of no discontinuity at zero

kWh at all conventional levels of significance.

Thus, this study documents that households react to the marginal price, and appear to be aware

of the block cut-offs, even though the latter are household and dwelling-specific. This is in

sharp contrast to the findings of Borenstein (2009), and Ito (2014) where the authors show that

households respond to average electricity prices rather than marginal block price.

In addition, as we observe the electricity consumption only for one month of the year, we need

to verify that the average electricity consumption in September is not abnormal, as this could

potentially bias the results in general. For that purpose, I examine the monthly aggregate

electricity production in Russia from 2010 to 2016. 13 The electricity production pattern

depicted in Figure 6 looks quite similar to the production in other countries and exhibits a

convex shape that spikes in December, and January while bottoming in June.

[Figure 6]

6.2 Regression results

We expect a negative coefficient on the logarithm of the price using 2SLS. By contrast, if one

simply runs OLS, the price coefficient is positive and significant (see, Table 6), reflecting the

13 I use monthly production of electricity as a proxy for the monthly consumption. This is possible because
Russia’s electricity exports are almost nonexistent (as opposed to the exports of other energy sources) and
comprise only about 2% of the total production (while also importing less than 1%) (TheGlobalEconomy,
2020).
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mechanical, positive correlation between price and consumption—even if fixed effects are

included.

The standard FE estimation and the 2SLS estimation results are reported in Table 6 in Column

1 and Column 2, respectively. Column 3 reports the 2SLS estimation results after applying the

CEM procedure to make the treated households more comparable with the households in the

control regions.

As the measure of the imbalance of the variables between the groups, I use a comprehensive

imbalance statistics L1 (see, Blackwell et al., 2009), which shows the difference between the

multidimensional histogram of all pre-treatment covariates in the experimental group and that

in the control group given by:

groups respectively calculated from the cross-tabulation of the discretized (coarsened)

covariates.

The matching estimator performs reasonably well in our specification. The multivariate L1

distance statistics indicates an improvement in the balance of covariates between groups. First,

I run L1 distance statistics on unmatched data which will then serve as a point of comparison

(a baseline reference) for the matched data. If L1 statistics is closer to zero on a match data, as

compared to its unmatched counterpart then we can argue that there was an improvement in

the balance of covariates across the experimental and control groups after the matching

procedure. In the context of CEM, the absolute values of the L1 statistics mean less than

comparisons between the matching solutions. In this sense, the L1 statistics works for

imbalance as R-squared works for the model fit (Iacus et al., 2012).
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In our case, the multivariate L1 distance statistics for the unmatched data is 0.7837, while for

the matched data it is equal to 0.7226. Out of a total of 27251 observations in the control

regions, and 2427 observations in the experimental regions, 6810 observations from control

regions, and two observations from experimental regions were not matched between groups.

The remaining observations were matched.

Table 6: Fixed effects regression

Dependent variable: (ln) Electricity consumption

(ln)Price

(ln)Subsidies

(ln)Discounts

(ln)Arrears

(ln)Income

HHsize

(ln)dd

(ln)precipitation

(ln)humidity

(ln)winds

2011

2012

2013

2014

(1) (2)
FE                          FE_2SLS

0.1267***                               -0.1116**

(0.041)                        (0.047)
0.0007                         0.0007
(0.001)                        (0.001)
0.0006                         0.0005
(0.001)                        (0.001)

0.0050***                               0.0050***

(0.002)                        (0.002)
0.0346***                               0.0348***

(0.008)                        (0.008)
0.0994***                               0.0989***

(0.006)                        (0.006)
Weather variables

0.0109 0.0108
(0.015) (0.015)
-0.0053                       -0.0063
(0.004)                        (0.004)

0.2026***                               0.2118***

(0.044)                        (0.044)
-0.0434*                                  -0.0411
(0.026)                        (0.026)

Year dummies
2010 (base)

0.0025                         0.0078
(0.010)                        (0.010)
0.0156                        0.0187*

(0.010)                        (0.010)
0.0427***                               0.0640***

(0.010)                        (0.011)
0.0541***                               0.0646***

(3)
FE_2SLS_CEM

-0.1007**

(0.048)
0.0014
(0.001)
-0.0006
(0.001)
0.0037**

(0.002)
0.0290***

(0.009)
0.1140***

(0.007)

0.0226
(0.016)
-0.0045
(0.005)

0.2004***

(0.051)
-0.0416
(0.029)

-0.0009
(0.011)
0.0115
(0.012)

0.0632***

(0.012)
0.0626***
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(0.010) (0.010) (0.011)
2015 0.0232**                                0.0390*** 0.0250*

(0.011) (0.011) (0.013)
2016 0.0223*                                  0.0251** 0.0213

(0.012) (0.012) (0.014)
_constant 2.7522***

(0.314)
N 29678 29678 22650

R-squared                    0.031                           0.029                           0.033
F-statistics                    26.66                           26.37
24.54

p-value 0.0000 0.0000 0.0000
Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01. The standard errors are clustered at the

household level.

The IV diagnostics for our model performs well.14 The F–statistics of excluded instruments is

highly statistically significant, and most of the block-tariff schemes included as instruments are

statistically significant. The Sargan-Hansen test of overidentifying restrictions with the joint

null hypothesis that the instruments are valid, i.e., uncorrelated with the error term, and that the

excluded instruments are correctly excluded from the estimated equation also performs well,

and the null hypothesis cannot be rejected at any conventional level of confidence.

The second stages of the regressions with matching (Column 3), and without matching

(Column 2) provide very similar results. The household size, as expected, is positive and

statistically significant determinant of electricity consumption.

Both price elasticities are significant at 5% and have expected signs, although the magnitude

is about 10% lower in the case of matching. The price elasticities are -0.1007 and -0.1116,

while income elasticities are 0.0290 and 0.0348 in the case of 2SLS estimations with and

without matching respectively. The low long-run price elasticity of electricity demand in

Russia highlights a notable insensitivity of households to price changes, which may stem from

various structural and economic factors. Electricity prices in Russia are relatively low, making

14 The first stage regression results are available in the Appendix A2. Note that due to the block cut-offs being
household and dwelling specific, there are a total of 31 different block-tariff cut-offs.
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price changes less impactful on household budgets. Additionally, electricity may constitute a

small share of total family expenditures, reducing the incentive to adjust consumption. Limited

access to energy-efficient technologies and alternatives to electricity further restrict

households’ ability to respond to price increases. Additionally, cultural factors, government

subsidies, and income stability may further dampen the responsiveness to price changes. It is

interesting to note that the income elasticities are significant at 1%, which is in accord with

Turdaliev (2021) where the author also estimates a highly statistically significant effect of

income on the propensity of Russian households to purchase major electrical appliances, and

with Turdaliev and Janda (2023) where the authors demonstrate that the household’s income

is a strong, and statistically significant determinant of the propensity to purchase solid fuels

and kerosine in Russia. These results indicate that income plays an important role in the

determination of the households’ energy consumption behavior in Russia.

The effect of the utility benefits both as a direct cash transfer and as a discount for household

utilities is statistically insignificant. However, the coefficient on the presence of arrears for

household utilities is positive, and statistically significant at 5%; although, the actual size of

the coefficient is close to zero.

6.3 Policy Simulation

I also conduct a policy simulation exercise for the changes in CO2 emissions and state revenues

(using the estimated coefficient of price elasticity for electricity demand) if similar IBP policies

for residential electricity pricing are implemented nationwide.

The paper starts the exercise by computing the change in average marginal prices for electricity

paid by households in RLMS-HSE data in experimental regions (employing the sampling

weights provided within the RLMS-HSE) before and after the introduction of the IBP during

the period under the study, e.g., 2010-2016.
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Based on weighted household data the average marginal price (adjusted for 2019 roubles) in

experimental regions during the pre-IBP period (2010-2012) is equal to 288.10 roubles per 100

kWh, and the average marginal price in the same regions during the post-IBP period (2013-

2016) is equal to 304.5 roubles per 100 kWh. Therefore, the average difference between the

average marginal prices before and after the introduction of IBP is approximately equal to 5.7%

in real terms.

Using the information above, and the estimated price elasticity of electricity demand (-0.10) I

calculate the average percentage change in electricity consumption in Russian households if

the IBP, which results in the 5.7% increase in the marginal price of residential electricity on

average, is implemented nationwide.15 By conducting this exercise, however, I assume that the

households in other regions of Russia will react similarly to the introduction of the IBP as the

households in the experimental regions. In other words, the price elasticity of residential

electricity demand is identical across all regions of Russia.

Having calculated the average change in electricity consumption we can also calculate the

average change in CO2 emissions and revenues from electricity consumption per household.

For that purpose, I use the regional carbon intensity of electricity generation (provided by

McKinsey & Company, 2009) presented in Table 7, and the average yearly residential

electricity consumption data provided by the International Energy Agency (2015).

Table 7: Carbon intensity of electricity generation, by region in Russia

Region:

North
West

Central
South

Electricity generation from using …

Gas Coal Hydro % Nuclear %
%                   %
43 15 14 28

60 11 4 25
64                   1                  29                  6

Carbon intensity, in kg CO2
per kWh

0.374

0.421
0.340

15 It may seem plausible that by doing so I just conduct my policy simulation based on the average price change
for residential electricity in experimental regions. However, this is not entirely correct as just a price increase of
5.7% by itself may not lead to the same results. It is in combination with IBP, where a non-linear price change is
also present, the price increase of about 5.7% leads to this outcome. Especially if one observes bunching around
the cut-off points as in our case (see, Figure 5).
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Volga                67                   2                  22                  9                                 0.365
Urals                 72                  25                  0                   3                                 0.626

Siberia                6                   46                 48                  0                                 0.500
Far East              17                  50                 33                  0                                 0.597

Source: McKinsey & Company (2009)

All the calculation results are summarized in Table 8 below:

Table 8: Simulation of the impact on energy use, CO2 emissions, and utility revenues

Projected yearly
Electricity consumption

Co2 emission
State Revenue

Per household change
(-) 14.48 kWh

(-) 6.19 kg
(+) 619.5 roubles

Country-level change
(-) 0.779 bln. kWh

(-) 0.333 mil.T
(+) 33.31 bln. roubles (516 mil.

USD)

Source: Authors’ calculations.

The yearly average reduction in electricity consumption per household is calculated based on

the coefficient of the price elasticity of electricity demand and the average change in marginal

prices (5.7%) before and after the introduction of IBP in experimental regions. The country-

level changes are calculated by multiplying the average household change by the total number

of households (approximately 54 million according to the Worldometer, 2020) in the Russian

Federation.

Table 8 shows that the average annual reduction in household electricity consumption is 14.48

kWh, while the nationwide reduction in electricity consumption that results from the simulated

policy is 0.779 billion kWh a year. This accounts for less than 1% (0.56%) of 139.971 billion

of total residential electricity consumption in Russia (International Energy Agency, 2015).

This in turn results in 0.333 million tons of CO2 reduction, which is 0.023% of total yearly CO2

emissions in Russia (Statista, 2020).

Having a relatively inelastic price elasticity of demand (-0.1) also implies that introducing the

IBP policy that was implemented in experimental regions (and which resulted, on average, in

a 5.7% increase in the price of residential electricity) would also result in the increased

residential electricity revenues for the state. I estimate that the state will receive an additional
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516 million USD (in 2019 US dollars) per year as a result of the introduction of the IBP policy

nationwide.

7. Conclusion

In this study, I have estimated the long-run price elasticity for residential electricity demand in

Russia using household-level panel data and exogenous variation resulting from the

introduction of the IBP scheme in a number of regions. The estimated price elasticity of

electricity demand is roughly -0.1. The study documents that households react to the marginal

price, and appear to be aware of the block cut-offs, even though the latter are household and

dwelling-specific, to the point that there are a total of 31 different tier cut-offs. This is in sharp

contrast to the findings in other studies which show that households respond to average prices

rather than marginal block prices (see, Borenstein, 2009; Ito, 2014).

Using the estimated point elasticity, I predict the annual changes in electricity consumption,

CO2 emissions, and revenues if similar IBP schemes are introduced countrywide. I find that

the average Russian household will reduce its consumption by about 0.56%, which taking into

account the regional carbon intensity of electricity generation results in 6.19 kg of annual

reduction in CO2 emissions per household or 0.333 million tons nationwide. Taking into

consideration the relatively inelastic electricity demand, I also document that the associated

changes for annual electricity revenues in the residential sector will be approximately equal to

516 million USD.

Finally, some limitations of this study must be acknowledged. We do not observe households’

electricity consumption in any months other than September in RLMS-HSE. Therefore, the

estimated price and the income elasticities are based on the differences in the observed

electricity consumption across Russian regions for September. I show, however, that

September is not an abnormal month in terms of electricity consumption by displaying the

monthly total electricity generation across Russia. Nonetheless, we still cannot genuinely
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observe the electricity consumption in any month other than September for the households that

actually take part in the calculation of the point elasticities.
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Figure 1. Source: Federal State Statistics Service (Rosstat), (2020).
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Figure 2. Source: Federal State Statistics Service (Rosstat), (2020).
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Figure 3. Source: Federal State Statistics Service (Rosstat), (2020).
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Figure 4. Source: Federal State Statistics Service (Rosstat), (2020).
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Figure 5. Source: Author’s own construction.
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Appendix A2:

1st Stages of 2SLS regressions:

CE Matching
VARIABLES

block 85

block 96

block 100

block 110

block 127

block 144

block 150

block 156

block 196

block 200

block 220

block 225

block 234

block 236

block 250

block 276

block 294

block 316

block 350

block 354

block 356

block 375

No
(ln)Price

0.568***

(0.0801)
-0.204
(0.136)
0.0556
(0.132)
0.0696
(0.129)
0.378***

(0.128)
0.168

(0.138)
-0.464***

(0.128)
0.0377

(0.0958)
-0.181
(0.123)
0.330**

(0.128)
0.150*

(0.0821)
-0.159*

(0.0911)
0.330***

(0.116)
-0.276**

(0.125)
-0.216
(0.173)
-0.0187
(0.279)
0.344

(0.240)
-0.280
(0.182)
0.366**

(0.180)
0.314***

(0.118)
-0.415**

(0.198)
0.118

47

Yes
(ln)Price

0.569***

(0.0802)
-0.204
(0.136)
0.0564
(0.132)
0.0702
(0.129)
0.378***

(0.128)
0.167

(0.137)
-0.464***

(0.128)
0.0376

(0.0957)
-0.165
(0.123)
0.314**

(0.128)
0.150*

(0.0821)
-0.159*

(0.0911)
0.331***

(0.116)
-0.275**

(0.126)
-0.219
(0.174)
-0.0185
(0.279)
0.344

(0.241)
-0.282
(0.182)
0.367**

(0.180)
0.315***

(0.118)
-0.418**

(0.198)
0.120



block 396

block 400

block 414

block 436

block 450

block 474

block 600

block 654

block 900

(ln)Subsidies

(ln)Discounts

(ln)Arrears

(ln)Income

HHsize

(ln)dd

(ln)precipitation

(ln)humidity

(ln)winds

2011

2012

2013

2014

2015

2016

(0.194)
-0.434**

(0.218)
0.416**

(0.188)
-0.649***

(0.245)
0.866***

(0.319)
-0.226
(0.221)
0.0250
(0.166)
-0.0226
(0.160)
0.0119

(0.0241)
0.000877
(0.0233)

-0.000223**

(0.000113)
5.53e-05

(9.53e-05)
-0.000256*

(0.000150)
0.000898

(0.000698)
-0.000738
(0.000478)

0.00146
(0.00118)
0.000542

(0.000504)
-0.00350
(0.00371)
-0.000534
(0.00314)
0.000557

(0.000664)
0.00106

(0.000698)
0.00103

(0.000900)
0.000447

(0.000736)
0.000497

(0.000957)
0.000694

(0.000857)

(0.194)
-0.436**

(0.218)
0.417**

(0.188)
-0.649***

(0.245)
0.862***

(0.319)
-0.221
(0.221)
0.0148
(0.199)
-0.0124
(0.194)
0.0110

(0.0242)
0.00155
(0.0233)

-0.000302**

(0.000151)
7.31e-05

(0.000121)
-0.000356*

(0.000204)
0.00124

(0.000948)
-0.00108

(0.000694)
0.00155

(0.00145)
0.000670

(0.000678)
-0.00295
(0.00513)
-0.000244
(0.00395)
0.000559

(0.000896)
0.00116

(0.000963)
0.00140

(0.00113)
0.000604

(0.000941)
0.000518
(0.00130)
0.000800
(0.00128)
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Observations 29,678 22,650
F-statistics                             1423.45                1000.53
p-value 0.0000 0.0000
Hansen J-statistic 28.840 27.227
p-value 0.5260 0.6113
Kleibergen-Paap
rk F statistic 1422.08 998.85
Cragg-Donald
Wald F statistic 1912.82 1257.08

Source: Authors’ calculations. * p < 0.1, ** p < 0.05, *** p < 0.01. The standard errors are clustered at the

household level.

49



Chapter 2: Increasing Block Electricity Pricing and Propensity to
Purchase Electrical Appliances, and Dirty Fuels: Evidence from a

Natural Experiment

This chapter is published as three distinct journal outputs:

Turdaliev, S. (2025). Exploring the Dirty Side: The Heterogeneous Impact of Increasing
Block Pricing on the Propensity to Purchase Dirty Fuels. Environment, Development and

Sustainability. ISSN: 1387585X. (Accepted, Forthcoming).

(Coauthored with Karel Janda) Turdaliev S., Janda K. (2023), Increasing Block Tariff
Electricity Pricing and the Propensity to Purchase Dirty Fuels: Empirical Evidence from a

Natural Experiment. Eastern European Economics.
doi.org/10.1080/00128775.2023.2165948.

Turdaliev, S. (2021). Increasing block rate electricity pricing and propensity to purchase
electrical appliances: Evidence from a natural experiment in Russia. Energies, 14(21),

6954. doi:10.3390/en14216954

Abstract

This chapter provides empirical evidence on the relationship between increasing-block-
pricing (IBP) of electricity and the propensity of households to purchase major electrical
appliances, and dirty fuels. I use a variation from a natural experiment in Russia that
introduced IBP for residential electricity in a number of experimental regions in 2013. The
study employs household-level panel data, which records, among others, whether the
household has purchased any major electrical appliances or dirty fuels. Using a difference-in-
differences specification, I show that the purchase of major electrical appliances in the
regions with IBP has increased by more than 20 %, while the purchase of dirty fuels
increased by more than 60 %. These findings highlight a significant challenge for
policymakers, indicating that while IBP aims to encourage sustainable energy practices, it
may inadvertently lead to unintended adverse outcomes. The results of this chapter suggest
that there is further room for policymakers to refine the implementation of IBP to mitigate its
adverse effects, ensuring it achieves its environmental goals without disproportionately
impacting vulnerable households. The findings of this study hold relevance for policymakers
in developing and emerging economies implementing energy reforms, including nonlinear
energy pricing such as IBP, and stress the importance of tailoring such policies to address
socio-economic disparities effectively.

JEL Codes: Q3, Q41, Q48, D1, D9, L98, L94
Keywords: residential electricity pricing, increasing-block-pricing, developing economies,
dirty fuels, energy efficiency gap.
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1. Introduction

The major industrial nations of the world are directly accountable for climate change, with

Russia being one of the prominent contributors. According to Worldometers.info (2022),

Russia is the fourth largest polluter globally, following China, the United States, and India.

While China and India's rapid industrial growth has led to high emissions due to extensive

use of coal (Shahbaz et al., 2014), and the United States has high per capita energy

consumption driven by a large industrial base and high levels of consumer energy use (EIA,

2023), Russia's high CO2 emissions result from a heavy reliance on fossil fuels combined

with less emphasis on renewables (Strielkowski et al., 2021). Russia has substantial natural

gas reserves, which are cleaner than coal, but overall energy efficiency is lower, and the

infrastructure for renewable energy is less developed, contributing to its reliance on fossil

fuels for energy production (Strielkowski et al., 2021). This results in carbon-intensive

energy generation, primarily produced through natural gas and coal (Turdaliev, 2023).

One of the key policy instruments to tackle resource-intensive energy generation, including

residential electricity, is the increasing-block-pricing (IBP) schemes. IBP is a non-linear

financial regulation aimed at promoting energy efficiency and reducing carbon emissions by
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implementing progressive pricing mechanisms that increase the cost of electricity as

consumption rises, encouraging households to limit their energy usage.

Characterizing how consumers respond to energy prices has been an important avenue of

research for the last fifty years, particularly the extent to which consumers invest in energy-

efficient appliances following changes in energy pricing policies. This has significant

implications for carbon mitigation policies. The so-called energy efficiency paradox states

that people underinvest in energy-efficient technologies, which can provide a low-cost

solution to reducing CO2 emissions and even provide positive returns in the form of reduced

energy bills (Allcott et al., 2012; Gillingham et al., 2014).

The interest in the decision to purchase energy-efficient appliances increased in the late 20th

century due to growing environmental concerns. Energy-efficient home appliances represent

a key area of energy efficiency investment. Early studies, such as Hausman (1979) and

Gately (1980), found that households appreciate but heavily discount future energy savings in

their purchase decisions. Dubin and McFadden (1984) confirmed these findings in their

analysis of heating systems.

Contrary to earlier studies, Rapson (2014) noted that consumers are more forward-looking

and value future energy savings more than previously thought, especially for energy-efficient

air conditioners. Houde and Aldy (2014) found that the 2009 US energy efficiency rebates

program did not significantly boost investment in energy-efficient appliances due to a high

proportion of "free riders" and the "income effect," which led consumers to buy larger, more

energy-intensive units.

Cohen et al. (2015) highlighted that the energy efficiency gap in the home appliances market

is also due to producers pricing less efficient appliances more attractively and that

manufacturers adjust their product offerings based on electricity prices. Jacobsen (2015) and
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Borenstein (2017) showed that changes in electricity prices and "time of use" pricing do not

significantly influence the purchase of energy-efficient appliances or solar PV installations.

Liang et al. (2020) found that households adopting time-of-use electricity pricing in Phoenix,

Arizona, were more likely to install solar panels but not more energy-efficient air

conditioning. They cautioned that these results are correlational rather than causal due to data

limitations.

In addition, there are arguments suggesting that in the face of various reforms (like the

implementation of IBP) that raise the price of basic energy sources like gas, and electricity the

population in developing and transition economies may alter their energy consumption patterns

towards cheaper, and dirtier alternatives like coal, kerosene, wood, and the like. This is

particularly true in the post-Soviet countries in Eastern Europe, and Central Asia, where the

population-related inequality in energy consumption is on the rise (Bianco et al., 2021), and

the region’s cold climate and relatively low-income levels can influence the design of heating

strategies of the population (Lampietti and Meyer, 2002). Nevertheless, the attention of the

literature to the issue of the population switching to dirty fuels is surprisingly low.

Moreover, the decision to turn towards cheaper energy alternatives like dirty fuels may be more

prevalent among the households that are socially vulnerable (e.g., low-income households),

and have a higher energy consumption. Thus, we may observe a heterogeneous response among

the households towards the implementation of the IBP. While the heterogeneous responses

towards IBP in terms of energy savings and overall energy consumption in general have been

documented in previous literature (see for instance, Reiss and White, 2005; Mills and Schleich,

,2012; Sun, 2015; Fu et al., 2018; Liu and Lin, 2020; Lin and Zhu, 2021), the literature studying

the heterogeneous responses in terms of switching to dirty fuels due to the IBP is nonexistent.

Following the above arguments, this chapter investigates how the propensity to purchase major

electrical appliances and dirty fuels was affected by the IBP for electricity in Russia.
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The energy regulators tried to implement the IBP schemes in Russia back in 2013, by

introducing a two-step IBP for residential electricity in a number of experimental regions. The

plan was then to introduce IBP across the whole country by 2014 (Veretennikova, 2014).

However, the results of the experiment did not appear to be successful, and it was decided to

postpone the country-wide IBP implementation indefinitely (Veretennikova, 2014; Antonov,

2018). However, besides some vague remarks that the regulation was unsuccessful, its

outcomes were never published by the officials. Thus, no rigorous policy assessment of this

event was available.

In particular, leveraging household-level panel data from the Russian Longitudinal

Monitoring Survey (RLMS) and a variation in electricity tariff resulting from a natural

experiment, this study investigates how IBP affects the propensity to purchase major

electrical appliances and dirty fuels.

Results reveal that IBP led to about a 20% increase in the propensity to purchase major

electrical appliances in regions with IBP. However, there was also a more than 60% increase

in the propensity to purchase dirty fuels among the households in the experimental regions.

Moreover, the propensity to purchase dirty fuels turned out to be highly heterogeneous with

respect to household and dwelling characteristics. For example, households with high base

energy consumption, and those in vulnerable social position tend to purchase more dirty fuels

as a result of introduction of IBP for electricity.

These findings indicate that while IBP can promote energy efficiency, it may inadvertently

lead to adverse outcomes for households with higher energy consumption, utility subsidies,

and those in vulnerable social positions.

The findings of this study can be applicable and beneficial for developing and emerging

economies looking to implement energy reforms. In particular, the results can be useful for
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policymakers seeking to design effective policies to reduce carbon emissions and increase

energy efficiency through financial and pricing mechanisms such as IBP.

This study highlights the importance of considering both positive and negative consequences

of financial policies in the residential energy sector such as IBP across different socio-

economic and household characteristics to ensure that vulnerable households are not

disproportionately affected. As such, the insights from this research can assist policymakers

in developing tailored policy interventions that balance environmental and social objectives.

The rest of the chapter is structured as follows. The next section provides a brief background

of the natural experiment introduced in Russia in September 2013, describes the data used for

the analysis. Section 3 specifies the empirical methodology. Section 4 summarizes the results,

and Section 5 concludes.

2. Background

2.1. Natural Experiment

In September 2013 Russia has implemented the experimental introduction of the social norms

for residential electricity consumption in seven pilot regions (see, the “Decree of the

Government of the Russian Federation of July 22, 2013 No. 614”; Veretennikova, 2014). 16

The plan was to then introduce the social norms for residential electricity consumption

countrywide in the summer of 2014.

The results of the experimental introduction of social norms in pilot regions were mixed, and

due to various reasons, the countrywide implementation was postponed indefinitely (see,

Turdaliev, 2023 for details). However, even though the countrywide implementation was

16 The “Decree of the Government of the Russian Federation of July 22, 2013 No. 614” underwent a revision on
February 25, 2014, which resulted in the exclusion of the Samara oblast from the list of pilot regions. This caused the
total number of experimental regions to decrease from seven to six. Nonetheless, since the RLMS-HSE does not
cover the Samara oblast, this modification has no impact on our estimations.
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postponed indefinitely the households in the pilot regions still remained on an experimental

electricity pricing based on the prescribed social norms for electricity consumption.

In particular, the social norms are prescribed based on the household and dwelling

characteristics, and vary across the experimental regions both with regards to the characteristics

of household and dwelling according to which the social norms are calculated, and also with

respect to the actual amount of prescribed social norm for electricity consumption (kWh a

month).

Unfortunately, RLMS-HSE is conducted only in three out of the seven regions where the

experimental tariff schemes were introduced. In particular, RLMS-HSE is conducted in Rostov

Oblast, Krasnoyarsk Krai, and Nizhny Novgorod Oblast.17 Table 1 details the calculation of

the prescribed social norms in these three pilot regions.18

Table 1: Prescribed social norms for residential electricity consumption (kWh/month)

Region Rostov Krasnoyarsk Nizhny Novgorod

HH type n=1

urban 96

rural 186

urban + 186
electric
stove

rural + 276
electric
stove

receiving *1.5
social
benefits

n=2 n=3+ n=1 n=2 n=3+ n=1

156 156+40*(n-2)

246 246+40*(n-2) 110 150 75*n 85

242 156+40*(n-2) +43*n

220 300 150*n 85
332 246+40*(n-2) +43*n

*1.5 *1.5 *1.0 *1.0 *1.0 85

n=2 n=3+

100 100+50*(n-2)

100 100+50*(n-2)

*1.5 *1.5

Note: “n” denotes the household size.

17 The other experimental regions are Zabaykalsky Krai, Vladimir Oblast, Orlov Oblast, and Samara Oblast.

18 The social norms were obtained from local electricity providers.
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Even though the concept of the social norms for energy consumption may seem unusual for the

pricing of residential electricity, it is basically identical to some other countries’ “increasing-

block-pricing” (IBP) where the consumption until some designated level is priced at a lower

cost per unit, whereas the consumption above the designated cut-off value is priced at a higher

price per unit. Therefore, in our case, the experimental regions of Russia effectively

implemented a two-block increasing pricing scheme where the second block is determined

according to the characteristics of the household and the dwelling.

As can be seen from Table 1 there is a considerable variation in the calculation of the social

norms across the selected experimental regions both across the household and dwelling

characteristics that are taken into account and in terms of the actual prescribed monthly kWh.

The considerable differences in the calculation of the social norms between the experimental

regions are also noted in Veretennikova (2014), where the author also notes that these

considerable differences and the actual methodology (or its absence for that matter, see

Turdaliev, 2023 for more details) for the calculation of the social norms within each

experimental region were a subject of strong debates, and some of the regions that were

originally included to the list of the pilot regions requested to be excluded from this

experimental implementation of social norms (IBP schemes) for the residential electricity

consumption.19

From the above one can conclude that the design of the methodology for the calculation of the

social norms, and their assignment was accomplished in a more or less ad-hock manner, which

in turn favors our econometric estimations procedure.

In addition to significant variations in social norms, there are also notable differences in

electricity tariffs across different regions. Tariffs generally change once a year in all regions

19 More specifically Primorsky Krai, and Lipetsk Oblast requested to be excluded from the pilot program prior
to September 2013. See Turdaliev (2023) for more details.
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simultaneously and vary depending on the socio-economic characteristics and weather

conditions of each region. There is also a discrepancy between customers who have access to

a district gas supply and those who do not. This is because households without a district gas

supply typically use electric stoves for cooking, resulting in higher electricity consumption.

Between 2010 and 2013, there were two different tariffs for households with and without an

electric stove in the experimental regions, and after the introduction of social norms in

September 2013, there is four different tariffs based on consumption tiers.20 It is possible that

some households have access to district gas supply but still choose to use an electric stove.

However, these households make up a small proportion, less than 1% of the sample, and are

excluded from the estimations to ensure clarity. The average first-tier electricity tariff for

households that have access to district gas supply across all surveyed regions increased from

around 230 roubles per 100 kWh in 2010 to approximately 400 roubles per 100 kWh in 2019.21

Starting in September 2013, the three experimental regions under study began implementing

tariffs for the second tier. The households with district gas supply experienced an average tariff

increase for the second tier from 390 roubles per 100 kWh in 2013 to around 535 roubles per

100 kWh in 2019. On average, there was a difference of around 167 roubles per 100 kWh

between the first and second tiers.

The electricity tariff schedules for households with electric stoves in both control and

experimental regions followed a similar pricing pattern, albeit with a multiplier of roughly 0.7,

reflecting the higher base consumption associated with electric stoves.

2.2. Household Data

20 See Turdaliev and Janda (2023) for a detailed description of the electricity tariff.
21 Data on residential electricity tariffs were acquired from the Federal State Statistics Service of Russia
(Rosstat).
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This paper utilizes the Russian Longitudinal Monitoring Survey - Higher School of Economics

(RLMS-HSE), a household panel data surveyed jointly by the National Research University

"Higher School of Economics" and OOO “Demoscope” together with Carolina Population

Center, the University of North Carolina at Chapel Hill and the Institute of Sociology of the

Federal Center of Theoretical and Applied Sociology of the Russian Academy of Sciences.22

RLMS-HSE is a series of nationally representative surveys designed to monitor the effects of

Russian reforms on the health and economic welfare of households in the Russian Federation

(Gerry & Papadopoulos, 2015). RLMS-HSE was first conducted in 1994 and is repeated yearly

across 38 main regions of Russia (except for 1997, and 1999 when surveys were not conducted)

up to this date. For this study, I am using ten waves of RLMS-HSE surveyed between 2010 to

2019 to avoid the possible impacts of the 2008-2009 global financial crisis, and Covid-19 on

our results.

RLMS-HSE surveys more than 6000 nationally representative households each year. The

survey covers 38 regions across Russia, with three of these regions (Rostov Oblast,

Krasnoyarsk Krai, and Nizhny Novgorod Oblast) being the regions where the experimental

IBP was introduced. Out of a total of 74,165 household observations for 2010-2019, 58,462

observations are retained for the analysis.

Firstly, 10,820 household observations turned out to be singleton observations, and thus are

not suitable for a fixed effects panel regression. Out of the remaining non-singleton

observations, 920 are the households that report having both a district supply of gas, as well

having an installed electric stove within the dwelling. To avoid any ambiguity, these

households were dropped as well.

Finally, households reporting abnormally high or low household income levels were also

dropped. In particular, households that report a monthly income exceeding 800,000 rubles

22 https://www.hse.ru/en/rlms.
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(about 12,000 USD adjusted for 2019), and households reporting a monthly income level below

10,000 rubles (about 150 USD adjusted for 2019) were dropped. These types of households

account for a further reduction of 3,963 observations in our sample.

Out of a total of 58,462 remaining households about 9.4% are located in the experimental IBP

regions.

Table 2 summarizes the descriptive statistics of the main socioeconomic and household

characteristics of the selected sample for both experimental regions (treatment regions), and

the regions with flat tariff schemes (control regions).

Table 2: Descriptive statistics

Household head’s
characteristics

Female
Age:

<36 years
36–45 years
46–55 years
56–65 years
65+ years

Education:
Primary
Secondary
Secondary-technical
Higher

Employment status:
Employed
Self-employed
Unemployed
Pensioner
Housekeeper
Child care
Disabled
Student
Household characteristics

Number of household
members:

1 person
2–3 people
4+ people
Tenure (rented)

Receiving utility benefits:
Subsidies

Control

0.294

0.226
0.415
0.181
0.170
0.188

0.176
0.333
0.240
0.248

0.580
0.021
0.072
0.279
0.008
0.003
0.018
0.017

0.232
0.536
0.232
0.078

0.288

Treatment

0.284

0.282
0.508
0. 161
0.137
0.167

0.166
0.296
0.260
0.273

0.614
0.022
0.052
0.245
0.005
0.005
0.015
0.04

0.208
0.564
0.229
0.126

0.265

Difference

0.01

-0.056***

-0.093***

0.02***

0.033***

0.021***

0.010**

0.036***

-0.020***

-0.025***

-0.035***

-0.001
0.020***

0.033***

0.004***

-0.002**

0.003*

-0.022***

0.025***

-0.028***

-0.003
-0.048***

0.022**
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Discounts                                                0.169
Arrears                                                    0.073

Income quantiles:
0-25th quantile 0.261
25th -50th quantile 0.242
50th -75th quantile 0.243
75th -100th quantile 0.254
Dwelling characteristics

Dwelling type:
Apartment                                               0.667
Detached                                                 0.254

Number of bedrooms:
1–2 bedrooms 0.609
3 bedrooms 0.301
4 bedrooms 0.068
5+ bedrooms 0.021

District supply of:
Heating                                                   0.707
Hot water                                                0.652
Gas                                                          0.693

Cooking via electric stove                  0.197
Location

Urban                                                      0.667
Rural                                                       0.333

Note: * p < 0.1, ** p < 0.05, *** p < 0.01

0.164 0.005
0.067                       0.006*

0.20                       0.061***

0.273                     -0.031***

0.28                      -0.036***

0.247 0.007

0.698                      -0.03***

0.175                      0.079***

0.639                      -0.03***

0.29                        0.011*

0.053                      0.015***

0.017                      0.004**

0.806                     -0.099***

0.784                     -0.133***

0.473                      0.221***

0.388                     -0.191***

0.941 -0.273***

0.060                      0.273***

It can be seen that there are some noticeable differences across the households in the treatment

and control regions. Firstly, the level of urbanization in the treatment regions is about 27

percentage points higher than compared to the control regions. This in turn is reflected in other

variables of interest. For instance, the share of detached dwellings is naturally higher in rural

areas. Thus, in the regions with flat tariff schemes (control regions), the share of detached

dwellings is about 8 percentage points higher. The share of households with a district supply

of heating and hot water, on the other hand, is about 10 and 13 percentage points respectively

higher in the more urbanized treatment regions.

District delivery of gas, on the contrary, is higher in the less urbanized control regions. This

result seems to be counterintuitive at first, however, taking into account that one of the three

experimental regions (Krasnoyarsk krai) does not have access to the district gas supply

(Piterkina, 2021) this result is not surprising. As a result, the share of households having an

electric stove at their households is higher in the treatment regions as well.
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Analyzing the characteristics of the household heads across the treatment and control regions

some minor differences are noticeable. The proportion of the relatively younger (those below

the age of 36, and those between the age of 36 and 45) household heads is larger in the treatment

regions, while the proportion of the household heads of older age categories is larger in the

control regions.

Turning to the description of the educational profiles, about a quarter of the households across

both types of regions are headed by people with higher education. Another quarter is headed

by people with a secondary-technical education. Approximately 30% of the household heads

have a secondary education, and about one-sixth have a primary education.

The employment status of the household heads is fairly identical across the households in the

treatment and control regions. About 60% of the household heads are employed, and about a

quarter are pensioners. More than 5% declare to be unemployed, and more than 2% report to

be self-employed. The remaining households are headed by housekeepers, people in child care

(about 1% in total), and students (about 2%). Approximately 1.5% of the household heads

report being disabled.

The households in the treatment regions also tend to be larger. The share of households with

two or three members, and four and more members is slightly larger in the treatment regions,

while the share of households with a single member is about 2 percentage points higher in the

control regions.

Most likely due to the differences in the levels of urbanization, the households’ income profiles

tend to be a little different across the control and the treatment regions. The share of the

households in the 25th-50th percentiles, and the 50th-75th percentiles of income distribution is

about 3 percentage points higher in the treatment regions, while the share of the households in

the lower 0th-25th income percentile is higher (about 6 percentage points) in the control regions.
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There are, however, no statistically significant differences across the share of the households

in the 75th-100th percentiles of income.

The share of renters is larger in the treatment regions (12.6% vs 7.8%). The share of households

receiving various subsidies and discounts for utilities is approximately identical across the two

types of regions with about 28% receiving subsidies, and about 17% receiving discounts. The

share of households with various arrears for utilities is about 7% both in treatment and control

regions.

The size of the dwelling is also approximately identical across the regions with about 60% of

all dwellings having one to two rooms, and 30% of the households having three rooms.

The share of female-headed households is also identical across the regions with almost 30% of

all households being female-headed both in the treatment and control regions.

As can be seen, there are some statistically significant differences in the households’

characteristics across treatment and control regions. This issue is addressed by employing

“coarsened exact matching” (cem) procedure outlined in the next section.

3. Empirical strategy

3.1. Matching procedure

To account for the relatively smaller proportion of the treatment households within our sample,

as well as some structural differences in the observed characteristics between the households

in the treatment and control regions this study employs the coarsened exact matching (cem)

procedure as described in Iacus et al., 2012.

The cem is a relatively new development in the literature. It belongs to a new class of so-called

“monotonic imbalance bounding” (MIB) matching methods. As opposed to its counterparts

like “propensity score matching” (PSM), and “Mahalanobis“ matching which belong to the so-

called “equal percent bias reducing” (EPBR) matching methods, the cem works in sample and
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requires no assumptions about the data generation process, except the usual “ignorability”

assumption (ibid).

Moreover, it was also shown that the cem-based causal estimates possess a large variety of

powerful statistical properties, and dominate commonly used EPBR matching methods in a

large variety of real and simulated datasets (Iacus et al., 2009, 2011, 2012; King and Nielsen,

2019).

Any matching method should have a clearly defined measure of imbalance if one is to identify

whether the application of matching was successful and whether the imbalance was indeed

reduced between the treatment and control observations. Some researchers argue that it is only

necessary to make sure that the weighted means of the chosen variables are balanced across the

groups.

However, as argued by Iacus et al., (2012) the purpose of matching is to reduce imbalance and

thus model dependence, and therefore assuming that the analysis model is correct because of

the balance in the weighted averages of the model variables is simply incorrect; for the correct

inference, the goal of matching should be to match as much of the entire empirical distribution

as possible.

Thus Iacus et al., (2011) introduce the multivariate measure of imbalance via an L1 distance

measure defined as:

and control observations respectively. They are calculated from the cross-tabulation of the

coarsened covariates.

Unlike most imbalance measuring methods in the literature that were designed to measure the

imbalance in the mean of each variable between the treatment and the control groups, an L1
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multivariate measure of imbalance takes mean imbalance only as a part of the goal, and

concentrates rather on a multidimensional measure of the imbalance between the groups. It

does so by measuring the distance between the multivariate empirical distributions

(histograms) of the chosen covariates between the treated and control units.

I match the households in control and treatment regions on such characteristics as household

size, size of the dwelling (in square meters), the type of the dwelling (single dwelling, or multi-

apartment), location (urban, or rural), household income, whether the household is connected

to the district hot water delivery, district gas supply, and whether the dwelling is connected to

the district heating networks.

3.2. Estimation

To estimate the effect of the introduction of the IBP for electricity on the purchase of major

electrical appliances and dirty fuels by households I utilize standard difference-in-differences

(DiD) empirical specification (see, for instance, Angrist and Pischke, 2008). Our empirical

model for the purchase of electrical appliances can be represented by Equation 2, and empirical

model for the purchase of dirty fuels can be expressed by Equation 3.

On the right-hand side, we have time-varying control variables, household and year fixed

effects. As we are estimating the investment in electrical appliances in the context of natural

experiment, we also should include variables indicating whether the region is a part of the

experimental IBP tariff regime (treatment), whether the region was observed before or after

the introduction of the IBP (post), and the interaction of these two variables (treatment post).

In the difference-in-differences (DID) context, the coefficient of the interaction term is the DiD

estimator that the researcher tries to estimate.
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However, because my model includes individual fixed effects, and the treatment is time-

invariant, I have not included the main effect of treatment. Also, because I have included time-

fixed effects, including a dummy indicator for the post-intervention period is also redundant.

The term ᵅ�ᵅ�ᵄ� stands for the logarithm of the average residential price (in 2019 Russian rubles)

for electricity. The price has both time and household subscripts to account for the price

variability across years and regions. Because the household’s electricity consumption in

RLMS-HSE is observed only for one month in a year (September), I have used the average

prices of electricity rather than the marginal prices. The average residential electricity price is

derived by inputting to each household the logarithm of the average price per unit of electricity

by the utilities in the area (see, Alberini et al., 2011 for more details).

ᵅ�ᵅ�ᵄ� is a vector of the (log) amount (in 2019 Russian rubles) of any benefits (subsidies and

discounts) for the utilities received by the household. ᵄ� is a vector of control variables like the

household’s income (in 2019 Russian rubles) and the number of individuals residing in the

household. The terms ᵄ�! and ᵰ�" stand for household fixed effects and year fixed effects

respectively.

Our dependent variable ᵃ�ᵃ�!"     is a binary indicator for the purchase of any major electrical

appliance within three months by a household ᵅ� in year ᵆ�.

To be more precise, the questionnaire asks respondents if the household has purchased any

energy-intensive electrical appliances during the last three months. The exact formulation of

the question is as follows:

“Has your family bought any household appliances in the last three months, such as a

refrigerator, washing machine, vacuum cleaner, sewing machine, iron, food processor, and the

like?” (Hse.ru. “Wave 19 Household Data File”, 2010, pp. 205 [29].

To avoid ambiguity, the questionnaire also asks if the household has recently purchased any

non-major appliances. The exact formulation of the question is as follows:
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“Has your family bought any recreational appliances in the last three months such as a TV,

tape recorder, video recorder, musical instruments, computer, camera and the like?” (Hse.ru.

“Wave 19 Household Data File”, 2010, pp. 205 [29].

Thus, we can differentiate between the purchase of energy-intensive major appliances and other

recreational non-major appliances.

To estimate the effect of the introduction of the IBP on the purchase of dirty fuels an empirical

framework similar to Harold et al., (2018) is applied. However, unlike Harold et al., (2018),

who use a random effects estimator, this paper employs a fixed effects estimator to avoid the

imposition of the additional assumption that the independent variables in the model are

uncorrelated with the unobserved household-level heterogeneity invariant over time. Equation

3 demonstrates the empirical specification.

In this equation, DD stands for the dummy variable indicating a treatment region interacted

with the post-treatment years. In the context of standard difference-in-difference (DD)

empirical specification the coefficient on DD is of main interest to the researcher. However, in

our context besides ᵯ� the study also concentrates on ᵯ� , ᵱ� , and ᵰ� the coefficients on the

characteristics of the household head, the household’s socio-economics, and the dwelling

characteristics respectively interacted with DD. In our empirical specification, these

coefficients will estimate the heterogeneous effect of the introduction of IBP for residential

electricity.

Besides the main variables of interest, our empirical specification also includes time-varying

controls. Specifically, vector ᵄ� contains such household-level variables as the logarithm of per-
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capita household income, household size, and the logarithm of utility discounts or subsidies (if

any) received by the household in monetary amount (adjusted for 2019 roubles).

In our empirical specification, controls for the average residential electricity price. The vector

ᵄ� includes the logarithms of the monthly average heating degree days, wind speed,

precipitation, and humidity levels to control for the regional weather variability across Russia.

The ᵄ� and ᵰ� stand for the household fixed effects and year fixed effects respectively. The ᵰ�

stands for the idiosyncratic error term.

The dependent variable ᵄ� in Equation 3 is a binary indicator variable that takes a value of one

(ᵄ� = 1) if the family has purchased any of the four types of dirty fuels listed in the

questionnaire during the month preceding the interview, and zero (ᵄ� = 0) otherwise. More

specifically the household’s head is asked whether the family has purchased dirty fuels in the

last 30 days prior to the interview. The question is formulated as follows:

“Has your family purchased firewood, coal, peat, or kerosene in the last 30 days?”

(hse.ru, “wave 19 Household Data File”, 2010, pp. 208).

Since the nature of our dependent variables is binary one can estimate Equation 2 and Equation

3 via various methods like probit, logit, or linear probability model (LPM). This paper estimates

the empirical models via LPM as in the context of panel data LPM is more convenient,

computationally tractable, and has less bias than its non-linear counterparts like probit or logit

(see, Fernandez-Val, 2009; Friedman and Schady, 2012).

Furthermore, 3.4% of the households in our case report buying any kind of dirty fuel, and 8.8%

report buying major home appliances. It was demonstrated that the LPM with fixed effects

produces more precise estimates and predicted probabilities than the maximum likelihood

(ML) specifications used by its non-linear counterparts in the case of rare events, specifically
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when the dependent variable has less than 25% of ones (or more than 75% of ones) (Timoneda,

2021).

Despite LPM's prevalence as a superior option to its nonlinear counterparts in the context of

panel data, it is not impervious to potential issues that are unique to this method. One such

issue pertains to the utilization of OLS with a binary response variable, which can result in

heteroscedasticity. Nevertheless, the solution for this problem lies in the utilization of standard

error estimates that are robust to heteroscedasticity.

The second issue, which is more complicated, results from the fact that LPM estimates are not

constrained to the unit interval. As a result, probabilities that are greater than one or lower than

zero can be estimated. The fact that some projected values are outside the unit interval,

however, may not be as significant if the primary goal is to estimate the partial effect on the

likelihood of response averaged over the distribution of the independent variables (Wooldridge,

2002 (p. 455)). Additionally, if none or very few predicted probabilities lie outside the unit

interval, LPM is unbiased and consistent (Horrace and Oaxaca, 2006). In Section 4, it is

demonstrated that very few estimated probabilities are beyond the unit interval in our case.

I am also unable to compare the estimates of LPM to other non-linear methods as probit or

logit, as for example in Friedman & Schady, (2012). In our case, the number of parameters

(intercepts) increases proportionally with the sample size due to the presence of household

fixed effects in our model. This results in the “incidental parameters problem” in which case

the asymptotic assumptions of ML are violated and the resulting coefficients are biased

(Neyman & Scott, 1948; Lancaster, 2000).23

23 It is possible to estimate our model in the context of probit or logit models without the inclusion of household
fixed-effects to avoid the “3 parameters problem”. However, in this case the resulted coefficients will be biased
due to the individual time-invariant unobserved household heterogeneity which is not accounted for if
household fixed-effects are excluded.
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4. Results

4.1. Matching results

As can be seen from Table 3 below there is an overall improvement in both univariate

and multivariate imbalance statistics after the application of a cem procedure. The multivariate

L1 distance imbalance statistics improved from about 0.75 to approximately 0.67, while the

univariate L1 imbalance statistics dropped to virtually zero after the application of cem.

Table 3: CEM output

Full Sample

Multivariate L1 distance: 0.74840665

Univariate imbalance:

Variable

Household size

Dwelling size (sq.m)

Detached dwelling

Urban

Hot-water

Dist. Gas supply

Per capita income

Dist. heating

L1

0.03776

0.11443

0.07927

0.2731

0.13001

0.21861

0.09338

0.0985

mean min 25% 50%

0.04364 0 0 0

-3.6587 2 -1.8 -1.4

-0.07927 0 0 0

0.2731 0 1 0

0.13001 0 1 0

-0.21861 0 0 -1

-638.64 1152.8 1314 719.29

0.0985 0 1 0

75% max

0 -3

-2.5 -125

-1 0

0 0

0 0

0 0

-219.79 77728

0 0

Matched sample

Multivariate L1 distance: 0.67404463

Univariate imbalance:

Variable

Household size

Dwelling size (sq.m)

Detached dwelling

Urban

Hot-water

Dist. Gas supply

Per capita income

Dist. heating

L1

0.04179

0.10689

5.4e-15

6.2e-15

2.2e-14

7.6e-14

0.07359

9.2e-15

mean min

0.103 0

-1.539 2

5.7e-15 0

5.4e-15 0

3.4e-14 0

1.4e-13 0

-2932.7 1152.8

1.1e-14 0

25%

0

0.6

0

0

0

0

-40.207

0

50%

0

-0.5

0

0

0

0

-931.53

0

75% max

0 -2

-1 .

0 0

0 0

0 0

0 0

-2699.3 77728

0 0
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Number of strata:

Number of matched strata:

All

Matched

Unmatched

Control

52948

41693

11255

72

36

Treatment

5514

5514

0

After improving the balance of the covariates between the experimental and control regions, a

standard difference-in-difference (DD) regression specification in is applied.

4.2. Propensity to purchase major electrical appliances

In Table 4, I have presented unconditional difference-in-differences estimates for the

propensity to purchase major electrical appliances. Estimates show that the introduction of the

IBP in treatment regions was accompanied by about a 20% (more than two percentage points)

increase in the propensity to purchase major electrical appliances.

Table 4: Unconditional DiD Estimates for Propensity to Purchase Major Appliances

Pre-period Post-period
T=1 0.0867 0.1034
T=0 0.09 0.0854
Diff-in-Diff

Robust standard error in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01

Difference (post-pre)
0.0167
-0.0046
0.0213**
(0.0086)

Next, I estimated the DiD model for major electrical appliances using a fixed-effects model to

see if the effect of IBP on the propensity to purchase major electrical appliances was robust to

the inclusion of the household and year fixed effects, as well as some additional time-varying

covariates. I included the total household income, the total amount of discounts and subsidies

received by the household for utilities, the average price for the electricity, and household size

as additional covariates.

Column 1 of Table 5 presents the results of the fixed effect estimations obtained via LPM. I

then repeated the same estimations (Column 2 of Table 5) by applying the full block-tariff

schedule for electricity as an instrument for the average electricity price to address any potential
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endogeneity concerns resulting from a nonlinear electricity tariff schedule. Column 3 and

Column 4 repeat the aforementioned estimations but with the application of the coarsened exact

matching (cem) technique prior.

Table 5: Regression: Major electrical appliances

DiD

lnPrice

lnIncome

lnDiscounts

lnSubsidies

HHsize

year11

year12

year13

year14

year15

(1)
FE

0.0224*

(0.013)

-0.0111
(0.023)

0.0463***

(0.004)

0.0008
(0.001)

0.0014**

(0.001)

0.0032
(0.003)

0.0066
(0.006)

0.0104*

(0.006)

0.0159**

(0.006)

0.0084
(0.006)

-0.0209***

(0.006)

(2)
FE

_matched
0.0224*

(0.013)

-0.0120
(0.023)

0.0471***

(0.004)

0.0007
(0.001)

0.0013*

(0.001)

0.0024
(0.003)

0.0072
(0.006)

0.0084
(0.006)

0.0152**

(0.007)

0.0076
(0.007)

-0.0209***

(0.006)

72

(3)
FE

_2SLS
0.0228*

(0.013)

-0.0128
(0.023)

0.0463***

(0.004)

0.0008
(0.001)

0.0014**

(0.001)

0.0032
(0.003)

0.0067
(0.006)

0.0104*

(0.006)

0.0160**

(0.006)

0.0084
(0.006)

-0.0208***

(0.006)

(4)
FE_2SLS
_matched
0.0229*

(0.013)

-0.0137
(0.023)

0.0471***

(0.004)

0.0007
(0.001)

0.0013*

(0.001)

0.0024
(0.003)

0.0073
(0.006)

0.0085
(0.006)

0.0153**

(0.007)

0.0077
(0.007)

-0.0208***

(0.006)



year16

year17

year18

year19

_cons

N
n of predicted
values ∈ [0,1]

-0.0122**

(0.006)

-0.0029
(0.006)

-0.0103
(0.007)

0.0015
(0.008)

-0.3586**

(0.148)
53040
189

-0.0125**

(0.006)

-0.0023
(0.007)

-0.0115
(0.007)

0.0014
(0.008)

-0.3607**

(0.150)
51608
228

-0.0122**

(0.006)

-0.0031
(0.006)

-0.0105
(0.007)

0.0012
(0.008)

53040
191

-0.0125**

(0.006)

-0.0025
(0.007)

-0.0118*

(0.007)

0.0010
(0.008)

51608
228

Robust standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01

Across models, we can see that there is some evidence of the relationship between the IBP

pricing scheme and the propensity to buy major electrical home appliances. The DiD estimator

characterised by the interaction of the binary treatment indicator with the binary indicator for

the post-treatment period is positive and statistically significant, both in ordinary FE

specification and when instrumenting the price of electricity with a full block-tariff schedule.

Depending on the specification, the coefficient on the DiD estimated via LPM is between

0.0224 and 0.0229. This implies that, depending on the specification, the propensity to purchase

major electrical appliances is 2.24-2.29 percentage points (or more than 20%) higher, on

average, in the regions with the IBP tariff scheme. The estimates are mostly in line with the

unconditional DID estimate reported in table 5, although the statistical significance falls from

5% to 10%. Taking into account that in the FE specifications, we control both for observed and

unobserved time-invariant factors, along with some additional time-varying covariates

included in the model, this fall in significance is not surprising.
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Instrumenting for the average prices of electricity with the full block-tariff schedule does not

alter the estimation results. The coefficients estimated by the FE are practically identical to the

estimators in the 2SLS context, which mitigates the potential endogeneity concerns in our

model specifications.

Regressions based on coarsened exact matching (cem) procedure perform reasonably well in

our specification. I “coarse” our continues variables (square footage of the dwelling, size of the

household, and household income) into ten quantiles and match the treatment and control units

according to the quantiles they are located in and the binary household characteristics: single-

family or multi-apartment, location (urban, rural), and whether the household is connected to

the central delivery of hot water, and central heating.

Applying the matching prior to the estimation of DID, however, also did not produce any

significant difference in estimation results. Although we did observe some improvement in the

overall balance of covariates between the IBP and non-IBP households, given by the

multivariate L1 distance statistics (Blackwell et al., 2009) the regression coefficients were close

to their unmatched counterparts.

First, the L1 distance statistics were calculated for the unmatched data, which would then serve

as a point of comparison (a baseline reference) for the matched data. If L1 statistics were closer

to zero (one indicating a perfect imbalance, while zero indicating a perfect balance of

covariates) on a match data, as compared to its unmatched counterpart, then we could argue

that there was an improvement in the balance of covariates across the treatment and control

groups after the matching procedure.
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In our case, the multivariate L1 distance statistics for the unmatched data was 0.636, while for

the matched data, it was equal to 0.57, indicating an overall improvement in the balance

between the two groups.24

Examining the covariates across all specifications, I found no evidence of the effect of the level

of the price of electricity (as opposed to its structure represented by the DID term) on the

propensity to purchase electrical appliances by households. The coefficient on the average price

was statistically insignificant. This finding is in accord with the recent study of Jacobsen

(2015), who also concluded that the actual level of the electricity prices do not affect the

purchasing decision of the Energy Start certified home appliances in the US.

The effect of the total household income, on the other hand, is positive and statistically

significant at 1%. The estimation results suggest that a one percent increase in income results

in about half a percent increase in the probability of purchasing major electrical appliances.25

Both household size and the discounts for the utilities have a statistically insignificant

association with the propensity to purchase electrical appliances. Subsidies have a positive and

statistically significant association, although the coefficient is small in size, which suggests that

the relationship is economically insignificant.

4.3.Propensity to purchase dirty fuels

First, we are examining the outcome variable for the experimental and control groups before

and after the introduction of the IBP schemes for electricity. From Table 6 we can observe that

the propensity to purchase dirty fuels was higher in the experimental regions even before the

introduction of the IBP schemes. However, the difference between the regions becomes even

more pronounced after the introduction of the IBP in 2013.

24 It should be noted that the absolute values of the L1 statistics mean less than comparisons between the
matching solutions. In this sense, the L1 statistics work for imbalance as R-squared works for the model fit.
25 The elasticity in linear-logarithmic specification is obtained by: b×(1/Y), where b is the regression coefficient
and Y is the mean value of dependent variable.
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We can see that the unconditional difference-in-differences estimates are positive and highly

statistically significant. Examining the households, we can see that the estimated unconditional

increase in the propensity to purchase dirty fuels due to the introduction of the IBP is almost

two percentage points.

Table 6: Unconditional DD Estimates for Propensity to Purchase Dirty Fuels

Pre-period
T=1 0.0436486
T=0 0.0337594

Diff-in-Diff

Standard errors are clustered at the household level.

Post-period Difference (post-pre)
0.0586044                     0.0149558
0.0298852                     -0.0038742

0.01883***

(0.0062926)
* p < 0.1, ** p < 0.05, *** p < 0.01

Next, we move to the examination of the full regression results. In the case of propensity to

purchase dirty fuels, the multivariate L1 distance statistic for the unmatched data is equal to

0.75, while for the matched data, it is equal to 0.68, showing an improvement in the balance of

covariates between the groups. After improving the balance of the covariates between the

experimental and control regions, a standard difference-in-difference (DD) regression

specification in the context of panel data with fixed effects as described by Equation 3 is

applied.

The results of the regression are reported in Table 7. Generally, it can be observed that the

introduction of IBP for residential electricity in the experimental regions of Russia resulted in

the increased propensity to purchase dirty fuels among the population in these regions as

evidenced by the positive and statistically significant coefficient on the DD estimator in all

regression specifications.

Table 7: Regression: Dirty fuels

(1)
DD 0.046**

(0.021)

(2)
0.059**

(0.023)

76

(3)
0.151***

(0.039)

(4)
0.151***

(0.039)

(5)
0.158***

(0.039)



lnAvPrice

Household head’s
characteristics

Female*DD

Age*DD

<36 years

36–45 years (Ref)

46–55 years

56–65 years

65+ years

Education*DD

Primary

Secondary (Ref)

Secondary-technical

Higher

Employment status*DD

-0.025
(0.017)

-0.035**

(0.014)

-0.002
(0.014)

0.002
(0.018)
0.012

(0.020)
0.004

(0.023)

0.002
(0.024)

-0.012
(0.013)
-0.015

(0.012)

-0.024
(0.017)

-0.034**

(0.014)

-0.002
(0.014)

0.002
(0.018)
0.011

(0.020)
0.006

(0.023)

0.000
(0.024)

-0.012
(0.013)
-0.013

(0.012)

-0.020
(0.017)

-0.030**

(0.014)

-0.003
(0.014)

0.002
(0.018)
0.009

(0.020)
0.003

(0.022)

-0.004
(0.023)

-0.010
(0.013)
-0.009

(0.012)

-0.020
(0.017)

-0.030**

(0.014)

-0.003
(0.014)

0.002
(0.018)
0.009

(0.020)
0.003

(0.022)

-0.004
(0.023)

-0.011
(0.013)
-0.010

(0.012)

-0.030*

(0.016)

-0.030**

(0.014)

-0.003
(0.014)

0.002
(0.018)
0.010

(0.020)
0.003

(0.022)

-0.004
(0.023)

-0.010
(0.013)
-0.010

(0.012)

Employed (Ref)

Self-employed

Unemployed

Pensioner

Housekeeper

Child care

Disabled

Student

-0.020

(0.015)
0.000

(0.019)
0.014

(0.017)
0.128*

(0.071)

0.025*

(0.013)
0.038

(0.030)
-0.002

(0.019)

-0.017

(0.015)
-0.000
(0.019)
0.014

(0.017)
0.127*

(0.070)

0.026*

(0.014)
0.039

(0.030)
-0.003
(0.019)
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-0.015

(0.015)
0.000

(0.019)
0.012

(0.017)
0.129*

(0.066)

0.027**

(0.014)
0.046

(0.030)
-0.002

(0.019)

-0.015

(0.015)
0.001

(0.019)
0.012

(0.016)
0.131**

(0.066)

0.029**

(0.013)
0.046

(0.030)
-0.002

(0.019)

-0.015

(0.015)
0.000

(0.019)
0.012

(0.017)
0.130*

(0.066)

0.028**

(0.013)
0.045

(0.030)
-0.002

(0.019)



Household characteristics
n of household members *DD

1 person

2-3 people (Ref)

4+ people

Tenure*DD

Rented

Owned (Ref)

-0.011

(0.015)

-0.004

(0.017)

-0.015
(0.019)

-0.013

(0.015)

-0.003

(0.017)

-0.018
(0.019)

-0.012

(0.014)

-0.005

(0.017)

-0.012
(0.019)

-0.013

(0.014)

-0.004

(0.017)

-0.013
(0.019)

-0.013

(0.014)

-0.004

(0.017)

-0.013
(0.019)

Arrears and Benefits*DD

Subsidies

Discounts

Arrears

Income quantiles*DD

0-25th quantile

25th -50th quantile

50th -75th quantile (Ref)

75th -100th quantile

Dwelling characteristics

0.023**

(0.010)

-0.001

(0.012)

-0.008

(0.010)

-0.015
(0.012)
0.002

(0.009)

0.005
(0.008)

0.024**

(0.010)

-0.001

(0.012)

-0.010

(0.010)

-0.015
(0.012)
0.002

(0.009)

0.004
(0.008)

0.028***

(0.010)

0.004

(0.012)

-0.008

(0.010)

-0.019
(0.011)
0.000

(0.009)

0.006
(0.008)

0.027***

(0.010)

0.004

(0.012)

-0.008

(0.010)

-0.019*

(0.011)
0.000

(0.009)

0.007
(0.008)

0.028***

(0.010)

0.004

(0.012)

-0.008

(0.010)

-0.019
(0.011)
0.000

(0.009)

0.006
(0.008)

Number of bedrooms*DD

1–2 bedrooms

3 bedrooms (Ref)

4 bedrooms

5+ bedrooms

Location * DD

-0.015
(0.013)

0.010
(0.027)
0.078

(0.057)

-0.016
(0.013)

0.008
(0.027)
0.079

(0.056)

-0.008
(0.013)

-0.003
(0.025)
0.043

(0.054)

-0.008
(0.013)

-0.003
(0.025)
0.043

(0.054)

-0.008
(0.013)

-0.004
(0.025)
0.042

(0.054)
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Rural

Urban (Ref)

0.057
(0.063)

0.044
(0.064)

-0.032
(0.068)

-0.031
(0.068)

-0.031
(0.068)

District supply of () *DD

Gas -0.027**

(0.012)
-0.026**

(0.012)
-0.027**

(0.012)
-0.026**

(0.012)

Heating -0.112***

(0.030)

-0.111***

(0.030)

-0.111***

(0.030)

_cons

Weather variables
Year fixed effects
Household fixed effects
CEM
N

0.144
(0.109)

yes
yes
yes
yes

47182

0.141
(0.109)

yes
yes
yes
yes

47182

0.120
(0.110)

yes
yes
yes
yes

47182

0.158
(0.102)

no
yes
yes
yes

47182

0.239**

(0.105)
yes
yes
yes
no

58432
n of predicted values ∈ [0,1] 67 106 140 152 153

Standard errors are clustered at the household level: * p < 0.1, ** p < 0.05, *** p < 0.01

Ref is omitted reference category

First, a regression is run (Column 1) without including major dwelling characteristics that

impact energy consumption. Thus Column 1 reports the DD regression output excluding such

dwelling characteristics as a connection to district heating, how-water, and piped gas.

The impact of IBP averaged out over the households without controlling for the major energy

characteristics of the dwelling is equal to 4.6 percentage points. This indicates that without

controlling for the dwelling’s energy characteristics, on average, the households residing in the

experimental regions have 4.6 percentage points, or about 83%, higher propensity to purchase

dirty fuels due to the introduction of IBP compared to their counterparts in the control regions.

The effect grows in size after interactions for the major dwelling energy controls are included.

Particularly, after interacting the main treatment indicator (DD) with a dummy variable

indicating whether the household has access to the district gas supply, the estimated parameter

on the main treatment variable increases to 5.9 percentage points, or about a 60% higher

propensity to purchase dirty fuels compared to similar households (households with no district
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gas supply) in the control regions. The effect of the main treatment indicator continues to grow

to 15.1 percentage points once the interaction of the main treatment indicator with a dummy

variable on whether the dwelling has access to the district heating is included.26 These types of

households (households with no district gas supply and no district heating supply) increase

their propensity to purchase dirty fuels by about 32% compared to their counterparts

(households with no district gas supply and district heating supply) in control regions.

The significant heterogeneity of the IBP treatment with respect to the household’s energy

characteristics is not surprising, especially in the context of Russia where over 70% of the

households are heated, and receive hot water via district supply (Rosstat, 2021) at a subsidized

below the market prices. Thus, these types of households are less sensitive to various price

fluctuations of electricity, as opposed to the households that do not have such privileges. In our

sample, the households that are heated via district are, on average, 11.2 percentage points (or

74%) less prone to purchase dirty fuels, and households that receive piped gas are 2.6

percentage points (or 17%) less prone to purchase dirty fuels due to the introduction of IBP.

These findings are in line with Harold et al., (2018) who conclude that households with higher

base energy consumption are more sensitive to demand-side energy stimuli, and with Will

(1981) and Reiss and White (2005) who conclude that the dwelling’s energy characteristic are

important determinants of the energy demand.

Researchers are also often interested in whether households respond to changes in the rate

structure or changes in price (Zhang et al., 2017). In our particular case, it can be seen that the

households in Russia do not seem to respond to the variation in price. The coefficient on the

26 This paper does not estimate the heterogeneous effects of the IBP with respect to such dwelling characteristics
as whether the dwelling is connected to the district hot-water supply, whether it is a detached single-family
building, and whether the household has an electric stove. Upon the inspection these variables were found to be
highly correlated with some other variables present in our specification. More specifically, there is a high
pairwise correlations between connection to the district heating and whether the dwelling is a single-family
detached building (-0.83), connection to the piped district gas delivery and whether there is an electric stove (-
075) and connection to the district hot-water delivery and district heating (0.76).
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average regional price (as opposed to the coefficient on the rate structure) of residential

electricity is statistically insignificant in all specifications.

This differential response can be attributed to factors such as the direct impact of the rate

structure on billing and consumption behavior (Zhang et al., 2017), the perceived fairness and

equity associated with changes in the rate structure, behavioral economics concepts like

framing effect and loss aversion (Kahneman and Tversky, 1979), as well as the visibility or

salience of the rate structure compared to the price on electricity bills (Borenstein, 2009; Ito,

2014). These factors contribute to households being more responsive to changes in the rate

structure, which influences their consumption decisions, while changes in the flat price may

not create the same level of responsiveness due to perceived arbitrariness or lack of direct

association with consumption behavior.

Turning to other dwelling and household characteristics, no evidence supports that the purchase

of dirty fuels (due to the introduction of IBP) is heterogeneous with respect to the age of the

household’s head.27 This is in contrast to Harold et al., (2018) who find that the demand side

stimuli are more effective in households where the household head is above 46 years old, Lin

and Zhu (2021) who conclude that the energy-saving effect is more pronounced among

residents over 50 years old, and somewhat in line with findings of Mills and Schleich (2012),

who conclude that the households with older residents are less likely to adopt energy

conservation practices in the home.

Also, in contrast to Harold et al. (2018), this paper finds no evidence that the effect of the

stimuli varies among households that are less educated. In the case of Russia, the educational

profile of the household head proved to be statistically insignificant. This finding is surprising

27 Since these are the primary regression estimates that include the entire set of covariates and have previously
undergone a matching procedure, the focus is on Column 3 when interpreting the heterogeneous effects in the
regression specifications.
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as one might expect that more educated individuals would be more aware of the negative health

and environmental effects associated with dirty fuels.

The lack of a significant effect of the education, and age of the household head on the

propensity to purchase dirty fuels raises the possibility that factors other than education and

age, such as cultural or economic considerations, may play a more prominent role in driving

fuel preferences in the emerging economies such as Russia.

In addition, in contrast to Liu and Lin (2020), and Harold et al., (2018), our findings do not

document that the number of people residing in the dwelling affects the strength of the demand

side stimuli. The results also indicate that the size of the house (proxied by the number of

rooms) proved to be a statistically insignificant determinant of the treatment effect. This is,

again, in contrast to Harold et al (2018) who find that larger dwellings are more responsive to

stimuli, and to Dolan and Metcalfe (2015) who report that the effect of treatment is smaller for

larger dwellings.

The lack of a significant relationship between the household size and the strength of the

treatment resulting from IBP is not surprising, given that the assigned social norms for each

household take into account the number of people residing within them. In this context, the

social norm permits a higher electricity consumption limit (measured in kWh) for households

with a greater number of individuals, allowing them to benefit from discounted rates.

Considering the usual positive correlation between the number of residents and the size of the

dwelling, this can explain the insignificant relationship observed between the number of rooms

and the treatment as well.

Moreover, little evidence is found that the purchase of dirty fuels is sensitive to a household’s

reported levels of income. This is in sharp contrast to papers that studied the impacts of the

implementation of the IBP in China (see, Sun and Lin, 2013; Sun, 2015; Lin and Zhu, 2021)
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that conclude that the household’s income is, in general, a statistically significant determinant

of the household’s energy behavior towards the introduction of IBP.

However, the paper does find evidence that the employment status of the household head is a

statistically significant determinant of the household’s energy behavior. In the case of Russia,

the households where the household head’s primary role is housekeeping are about 12.9

percentage points (or about 85%) more prone to purchase dirty fuels due to the introduction of

IBP, whereas the households where the household head’s primary role is child care are about

2.7 percentage points (or about 18%) more prone to purchase dirty fuels due to the IBP.

These results are somewhat mixed, partially agreeing with those of Harold et al., (2018). Harold

et al. found that self-employed individuals are more likely to reduce their gas consumption in

response to provided energy reports compared to employed individuals. However, they did not

observe any differences in responses among retired individuals, caregivers, or the unemployed.

The strong heterogeneity of the treatment with respect to the employment status of the

household head in our data can mainly be explained by the income effect. As explained

previously in the context of RLMS-HSE the oldest individual in the household with an active

income stream is selected as the household head. This means that the households headed by

people who are on child care or whose primary role is housekeeping simply may be in a

disadvantaged financial situation, and therefore are forced to substitute their energy needs by

purchasing cheaper dirty alternatives due to the introduction of IBP. This result may also

indicate a potential problem of income misreporting in the household surveys (Bound et al.,

2001) such as in RLMS-HSE since the coefficients on the income variables are statistically

insignificant.

This paper also documents that, in the case of Russia, the effect of the treatment varies with

respect to the gender of the household head. In particular, those households that are headed by

females are about 3 percentage points (or about 20%) less prone to purchase dirty fuels due to
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the introduction of IBP. This is in contrast to Harold et al., (2018) who show that in the case of

Ireland, the gender of the household head is an insignificant determinant of the treatment effect.

This difference in findings with respect to the gender of the household head can be attributed

to differences in the treatment, outcome measures, and other underlying factors. Harold et al.,

(2018) focused on the provision of information and used overall gas consumption as an

indication of the treatment effect, which did not specifically capture the purchase of dirty fuels.

Our hypothesis is that females may be more reluctant to purchase dirty fuels due to health

considerations (Matoff-Stepp et al., 2014) and the additional work involved in order to use

dirty fuels. Health considerations could be influenced by concerns about indoor air pollution

caused by the use of dirty fuels, as certain types of fuels may emit harmful pollutants.

Moreover, the additional work required for using dirty fuels, such as carrying the purchased

firewood or preparing the fuel, may contribute to gender differences in fuel preferences.

The results also do not indicate that rural households are more (or less) sensitive to the

introduction of the IBP. The coefficient on the interaction of the main treatment dummy with

the dummy indicating whether the dwelling is located in a rural area is statistically

insignificant. This result at first may appear surprising given that suburban areas are more likely

to have larger dwellings, use considerable amounts of energy for agricultural purposes (Gilbert

and Graff Zivin, 2014), and are more likely to experience energy poverty (Barnicoat and

Danson, 2015). However, this (at first) contradictory result again can be explained by the

structure of the IBP–the assigned social norms in some of the experimental regions take into

account the location of the dwellings, with rural households assigned more kWh at a discounted

rate.

The paper also finds that the households that receive subsidies (cashback) are more sensitive

toward the introduction of the IBP. This result is in accord with Turdaliev and Janda (2023)

who find a positive association between receiving subsidies by the household and the
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propensity purchase of dirty fuels. The results show that these households are about 2.8

percentage points (or about 18.5%) more prone to purchase dirty fuels due to the introduction

of IBP. The positive and statistically significant effect associated with the subsidies indicator

can be rationalized by the requirement that households must satisfy to qualify for subsidies. In

contrast to discounts (which are statistically insignificant), subsidies are contingent upon the

household's ratio of total spending on utilities to its overall income (Turdaliev, 2023). As a

result, households that are eligible for subsidies tend to allocate a greater proportion of their

income towards utilities, rendering them more receptive to such financial regulations as IBP.

5. Conclusion

This chapter investigated the impact of increasing-block pricing (IBP) on the propensity to

purchase major electrical appliances and dirty fuels in Russia. Utilizing household panel data

from the Russian Longitudinal Monitoring Survey (RLMS), and a natural experiment involving

variation in electricity tariffs, I examine how IBP influences household behavior.

Our results indicate that the propensity to purchase major electrical appliances in the

experimental IBP regions increased by 20%. However, we also observe that IBP increased

propensity to purchase dirty fuels by over 60% among the households in these regions. This

shift towards dirtier energy sources was most pronounced among the households with high

baseline energy consumption and in the the vulnerable social positions, thus pointing to a

heterogeneous response towards IBP with respect to household characteristics.

These results suggest that while IBP can foster investments in energy-efficient appliances, it

may inadvertently also promote the use of dirty fuels among certain household segments. This

dual impact points to the complexity of IBP as a policy tool and underlines the need to consider

both positive and negative outcomes in designing such policies. This dual impact highlights

the necessity of designing IBP policies that are socioeconomically sensitive for households.
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These findings may be of importance to developing and emerging economies seeking to

implement energy reforms. The study shows that reforms in energy policy and pricing are not

without risk, and policymakers face the challenge of building a structure of balanced and

efficient policies to prevent the unjust burden of such reforms on the most vulnerable segments

of society. Complementary measures, such as targeted subsidies or support for adopting

renewable energy, might be needed to prevent any negative impact on certain groups.

Tailored interventions that address environmental and social objectives will be important if

energy reforms are to achieve their intended outcomes without entrenching energy poverty or

increasing pollution.

While the IBP has a potential to yield gains in energy efficiency, careful design and

implementation of such policies are important. Especially, future research should further

investigate the heterogeneous impacts of IBP and other pricing mechanisms for deepening the

insights into how these policies could be optimized toward balancing environmental

sustainability and social equity. These findings contribute to the ongoing debate about how to

effectively design energy policy and bring forth critical lessons toward a more sustainable and

fair energy system.
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Abstract

This paper examines the effectiveness of intermittent behavioral interventions in promoting
residential energy conservation, focusing on the reintroduction of social comparison feedback
after a prolonged pause. Using data from a field experiment in Yerevan, Armenia, we analyze
the short-term and sustained impacts of social norm feedback on residential electricity
consumption. Reductions are more pronounced during off-peak seasons and vary significantly
based on household energy characteristics, both during the pause and active phases of
treatment. Our findings demonstrate that intermittent interventions can sustain significant
conservation effects and offer a cost-effective alternative to continuous treatments, providing
valuable insights for sustainable energy policies and conservation programs.
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1. Introduction

For the last 15 years, we have observed a fusion between behavioral economics and

environmental policy. The integration has been particularly noticeable in the domain of

residential energy conservation. In particular, with the advent of the “nudging” theory

popularized by Thaler and Sunstein (2008), researchers started to evaluate the impact of social

comparison reports on the energy consumption of households. The premise for this analysis

draws from Festinger’s (1954) social comparison theory, which suggests that people evaluate

their own abilities and accomplishments by comparing themselves to their peers. Thus,

providing households with energy reports may decrease the level of their consumption.

One of the first to evaluate the impact of comparative energy data on the energy consumption

of the households were the studies by Schultz et al., (2007), and Nolan et al., (2008). In their

analysis, the authors find that social comparison information can decrease household energy

consumption significantly. This behavioral change can be explained by a more general

psychological concept of normative social influence which states that people adapt their

behavior to conform with the norms of their social group (Cialdini and Goldstein, 2004). The

popularity of the energy reports started to rise with the first large-scale experiment in the USA

by the energy company Opower. Opower’s home energy reports compared household’s energy

use to that of their neighbors. The results of the experiment were first documented in

Mullainathan and Allcott (2010) and Allcott (2011). The authors find that providing households

with home energy reports reduces energy consumption, on average, by 2.0 percent. Allcott

(2011) also documents that the effect of energy reports was heterogeneous and induced larger

savings (6.3 percent) among the households in the highest decile of pre-treatment energy

consumption, while households in the lowest decile reduced their consumption only by about

0.3 percent.

92



Following up on these studies, Allcott and Rogers (2014) revisited the Opower energy reports

program and studied its long-term effects by looking into the persistence of these consumption

reductions over two years. They document that the effectiveness of the reports tends to diminish

over time. However, they observed that households receiving the reports still, on average,

consume less energy even after two years, suggesting that the households have not fully

habituated to the reports. In addition, Ayres and colleagues (2013) also conclude that peer

comparison can reduce residential energy use. They conclude that the effect of the reports was

sustained for up to twelve months. Researchers, however, did not investigate the effects beyond

the twelve months, and caution that without additional interventions the effects may not last

indefinitely, and emphasize that further research is required to study the sustained long-term

impacts of energy reports. Another study on the longevity of energy savings from energy

reports was accomplished by Houde et al., (2013). Their findings indicate that while initial

feedback prompted notable energy savings, these effects did not last over the long term.

Similarly, Ferraro and Price (2013) conducted a study on the impacts of social norm-based

messages on residential water usage. The authors also observed that while these messages had

a significant initial impact, the effect of the messages diminished over time. These fluctuations

in the effectiveness of social norm-based messaging may indicate that such strategies may

require continual reinforcement to maintain long-lasting behavioral changes. In accord with

the studies above Dolan and Metcalfe (2015), conclude that although the initial impacts of

social comparison reports following the intervention were significant, they tended to diminish

over time, and energy consumption tends to backslide, reinforcing the notion that sustained

behavioral change requires ongoing or renewed intervention efforts. Examining the long-term

effects of a summer rebate program on electricity consumption Ito (2015) finds minimal long-

term effects for coastal customers but notes a significant reduction in energy use among inland
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customers, which persisted over several years. This variance suggests that the effectiveness of

such interventions may also differ markedly across different demographic groups.

The literature above collectively highlights the complex challenges of influencing long-term

energy consumption behaviors through behavioral economics and environmental policy. While

it is clear that informational interventions and social comparisons can initiate immediate and

short-term reductions in energy use, these effects frequently diminish over time without

continued reinforcement. Moreover, the literature still lacks comprehensive insights into the

effectiveness of energy-saving behaviors after the reintroduction of the same intervention after

a considerable pause. The current paper aims to fill this gap by analyzing the long-term effects

of providing information on energy consumption, focusing particularly on the re-introduction

of interventions after a long pause (eight months), a relatively unexplored area.

The literature also emphasizes that achieving long-term energy savings is not just about

behavioral persistence but also about economic feasibility. Transaction costs—administrative

expenses, operational overhead, and communication costs—associated with continuously

sending energy reports can be substantial (Gillingham and Palmer, 2014). These costs can

reduce the net benefits of conservation programs. Thus, there is growing interest in exploring

staggered or intermittent interventions, where treatment is introduced at intervals rather than

continuously, to achieve similar behavioral impacts while minimizing resource demands.

However, the effectiveness of intermittent behavioral interventions remains unexplored, and

this is of particular importance especially in contexts where intervention costs may be relatively

high compared to achievable energy savings, as in developing countries.
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This research aims to close this gap in the literature and deepen the understanding of the

possibility of fostering enduring changes in energy consumption behaviors; this is essential for

developing sustainable energy policies with a long-term outlook for conservation. In addition

to studying the reintroduction of the intervention after an eight-month pause, we also study

households’ energy-saving behavior during this pause, when no treatment is provided. This

allows us to assess the persistence of behavioral changes and whether the effects of the initial

intervention fade or are maintained over time.

To the best of our knowledge, the prior literature has not investigated the reintroduction of

treatments after such a long break or examined household energy-saving behavior during

extended periods without intervention, as in this paper.

In addition, this study is of particular importance as it is the first to examine nudging in a post-

Soviet country. Post-Soviet settings present unique challenges for energy conservation. A

legacy of centralized control over resources, relatively low energy prices, and limited public

awareness about energy efficiency create conditions where transaction costs for interventions

may be higher and consumer responsiveness more varied. By studying this context, we aim to

uncover insights that are directly applicable to other developing regions with similar

socioeconomic constraints. A legacy of centralized control over resources and relatively recent

transition to market economies may shape how people react to behavioral interventions, such

as nudges. In this sense, this research makes a valuable contribution to how these interventions

would need to be tailored or adjusted if they are to promote energy conservation in post-Soviet

settings among others.

Unlike large-scale studies in developed countries (primarily the USA and Japan), such as

Allcott and Rogers (2014) or Ayres et al. (2013), our study involves a relatively modest number
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of households. However, our study focuses on energy-saving behaviors in a developing, post-

Soviet context, where regionally focused datasets are common and equally valuable.28 Our

repeated intervention design enhances the precision of our estimates and enables the

observation of key dynamics, such as the seasonality of the treatment effect, the decay of the

effect during the pause in treatment, and the reactivation of the effect when the intervention is

reintroduced. We also employ multiple hypothesis testing (MHT) robust standard errors, as

outlined by Young (2019), to further strengthen the validity of our results. Furthermore, as

demonstrated in Table 2, our sample closely reflects Yerevan’s population on key energy

characteristics, supporting the generalizability of our results.

The importance of reintroducing the treatment after a long period of absence bears directly on

the efficacy and efficiency of behavioral interventions for several reasons. First, behavioral

adaptation is a well-documented phenomenon where the continuity of exposure to a stimulus

can result in reduced response over time (see, Allcott and Rogers, 2014). Through this,

removing the stimulus for an extended period of time may “reset” the subjects, making them

more responsive to the reintroduced treatment. This may result in stronger, and more

pronounced behavioral changes on reintroduction, similar to a rekindling of a sense of novelty

and urgency that may have waned with constant exposure. Second, the reintroduction of

treatments may act as a reminder of previously learned behaviors or information, potentially

strengthening them more effectively than a continuous intervention would. This acts as a

behavioral “nudge” that reactivates and strengthens the energy-saving habits formed in the first

period of treatment. Third, the intermittency of the treatment may turn to be more cost-effective

28 For instance, one of the largest available household surveys in the post-Soviet space, the RLMS-HSE, surveys
about 5,000–6,000 households annually across Russia. Our sample contains about 300 representative households
observed over a 20-month period in Yerevan, Armenia. Taking into consideration the smaller population size of
Yerevan, our sample-to-population ratio exceeds that of the RLMS-HSE by an order of magnitude.
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for policymakers and utility companies. If the effects of treatment can be reactivated or even

enhanced on reintroduction after a period of a pause—this may imply that constant intervention

may not be needed to maintain desirable behaviors, resulting in savings in both financial and

administrative resources yet still achieving conservation goals. Fourth, the impact of

reintroduced treatment is fundamental to policy design: it may allow for the strategizing of

interventions to coincide with periods where they are likely to have the greatest effect. This is

important when designing policies that are adaptive to consumer behavior and preemptive in

managing energy demand.

By showing what happens when these interventions are applied in intervals, this paper paints a

broader picture of how behavior change tactics work over the long haul. Such comparisons

could reveal whether it is better to keep these interventions running nonstop or if we can

achieve the same, and potentially more cost-effective results with periodic nudges. By diving

into the dynamics of behavior change within the context of residential energy use, this research

could significantly steer the future of energy conservation efforts, making them more effective

and sustainable. This investigation is focused on deepening our understanding of nudges in

behavioral science which can potentially redefine the future design of conservation efforts. The

rest of the paper is structured as follows. The next chapter describes the conducted field

experiment and provides summary statistics of sampled households. Chapter 3 illustrates our

empirical strategy and describes the obtained results. Chapter 4 concludes.

2. Experimental design

We explain the collection of the data and the experimental design below.

2.1.Household selection and randomization
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We started the field experiment in January of 2022 in the capital city of Armenia, Yerevan. We

selected households in Yerevan because these households have a greater potential to reduce

their electricity consumption due to intervention. In the context of developing, and post-Soviet

countries, households in the urban areas usually wealthier, have a reliable electricity

connection, and own energy-intensive appliances like refrigerator, washing machine, air-

conditioner, heater, and others (see, for instance, Ahsanuzzaman et al., 2024). The

concentration of households with these types of characteristics tends to be higher in capital

cities, thus making them more appropriate for our study.

The energy sector in Armenia is one of the least diversified compared to other Eastern

European and Central Asian countries. The country relies mostly on electricity, natural gas,

and wood, which makes it more vulnerable in case of energy shocks (Krauss 2016). The IEA

underlines that two-thirds of all energy resources consumed in the country are imported, which

in itself is a reason to worry about national energy security. Moreover, there is an expected gap

to meet growing energy demand nationwide–energy demand has increased and is expected to

continue to grow.

Residential tariffs in Armenia are set centrally by the government and were until recently flat.

Since February of 2021 residential tariffs depend on the quantity consumed in the form of

"increasing block tariffs" (IBT). Tariffs are not differentiated by seasons and do not contain

any fixed charge. 29

29 Residential electricity tariffs are obtained from the Public Services Regulatory Commission (PSRC) of the
Republic of Armenia.
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Figure 1: Electricity tariffs. The figure displays electricity tariffs in Armenian dram (AMD)
per kilowatt-hour (kWh) based on monthly consumption. The blue solid line represents the day
tariff, while the green dashed line shows the night tariff. Both tariffs are segmented into
different tiers: for consumption levels up to 200 kWh, between 200 and 400 kWh, and above
400 kWh per month, indicating increasing prices with higher energy usage.

Figure 1 illustrates the tariff scheme when the field experiment was conducted. The tariffs are

divided into three blocks: the first block is from 0 kWh to 200 kWh per month, the second

block is from 200 kWh to 400 kWh per month, and the third block is from onwards of 400 kWh

per month. The continuous line indicates the daytime tariffs (from 7 a.m. to 11 p.m.) for each

consumption block: 46.8 AMD, 48.8 AMD, and 53.8 AMD per kWh. The dotted line represents

the discounted night tariffs (from 11 p.m. to 7 a.m.) for each consumption block: 36.48 AMD,

38.48 AMD, and 43.48 AMD per kWh.

Worth noting here is that, unlike the standard IBT, in this case, consumers are charged with a

single tariff rate for their overall consumption—for example, if customers are in the second

block of electricity consumption, they will pay a price per kilowatt-hour of 48.8 AMD for their

overall consumption in the billing month, not only for that part that is above 200 kWh.

Similarly, customers falling in the third block pay the price per kWh of the third block for their
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total consumption, not only for the kilowatt-hours spent above 400. This feature differentiates

this particular block-tariff scheme from classical block-tariffs–those close to the border of

lower blocks have a stronger incentive to reduce consumption than others.

We launched a household survey in collaboration with the International Marketing Research

(IMR) company, headquartered in Yerevan, which involved telephone calls to gather

information on household and living conditions. To ensure the sampling design accurately

reflects the population, IMR employs a random digit dialing (RDD) technique. This approach

involves dialing telephone numbers generated in accordance with an algorithm facilitated by

an Excel-based tool. Specifically, this process generates nine-digit telephone numbers that

commence with mobile network codes (MNCs) associated with mobile network operators

eligible within the country—namely, Viva-MTS, Team Telecom, and Ucom. Initially, we

reached out to 4,102 individuals for the study.

To motivate participation, we offered a small incentive of 500 Armenian Dram (roughly one

US dollar) in phone credit after the interview, plus additional credit for each photo of their

monthly electricity bill they sent during the study. We also created a lottery with a prize of

100,000 AMD (about 250 US dollars) awarded to six randomly chosen participants at the end

of the study. After screening, we narrowed down the sample to 604 individuals, excluding those

who declined to participate, lived outside Yerevan, or were not the primary decision-makers in

their households. We also excluded tenants to focus on those responsible for paying utility bills.

During the initial phone interviews, we collected the home addresses of participants, which

were then used to identify households residing within the same apartment complex or on the

same street. These households were excluded from the sample to avoid any potential spillover

effects of the treatment.
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Out of the remaining households, 291 individuals agreed to provide their electricity bill data.

They were divided into three groups, ensuring each group was comparable in terms of

electricity use, heating type, and dwelling size30. The first group, the Consumption Information

group, or CI for short, received information on how their electricity consumption compared to

the average of similar homes in terms of the number of rooms, and the type of heating. The

second group, the Consumption and Cost Information group, or CCI for short, received the

same information as the CI group plus the information on the associated monetary costs of the

energy consumption. The control group did not receive any feedback but was tracked for their

energy consumption and socio-economic data. We categorize the treatment into two distinct

groups, with an anticipation that showing households their personal energy consumption

alongside the corresponding monetary costs may influence behavior differently than presenting

only a comparison with their peers’ energy use. Therefore, we expect that explicitly displaying

these monetary costs in reports may alter the treatment's impact in either direction. This

hypothesis, however, diverges from other literature in the field, such as those incentivizing

households to conserve energy through adjusted marginal energy prices (Ito, 2015; Ito et al.,

2018) or through cash-back incentives provided by utilities or third parties for reduced

consumption (Dolan & Metcalfe, 2015; Sudarshan, 2017).

Although the number of households in our study is about 300, the longitudinal nature of the

data, with about 5500 household-by-month observations, enhances our ability to analyze

behavioral dynamics over time. Furthermore, the characteristics of our sample closely match

those of Yerevan’s population, as reported by Table 2, ensuring that our findings are

representative and generalizable to the broader population of Yerevan. Unlike large-scale

30 To ensure homogeneity in energy needs among the groups, stratified randomization was implemented. This
stratification took into account the amount of electricity consumed in the three months prior to the treatment, the
type of heating of the household, and the number of rooms.
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studies such as Allcott and Rogers (2014) or Ayres et al. (2013), which analyzed interventions

in developed countries with vast resources, our study provides valuable insights into energy-

saving behaviors in a developing, post-Soviet context, where smaller, regionally focused

datasets are common and offer equally important policy implications. For instance, one of the

largest longitudinal panel surveys in the post-Soviet space, the Russian Longitudinal

Monitoring Survey (RLMS-HSE), surveys about 5000 to 6000 households yearly across all

major Russian regions (Turdaliev, 2023). Taking into consideration the smaller population size

of Yerevan, our sample-to-population ratio exceeds that of the RLMS-HSE by an order of

magnitude. Moreover, compared to highly heterogeneous population of Russia, Yerevan's

population is homogeneous and predominantly Armenian, with 98.94% identifying as such.31

This significant difference in diversity suggests that Yerevan's more homogeneous population

may enhance the representativeness of our sample, further supporting the robustness of our

findings. Additionally, the repeated nature of our intervention design allows us to track changes

within households over 20 consecutive months, enhancing the precision of our estimates and

enabling us to observe the dynamics of the treatment effect due to seasonality, decay, and

reactivation of energy-saving behaviors.

The distribution of the reports was executed through widely utilized messaging platforms like

Viber and WhatsApp, depending on the household head’s preference. Thus, in accord with

Allcott (2011), and Allcott and Rogers (2014), our treatment is defined as the act of “sending

the social comparison reports”. However, in contrast to the studies above, our treatment is

potentially more salient, as the reports were delivered directly to the personal mobile numbers

of the household heads, rather than being physically mailed to their residences. Additionally,

31 https://worldpopulationreview.com/cities/armenia/yerevan
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we did not observe any instances of households opting out of the treatment. All participating

households remained in the experiment from the inception to its conclusion.

The examples of monthly electricity bill and monthly comparison reports are illustrated in

Figure 2 and Figure 3 respectively. 32

Customer ID Payment Date Previous Balance Amount Due (AMD) Detailed info

Customer name

Address

Amount of Subsidy Daytime usage (kWh) Nighttime usage (kWh) Amount due (AMD)

Note: Original text in Armenian. The English translation is provided in the “text boxes” next
to the original text.

Figure 2: Example of monthly electricity bill. The figure shows a breakdown of an Armenian
electricity bill with key elements labeled for clarity. The bill includes details such as the
Customer ID, Payment Date, and Previous Balance. The Amount Due for the billing cycle,
and amount of Subsidy applied. The electricity usage is split between Daytime Usage and
Nighttime Usage. The customer's name and address have been redacted for privacy.

32 Although there is information on subsidies in electricity bills, the government of Armenia provides subsidies
mostly in form of monthly cash benefits for disadvantaged families, which can be viewed only as an indirect
subsidy for energy costs (Krauss, 2016). Armenia is one of the few ex-Soviet republics that has avoided energy
subsidies and maintained a liberalized energy market (IEA, 2022). In our sample, only five households reported
receiving some sort of benefits, the specific type of which could not be determined. Three of these households
are in the CCI treatment group, and two are in the CI treatment group.

103



Group CI Group CCI

Figure 3: Social comparison reports. Figures display monthly electricity consumption and
payment comparison for Group CI and Group CCI households. Group CI compares household
consumption with the average electricity consumption. Group CCI compares household
consumption and payment with the average.
Note: The text translated from Armenian.

2.2.Timeline of the experiment

The experiment was conducted in four phases. The first phase was from January 2022 to March

2022. During these three months, we recorded the monthly electricity consumption of the

households and did not provide any of the households with treatment. The actual treatment of

the households started in April of 2022. Starting from this month the households in two

treatment groups (CI, and CCI) started to receive the monthly reports for a period of five

consecutive months (April 2022 to August 2022). The treatment was paused for eight

consecutive months (September 2022 to April 2023) and then repeated for a period of four

months (May 2023 to August 2023). Importantly we have conducted the same treatment with
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the same set of households and grouping–all households remained within the initial group that

they were assigned to. This allows us to test the effectiveness of repeated treatment after a

considerable pause–to test how the same households react to the same treatment after a pause.

The strategy of pausing and then reintroducing treatments stems from the idea that subjects

might experience a “reset” in how they respond to these reintroduced treatments. This reset can

ignite a renewed sense of newness and urgency toward the treatment, potentially leading to

renewed behavioral changes toward energy conservation. Moreover, administering these

treatments intermittently could serve as a timely reminder of the behaviors we aim to

encourage, reinforcing energy-saving habits that can prove to be as effective as continuous

intervention might be. This approach challenges the usual concept of treatment habituation and

suggests that periodic interventions could be as impactful as continuous processes.

Additionally, this intermittent strategy may also be more cost-effective. Enhanced

responsiveness to reintroduced treatments might reduce the need for constant intervention,

leading to significant savings in resources while still promoting conservation goals. This

method supports sustainable behavior change and efficient resource management, presenting a

powerful strategy for long-term energy conservation. Strategic timing of these interventions

could align with periods of maximum impact, like seasons with peak energy use, optimizing

policy effectiveness. The potential reactivation of the initial treatment’s impact may suggest

that a strategy of recurrent exposure to the intervention could have a long-term effect,

challenging and possibly broadening existing models of habit formation.

Our findings will thus inform both the academic discourse on behavioral interventions and the

practical application of such strategies in policy-making. The timeline of the experiment is

illustrated in Figure 4 below.
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Figure 4: Timeline of the experiment. The figure displays the timeline of the experiment
starting with Phase 1 (Jan 2022 - Mar 2022), where electricity consumption was recorded. This
was followed by the Treatment Phase (Apr 2022 - Aug 2022) for CI and CCI groups. After a
Pause (Sep 2022 - Apr 2023), the experiment resumed with a Repeat Treatment Phase (May
2023 - Aug 2023).

2.3.Description of the sample

The process of randomization allocated 98 households into the control group, 97 households

into the CI treatment group, and 96 households into the CCI treatment group. The monthly

electricity consumption of these households was then observed during the period of January

2022 to August 2023. This results in a total of 5785 households-by-month observations. 33

Table 1 below provides descriptive statistics for our final empirical sample. It can be seen that

the process of randomization was quite successful, and there are no statistically significant

differences between the groups across most household and dwelling characteristics except for

33 During the course of analyses 251 household-by-month observations were dropped due to abnormally high

(>700 kWh, >95 percentile) monthly consumption of electricity. This accounts for 76 observations from the CI

group, 95 observations from the CCI group, and 80 observations from the control group.

106



the size of households between the control group and CI treatment group. This difference,

however, is minimal (about 0.5 individual), and significant at 10 percent. We also asked the

respondents whether they could recall their household’s monthly income and expenditures.

Both monthly income and expenditure levels tend to be equal across the groups (see, Table 1)

and do not exhibit any statistically significant differences even though about one-third of the

households did not report their monthly income and expenditure.

Table 1: Descriptive statistics of the sample

Variable
Respondent characteristics

Female (dummy)

Pays energy bills (dummy)

Employed (dummy)

Respondent’s age (years)

Education:
Higher (dummy)

Secondary technical (dummy)

Secondary (dummy)

Household characteristics
Household size (no. people)

Per-capita expenditure (AMD)

Per-capita income (AMD)

Pre-treatment monthly
electricity consumption (kWh)

Dwelling characteristics
Detached dwelling (dummy)

Multi-apartment (dummy)

No. of rooms

Main heating via:
Electricity (dummy)

Control

0.50
(0.052)
0.652

(0.0497)
0.5545

(0.0518)
41.087
(1.056)

0.5545
(0.0518)
0.1305

(0.0351)
0.315

(0.0484)

4.0545
(0.1765)
63174.58
(6504.57)
110333.2

(12290.36)
216.465
(10.81)

0.2065
(0.0422)
0.7935

(0.0422)
2.815

(0.1024)

0.1955
(0.0414)

CI

0.549
(0.0521)

0.615
(0.0497)
0.5605

(0.0520)
39.7035
(0.8892)

0.484
(0.0518)

0.21
(0.0430)

0.31
(0.0484)

4.5605
(0.1883)
59799.07
(5577.65)
85469.46

(10175.35)
210.4975
(8.902)

0.198
(0.0422)

0.802
(0.0418)

2.846
(0.1082)

0.154
(0.0378)

CCI

0.5055
(0.053)
0.7305

(0.0470)
0.6405

(0.0509)
41.146
(1.046)

0.472
(0.0529)

0.18
(0.0407)

0.337
(0.0501)

4.382
(0.1747)
67369.49

(10145.31)
81801.08
(9743.25)
213.331
(11.23)

0.247
(0.0457)

0.753
(0.0457)

2.82
(0.1018)

0.1685
(0.0397)

Control-CI

-0.049
(0.0738)

0.037
(0.0712)
-0.006

(0.0734)
1.3835

(1.3819)

0.07
(0.0741)

-0.08
(0.0737)

0.005
(0.0685)

-0.506*
(0.2579)
3375.509
(8536.08)
24863.74

(15980.52)
5.9675

(14.019)

0.0085
(0.0594)
-0.0085
(0.0594)
-0.031

(0.1489)

0.042
(0.0560)

Control-CCI

-0.0056
(0.0743)
-0.078

(0.0684)
-0.086

(0.0726)
-0.059

(1.4872)

0.0825
(0.0741)
-0.0495
(0.0738)
-0.022

(0.0697)

-0.3275
(0.2484)
-4194.913
(12217.91)
28532.12

(15745.01)
3.134

(15.58)

-0.0405
(0.0622)
0.0405

(0.0622)
-0.005

(0.1445)

0.027
(0.0574)
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Gas (dummy)  0.739 0.7145 0.663 0.025 0.076
(0.0458)           (0.0474)            (0.0501)              (0.0659)                   (0.0680)

Gas stove (dummy)  0.1415 0.143 0.191 -0.0015 -0.0495
(0.0363)           (0.0367)            (0.0417)              (0.0516) (0.0553)

Solid fuels (dummy)  0.011 0.011 0.0335 0.00 -0.023
(0.0108)           (0.0109)            (0.0191)              (0.0154)                   (0.0219)

Note: We conducted a test for equality of proportions to compare differences in binary indicators between groups.
Differences in continues variables are estimated via two sample t-test with equal variances. Standard errors in
parenthesis. * p < 0.1, ** p < 0.05, *** p < 0.01.

Other household and dwelling characteristics are statistically similar across the groups.

Respondents’ mean age is approximately 40 years, with a substantial proportion (over 65%)

personally responsible for utility bill payments. The sample was gender-balanced, with females

constituting approximately 50%. Educational attainment was relatively high, with nearly 50%

of participants reporting higher education credentials, and employment rates approaching 60%.

The locational distribution of households predominantly favored multi-apartment buildings,

approximately 78% of the sample, whereas the remaining 22% are detached houses. The

average household features three rooms. Heating methods were predominantly gas-based, with

about 70% of households utilizing gas, 15% using gas stoves, 17% using electricity, and about

1.8% relying on various solid fuels. 34 The mean household size exceeded four individuals, with

a corresponding average monthly per capita expenditure of approximately 63,000 Armenian

Dram (AMD) equivalent to around 150 USD. The average level of pre-treatment monthly

electricity consumption (January 2022 to March 2022) was about 316 kWh across all groups.

To ensure our results can be generalized, it is also essential to test whether the characteristics

of our sample are representative of the Yerevan population. Table 2 below provides a

comparison of key household characteristics in Yerevan for 2022, sourced from the Statistical

Committee of the Republic of Armenia (SCA). The SCA sample comprises 1,404 unique

households from Yerevan, surpassing the number of unique households in our sample.

34 Some households report using multiple sources as their main source of heating.
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Consequently, we employ the Welch test to compare the means of continuous variables across

both samples.

Table 2: Household Characteristics Comparison: Sample vs. Yerevan Population

Variable

Heating via
(dummy)

SCA
(SE)

gas 0.76

Sample Our
(SE)

0.71

Sample Difference
(SE)

0.05

Heating via electricity 0.21 0.17 0.04
(dummy)

Multi-Apartment 0.73 0.78 -0.05
(dummy)

Detached
(dummy)

Monthly HH
(AMD)

housing 0.25

income 346111.00
(7998.149)

0.22

346624.00
(16493.010)

0.03

-513.00
(18330.020)

Note: Due to discrepancies in sample sizes between our sample and the SCA sample, we used the Welch test to
compare continuous variables. For comparison of dummy variables, the Chi-square test of independence was
used. * p < 0.1, ** p < 0.05, *** p < 0.01. The proportions of apartment and detached housing in the SCA sample do
not add up to one because around 2 percent of respondents either did not specify their dwelling type or reside in
accommodations that do not fit these categories (such as hostels, railcars, containers, etc.).

Table 2 shows that our sample aligns with that of the SCA on a key household energy and

income characteristics. The observed small discrepancies between our sample and the SCA

sample are not statistically significant at any conventional levels.

3. Empirical Analysis

3.1.Econometric specification

We employ a difference-in-differences (DiD) design with multiple treatment periods as in

Wooldridge (2021) to estimate the effect of social comparisons on the households’ energy

consumption.35 Our model can be expressed by Equation-1 below:

35 Our specification, however, should not be confused with “staggered treatment” difference-in-differences
design. In our case, all the households in the treatment groups start and end the treatment at the same time.
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The ᵰ� and ᵄ� stand for the month-by-year fixed effects and household fixed effects

respectively. The ᵃ�ᵃ�_ᵅ� and ᵃ�ᵃ�_ᵅ� are the interactions of the households in the CI and CCI

treatment groups with the first, second, and third (ᵅ� ∈ (1,2,3)) post-treatment periods (ᵃ�ᵃ�_ᵅ�=

CI ´ post_ᵅ� ; ᵃ�ᵃ�_ᵅ�= CCI´post_ᵅ�), which are crucial for our research objectives. The first

treatment period (ᵅ� = 1) of April 2022 to August 2022 will show us whether the households

are at all sensitive to social comparison in terms of their energy consumption. In the second

period (ᵅ� = 2) from September 2022 to April 2022 we stop the treatment, and observe

households’ energy consumption. This period is crucial to study the rate of decay of the

treatment effect. In other words, how fast do the households return to their initial pre-treatment

level of electricity consumption (if at all)? According to the economic theory, the social

comparison treatment acts like an exogenous stimulus that temporarily decreases the marginal

utility derived from energy consumption (see, Laibson, 2001). Upon removal of this stimulus,

consumers, in theory, should revert to their baseline level of energy consumption. We check

this theoretical projection empirically.

In the third period (ᵅ� = 3) from May 2023 to August 2023, the treatment is reintroduced.

Importantly, treatment is reintroduced to the same households that received it initially. Thus,

we can test how effective is the reintroduction of the same treatment to the same households

after a considerable break of eight months. This three-period empirical design helps us to

determine whether the conservation interventions can be effective as periodic prompts.
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In this and all subsequent regressions, because we are testing multiple hypotheses in one

empirical setting, we correct for the multiple hypothesis testing (MHT) via the Jackknife and

bootstrap procedures (see for instance, Young, 2019).36

As the data also allow us to distinctly observe households’ electricity consumption during the

daytime and nighttime, we will estimate our empirical specifications for daytime consumption,

nighttime consumption, and total consumption separately. Additionally, we also interact the

ᵃ�ᵃ�_ᵅ� and ᵃ�ᵃ�_ᵅ� with the main household’s energy characteristics (ᵆ�) like the type of heating,

and the pre-treatment energy consumption to estimate the possible heterogeneous effects of the

treatment.37

Finally, we do not include weather variables in our specification because doing so would induce

perfect multicollinearity with the month-by-year fixed effects, which already capture both

seasonal variation and consumption patterns over time in our data.

3.2.Results

We first run a basic specification model by regressing the electricity consumption (E) on the

interactions ᵃ�ᵃ�_ᵅ� and ᵃ�ᵃ�_ᵅ� and the fixed effects, without including any of the heterogeneous

effect regressors. The regression results for the basic specification are presented in Table 3.

Table 3: Basic specification results

(1)
TotalC

DI_1 -56.118***

(8.188)

DI_2 -25.828***

(7.022)

(2)
DayC

-50.940***

(6.282)

-21.681***

(5.379)

(3)
NightC
-5.177*

(2.679)

-4.147*

(2.218)

36 For brevity, we report only Jackknife standard errors in all specifications, as they proved to be the most
conservative. Results using bootstrapped standard errors are available upon request from the authors.
37 We found no significant association between households’ heating type and their pre-treatment electricity
consumption.
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DI_3 -52.235***

(9.873)

DC_1 -44.758***

(9.863)

DC_2 -27.023***

(6.534)

DC_3 -52.799***

(10.122)

_cons 239.929***

(6.341)

-48.110***

(7.338)

-41.682***

(7.392)

-22.458***

(5.284)

-48.388***

(7.817)

177.798***

(4.833)

-4.125
(3.302)

-3.076
(3.256)

-4.566**

(2.016)

-4.410
(3.232)

62.131***

(2.065)

N 5534 5534 5534
Jackknife standard errors in parentheses
* p < 0.1, ** p < 0.05, *** p < 0.01

From Table 3 we can see that the provision of energy reports resulted, on average, in more than

50 kWh (or about 0.43 standard deviations (s)) reduction in monthly electricity consumption

in both of the treatment groups (CI, and CCI) during the treatment periods of April 2022 to

August 2022 (ᵅ� = 1) , and May 2023 to August 2023 (ᵅ� = 3). The estimates also show that,

in accord with Jessoe et al., (2021), almost the entirety of the reduction is coming from daytime

consumption, when the marginal cost of electricity consumption is higher. We can also see that

during the “pause” of the treatment period from September 2022 to April 2023 (ᵅ� = 2) the

electricity consumption of both of the treatment groups was also, on average, lower by about

26 kWh (0.22s) compared to the consumption of households in the control group. Thus, we

can see that even when the treatment is paused for an eight-month period, the effect of social

comparison messages does not fade away entirely. In fact, we can still observe about half of

the effect during the “pause” period.

To better understand the dynamics, and evolution of the treatment effects we replace the

interactions terms ᵃ�ᵃ�_ᵅ� and ᵃ�ᵃ�_ᵅ� in our basic specification with the month-by-treatment
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interaction terms ( ᵃ�ᵃ�_ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�2022= CI ´ dummy_ ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�2022, … ᵃ�ᵃ�_ᵄ�ᵆ�ᵅ�ᵆ�ᵆ�ᵆ�2023= CI ´

dummy_ ᵄ�ᵆ�ᵅ�ᵆ�ᵆ�ᵆ�2023 ; ᵃ�ᵃ�_ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�2022= CCI ´ dummy_ ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�2022,… ᵃ�ᵃ�_ᵄ�ᵆ�ᵅ�ᵆ�ᵆ�ᵆ�2023=

CCI ´ dummy_ᵄ�ᵆ�ᵅ�ᵆ�ᵆ�ᵆ�2023). This allows us to look at the effect of social comparison on a

monthly basis. Figure 5 below plots the monthly treatment effects for DI and DC treatments.

Figure 5: The vertical axis shows monthly treatment effects in kWh. The treatment effects for
the DI and DC groups are plotted with their standard errors, which are estimated using the
Jackknife procedure. Pre-treatment coefficients (January to March 2022) are included to assess
any differences between the groups prior to the treatment, with effects interpreted relative to
January 2022. Post-treatment effects (April 2022 to August 2023) are evaluated relative to the
average of all pre-treatment months (January to March 2022). Vertical dashed lines mark
transitions between the defined experimental phases: Pre-Treatment (January to March 2022),
First Treatment (April to August 2022), Pause (September 2022 to April 2023), and Final
Treatment (May to August 2023).

From the estimates, we can see that both treatment groups exhibit substantial seasonality in

their electricity consumption behavior during the post-treatment period, even after accounting

for month-by-year fixed effects. However, the coefficients in the pre-treatment period (January

to March 2022) do not exhibit significant variation. The pre-treatment coefficients were

estimated for February and March 2022 relative to January 2022. The pre-treatment
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coefficients for both DI and DC groups are small in magnitude and statistically

indistinguishable from zero. This indicates that there were no significant differences in

electricity consumption trends between the treatment and control groups before the treatment

began.

Post-treatment effects (April 2022 to August 2023) were evaluated relative to the average

electricity consumption during the whole pre-treatment period (January 2022 to March 2022).

We can see that for both types of treatments there is a statistically significant decrease in

electricity consumption for all months during the first active treatment period from April 2022

to August 2022 (ᵅ� = 1), as well as the second active treatment during May 2023 to August

2023 (ᵅ� = 3) suggesting that households reduce their electricity usage when actively exposed

to social comparison information. The most notable average declines in consumption occurred

during the first three months of both treatment periods–from April 2022 to June 2022 (67.05

kWh (0.58s) per month in CI group, and 60.79 kWh (0.52s) per month in CCI group) and

from May 2023 to July 2023 (60.44 kWh (0.52s) per month in CI group, and 64.89 kWh

(0.56s) per month in CCI group).

Interestingly, during the “pause” period (ᵅ� = 2) from September 2022 to April 2023, when

the treatment was halted, a decay in the effects of the treatment is observed as indicated by the

reduced coefficient estimates, suggesting that households started to gradually revert to their

baseline levels of consumption. This observation is in line with Allcott and Rogers (2014) who

conclude that energy social comparison reports tend to exhibit a “decay” – the effectiveness of

the reports tends to diminish over time.

However, we also observe strong seasonal patterns during the cold winter months of December

2022 and January 2023, as well as the hot summer months of August 2022 and August 2023,
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when the coefficient estimates approach zero or even become positive. This disappearance of

the treatment effect can be explained by several factors.

Firstly, while seasonal factors are controlled for by including month-by-year fixed effects,

these controls account only for baseline differences in energy demand across months for all

households, regardless of group. During particularly cold winter months and hot summer

months, the baseline energy consumption increases substantially, driven by heating or cooling

needs. This surge in demand makes electricity more “scarce”, leaving households with less

flexibility to save electricity in response to nudges.

During these extreme temperature periods, households may prioritize comfort and well-being

over energy-saving behaviors. For example, heating during cold winter months and cooling

during hot summer months are often non-negotiable, reducing the effectiveness of nudges

aimed at encouraging conservation. These dynamics highlight how external factors, such as

extreme weather, can interact with and dampen the behavioral impact of nudges.

Moreover, besides higher energy demand for heating, the holiday season during December and

January often leads to increased energy consumption due to gatherings, hosting guests, and

additional cooking. These factors jointly leave households with limited room for any “extra”

savings. During this period, households, including those in the control group, are typically

already highly attentive to their energy bills and conservation efforts, reducing the additional

value that social comparison reports might provide. In such scenarios, the widespread

prioritization of energy-saving behavior across all households likely diminishes the differential

impact of the intervention. This result is in line with the findings of Aydin et al., (2018) who
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also document that the reductions in electricity usage due to the information intervention are

more pronounced during off-peak hours when energy demand is less constrained.

Figure 6 plots the number of degree days (DD) (with a baseline 65°F) in each month during

the post-treatment period. We can clearly see that the observed seasonal pattern in the

effectiveness of the treatment exhibits an inverse relationship with the number of degree days

observed in each month. Specifically, during months with higher degree days, such as the cold

winter months (December 2022 and January 2023) and hot summer months (August 2022 and

August 2023), the treatment effectiveness diminishes, with coefficients approaching zero.

Conversely, during months with lower degree days, the treatment exhibits greater

effectiveness, highlighting the impact of seasonal energy demand on the behavioral response

to nudges.

Figure 6: The vertical axis shows the number of degree days (DD) (with base 65° F) in each
month during the post-treatment period.
The figure highlights the seasonal variation in weather, with peaks observed during the hottest
summer months (August 2022 and August 2023) and the coldest winter months (December
2022 and January 2023). These months are marked with bold red circles to indicate periods
with the highest degree days.

116



We can also see, however, that when applying our full empirical specification (Table 4), we

find that disaggregating the results by households’ main energy characteristics reveals that

certain households exhibit greater persistence in energy-saving behavior even in the presence

of seasonal patterns, showing a smaller tendency to revert to their original consumption levels.

Moreover, these households appear to drive the overall efficacy of the treatment, as the

coefficients on the main treatment effects become generally small in magnitude and statistically

insignificant. The results of our full regression specification are presented in Table 4.

Table 4: Main regression estimates

DI_1

DI_2

DI_3

DC_1

DC_2

DC_3

HeatElect ´DI_1

LowCons´DI_1

HighCons´DI_1

HeatElect ´DI_2

(1)
tot

9.271
(13.138)

13.931
(11.058)

-2.321
(16.171)

32.467**

(15.717)

13.207
(11.045)

7.511
(15.145)

-77.672***

(26.200)

45.502***

(15.744)

-77.527***

(26.118)

-48.685*

(25.168)

(2)
DayC
5.322

(9.480)

11.090
(8.038)

-2.256
(11.647)

21.567*

(11.022)

9.234
(7.868)

3.776
(11.138)

-58.197***

(19.330)

37.619***

(11.474)

-69.534***

(18.972)

-34.702*

(17.689)

(3)
NightC
3.949

(4.526)

2.841
(3.807)

-0.065
(5.492)

10.900*

(5.543)

3.973
(3.895)

3.735
(5.164)

-19.475*

(11.264)

7.884
(5.634)

-7.994
(10.474)

-13.983
(9.899)
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LowCons´DI_2

HighCons´DI_2

HeatElect ´DI_3

LowCons´DI_3

HighCons´DI_3

HeatElect ´DC_1

LowCons´DC_1

HighCons´DC_1

HeatElect ´DC_2

LowCons´DC_2

HighCons´DC_2

HeatElect ´DC_3

LowCons´DC_3

HighCons´DC_3

constant

N

21.205*

(12.838)

-52.196*

(28.184)

-80.559**

(35.132)

46.978**

(19.574)

-53.123
(35.053)

-83.958**

(34.670)

21.029
(14.165)

-63.904**

(25.247)

-48.354**

(21.228)

15.092
(11.618)

-38.293**

(15.991)

-116.509***

(32.615)

30.511*

(15.932)

-51.747*

(26.350)

273.206***

(8.852)
5334

15.198
(9.605)

-48.616**

(21.139)

-59.494**

(25.616)

36.956**

(14.392)

-51.281**

(25.225)

-76.184***

(26.041)

21.496**

(10.852)

-44.324***

(16.693)

-45.947***

(17.456)

13.479
(9.798)

-25.702**

(11.802)

-99.559***

(26.153)

26.083*

(13.295)

-35.025*

(18.056)

204.462***

(6.882)
5334

6.007
(4.189)

-3.581
(9.205)

-21.066
(13.385)

10.023
(6.534)

-1.843
(13.283)

-7.774
(11.858)

-0.467
(5.040)

-19.580*

(10.071)

-2.407
(6.993)

1.612
(3.177)

-12.592**

(6.078)

-16.950
(10.583)

4.428
(4.441)

-16.722
(10.680)

68.744***

(2.790)
5334

Jackknife standard errors in parentheses
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* p < 0.1, ** p < 0.05, *** p < 0.01

From Table 4 we can see that almost all the main effects of both types of treatment are now

generally statistically insignificant. The only exception is the DC treatment during the first

treatment period (ᵅ� = 1). We can observe that the households in this treatment group, on

average, increased their monthly electricity consumption by about 32 kWh (0.27s) from May

2022 to August 2022. This effect can be observed only during the first phase of the treatment

and solely within the DC group. This main treatment effect will provide the baseline for

interpreting the heterogeneous effects for this group during this period. As we will discuss later,

this increase in energy consumption in group CCI during the first treatment period is offset

with the heterogeneous effects of a much larger magnitudes in terms of the type of heating and

consumption quartiles. Taking into account results in all other periods (and groups) under the

consideration, our results are in line with Murakami et al., (2022) who documented that the

average main effect of nudges was not statistically significant from zero in their sample, which

the authors explain by a high degree of heterogeneity of the effect.

Exploring the heterogeneous treatment effects, we can see that some household energy

characteristics are associated with consistent declines in households’ electricity consumption

due to the social comparison reports in all treatment periods, and both types of treatment. For

instance, the most notable declines in consumption are observed among households that use

electricity as a main heating source. These findings align with previous literature, which claims

that in post-Soviet countries households utilizing energy sources such as gas and electricity for

heating are more responsive to policies aimed specifically at these energy sources (Krauss,

2016; Turdaliev and Janda, 2024; Turdaliev, 2025). In the CI group the households using

electricity as their main source of heating reduced their monthly electricity consumption, on

average by about 78 kWh (0.67s) in the first treatment period (ᵅ� = 1), and by about 81 kWh
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(0.70s) in the third period (ᵅ� = 3).38 The average reduction in consumption in CCI group was

about 52 kWh (84 kWh-32.5 kWh) (0.45s) in the first period (ᵅ� = 1), and about 116 kWh

(1.0s) during the third (ᵅ� = 3) period.

In line with the literature (Allcott, 2011; Ayres et al., 2013; Murakami et al., 2022), we also

see that pre-treatment electricity consumption tends to influence the effectiveness of the social

comparison reports greatly. During all three post-treatment periods the households in the

highest quartile reduced their utilization considerably.39 In CI group the observed reduction

was 77.5 kWh (0.67s) in the first period and 51 kWh (0.44s)40 in the third period. In CCI

group the reduction for this type of households was 31.5 kWh (0.27s) in the first period, and

almost 52 kWh (0.45s) in the third period.

It is interesting to note that the pattern of treatment effects across periods reveals a distinction

based on the type of treatment (CCI vs. CI) and household characteristics. In the CCI group,

where households received both relative comparisons of electricity consumption and cost

comparisons, the effect is consistently stronger in the third treatment period than in the first,

regardless of household type. The inclusion of cost comparisons may have provided an

additional layer of motivation, reinforcing the financial consequences of electricity

consumption and amplifying energy-saving behaviors over time. This consistent increase

across household types suggests that cost comparisons may have been effective at sustaining

and enhancing reductions over time. The financial salience of cost comparisons likely provided

38 We assume that the main effects are negligible, given they are small in magnitude and statistically
insignificant. Based on this assumption, we interpret the coefficients of the heterogeneous effects directly,
without reference to the main treatment effects, except when interpreting the coefficients for DC_1 (Group CCI
in the first treatment period), as in this case the main effect was non-negligible in magnitude and statistically
significant.
39 The correlation between a household being in the fourth quartile of electricity consumption and using
electricity as a main source of heating is below 0.2, indicating a weak association between these two
characteristics.
40 In the third period, the reduction was statistically significant only for the daytime consumption.
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a cumulative motivational effect, encouraging households to make persistent changes, such as

optimizing heating usage, reducing discretionary consumption, or investing in energy-efficient

appliances. The stronger effects in the third period also indicate that the combination of relative

and cost comparisons may helped mitigate potential “treatment fatigue”, ensuring that the

intervention retained its impact across both household types.

In the CI group, where cost comparisons were absent, the relative effectiveness of the

intervention across periods varied by household characteristics. For households using

electricity as their main heating source, the effects were nearly identical across the first and

third treatment periods. This consistency can be attributed to the simplicity of their energy

usage profile: electricity consumption for these households is concentrated primarily on

heating, which is a single, high-impact target for energy-saving behaviors. With a clear and

focused area for improvement, these households may face a lower mental burden in identifying

and sustaining changes over time. This allowed them to maintain their reductions even without

the additional reinforcement provided by cost comparisons. In contrast, for high-consuming

households in the CI group, reductions diminished significantly in the third period compared

to the first period. It may be due to the fact that unlike households using electricity for heating,

high-consuming households have more dispersed energy use across various appliances and

activities, making it more complex to identify and sustain reductions. The reductions observed

in the first period likely reflected an initial response to the novelty of the intervention and the

motivation to align with normative feedback. By the third period, the absence of additional

incentives, such as cost comparisons, may have limited their desire to maintain reductions, and

behavioral adaptation or “nudge fatigue” likely diminished the motivational power of the

intervention. Furthermore, the complexity of managing multiple energy sources could have
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made it more difficult for these households to sustain reductions compared to households with

a single, dominant source of electricity consumption.

More importantly, however, both types of households across both treatment types retain the

reduced levels of consumption even when the reports are stopped. During the second period

(ᵅ� = 2), the consumption of the households using electricity as a main source of heating was

reduced by about 49 kWh (0.42s) in the CI group, and by about 48 kWh (0.41s) in the CCI

group. This accounts for about 62% of the average effect observed during the active phases of

treatment (ᵅ� = 1, ᵅ� = 3) in CI group, and about 57% of the average effect observed during

the active phases in the CCI group. Households in the highest quarter of electricity consumption

also continued to consume significantly less during the “pause” phase (ᵅ� = 2). The effect size

is about 19 percent smaller in the CI group, and only about 8 percent smaller in the CCI group

compared to what was observed during the active phases of treatment (ᵅ� = 1, ᵅ� = 3). This is

quite a remarkable observation since, in the basic specification, the average effect size in both

groups decreases by about 50 percent. This may suggest that households with higher energy

consumption are potentially less likely to revert to previous usage levels in the absence of

continuous treatment.

We also observe a boomerang effect, however. Receiving social comparison reports causes

households in the lowest consumption quartile to increase their electricity consumption. The

boomerang effect is particularly evident during the first and third post-treatment periods when

households are actively receiving the social comparison reports. The boomerang effect is

generally much smaller and statistically insignificant in the second post-treatment period when
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the treatment is paused (September 2022 to April 2023).41 Thus, unlike the households in the

highest consumption quartile the households in the lowest quartile do not show a consistent

pattern of changing usage that could be associated with a sustained behavioral change. Instead,

their increased levels of consumption seem to be closely tied to the presence of social

comparison reports, and even this increase (observed during the active phases of the treatment)

is consistently lower than the overall reduction of consumption observed in high-consuming

households. When the reports are absent, their consumption generally drifts back to pre-

treatment levels, suggesting that the negative influence (the boomerang effect) of these reports

is short-lived for this segment of households.

These results can lead to interesting implications for policymakers–introducing intermittent

pauses in the delivery of social comparison reports could optimize their effectiveness. For

higher-consumption households, the effect of social comparison reports is sustained even

during the eight-month pause, while for lower-consumption households, the disappearance of

the boomerang effect during these pauses suggests that a constant stream of feedback may

inadvertently encourage higher consumption. Thus, in order to minimize these unintended

consequences, the policymakers may consider to schedule intermittent reporting. This

staggered reporting strategy could ensure that households in the highest consumption quartile

maintain their reduced usage while those in the lowest quartile are not constantly subjected to

the counterproductive “boomerang” effects of social comparison reports.

4. Conclusion and Discussion

41 We can observe a small statistically significant (21 kWh) boomerang effect in the CI group during the second
phase of the treatment (n=2).
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The findings of this study validate the effectiveness of social comparison feedback in reducing

household electricity consumption in a post-Soviet context where the legacy of centralized

control over resources, relatively low energy prices, and limited public awareness about energy

efficiency may hinder the efficacy of behavioral interventions. This study also demonstrates

the efficacy of intermittent behavioral interventions in energy conservation, with a focus on the

reintroduction of social comparison feedback after a prolonged pause. Importantly, the study

reveals that intermittent interventions can sustain energy-saving behaviors and, in some cases,

amplify their impact over time, offering a cost-effective alternative to continuous interventions.

Notably, the provision of energy reports resulted, on average, in more than 50 kWh (or about

0.43 standard deviations (σ)) reduction in monthly electricity consumption in both treatment

groups during the active phases of treatment. Furthermore, during the eight-month “pause”

period, the effect of social comparison messages did not fade away entirely; about half of the

effect persisted, demonstrating the potential of these interventions to produce lasting behavioral

changes.

Our results also highlight the heterogeneous effects of treatment, emphasizing the importance

of tailoring interventions to household characteristics. Households in the highest quartile of

electricity consumption and those using electricity as their primary heating source exhibited

large reductions during the active phases of the treatment, reducing their monthly electricity

consumption by up to one standard deviation (σ), and also retained from about 60% to 90% of

these reductions during the pause period. This persistence suggests that intermittent treatments

can be particularly effective for high-consumption households. In contrast, households in the

lower quartile of energy consumption, exhibiting a “boomerang” effect may require alternative

approaches to prevent counterproductive outcomes. This fine-tuning of the feedback
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mechanisms with regard to specific needs and behaviors for different household segments will

serve to improve the overall efficiency and impact of energy conservation programs.

For households in the highest quartile of electricity consumption and those using electricty as

a main source of heating the inclusion of cost comparison information alongside consumption

feedback (CCI group) proved particularly useful. Unlike households receiving only

consumption feedback (CI group), those in the CCI group consistently demonstrated stronger

reductions in the post-pause (final) treatment period. This underlines the importance of

financial salience in motivating households to maintain and enhance conservation behaviors.

Cost comparisons likely provided an additional motivational layer, helping to mitigate potential

treatment fatigue and sustaining behavioral change even after a pause.

While our study does not directly test which frequency of interventions is most effective and

efficient, it demonstrates that energy savings can persist even during pause periods. For

instance, through reductions in the feedback frequency, while still garnering significant portion

of conservation outcomes, utility providers and policymakers can optimize resource allocation

by lowering respective financial and administrative burden associated with continuous

intervention programs. This is particularly important in managing transaction costs, which

often undermine the economic effectiveness of energy conservation programs (Gillingham and

Palmer, 2014).

This is especially critical in developing or post-Soviet economies, where resources for large-

scale interventions may be constrained, and the socioeconomic and cultural context requires

adaptive policy designs.

From a theoretical perspective, our findings contribute to the understanding of behavioral

adaptation, habit formation, and the psychological mechanisms underlying energy
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conservation. The observed dynamics between treatment phases and pauses align with theories

of "hot" and "cold" decision-making phases, suggesting that intermittent interventions

strategically designed as periodic prompts can sustain long-term behavioral change. This

contributes to the large body of literature on behavioral economics and field experiments by

demonstrating that long-term behavioral change can come from carefully constructed

intermittent intervention programs. Such evidence for intermittent intervention strategies

provides evidence to enhance the cost-effectiveness and impact of field experiments in general.

This paper can potentially help policymakers to understand the advantages of periodic feedback

to guide more efficient and adaptive policies.

The contributions of this paper are not without limitations. The specific cultural and

socioeconomic context of Yerevan may affect the generalizability of our findings to other

regions of Armenia, and other post-Soviet republics. Future research should aim to replicate

the results of this study across various geographical and cultural settings. In addition, a deeper

understanding of the underlying psychological mechanisms through which behavioral change

persists can provide a greater insight into the optimal design of the behavioral interventions.

For example, future studies could examine whether different reporting intervals (e.g., monthly,

quarterly, or annual) influence the persistence of behavioral changes or transaction costs across

diverse contexts. Better knowledge of the processes (both cognitive and emotional) underlying

consumer responsiveness towards social comparison reports can support the development of

interventions that are more effective and more engaging. Finally, estimating the extent to which

intermittent treatment reduces the administrative costs associated with information provision

experiments could be an avenue for future research, dependent on the availability of

corresponding cost data.
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In summary, this study confirms the utility of social comparison feedback in fostering energy

conservation but also warns against relying solely on uninterrupted interventions. Instead, we

advocate for a dynamic, and adaptive approache to behavioral energy policies that consider

consumer diversity and timing of habit formation, and behavioral change. As the world faces

the challenges of climate change and sustainable living, these insights are increasingly vital for

promoting lasting and efficient conservation practices.
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Conclusion

This thesis contributes to an understanding of price and non-price mechanisms in forming

household energy consumption, drawing on the context of transition economies. It also

provides important insights into both price elasticity and behavioral intervention that are not

only of academic relevance but of policy significance.

Chapter 1 estimates price elasticity of electricity demand in Russia. This chapter exploits the

natural experiment in a number of regions of Russia that introduced an IBP scheme for the

residential electricity in 2013. I estimate the long-run price elasticity to be around –0.1. This

reveals the relative inelasticity of electricity demand among Russian households. The policy

implications of this low price elasticity are following: while price mechanisms like the IBP

may elicit modest reductions in electricity consumption and CO2, their aggregate impact may

be limited by low consumer price responsiveness. This is a key insight to be considered by

policymakers thinking about implementing carbon pricing mechanisms, whether through

carbon taxes or through tradable allowances. This low elasticity indicates that strong emission

reductions achieved by means of price signals alone may require much higher price levels,

which could have negative socio-economic impacts. Thus, although they are important

components in any climate strategy, price-based instruments alone cannot bring significant

GHG reductions, at least in a context of developing and transition economies.

Chapter 2 analyzes this IBP scheme implementation from another angle. In particular, this

chapter investigates how the experimental introduction of IBP schemes affected the households

in these experimental regions in terms of the propensity to invest in energy-efficient appliances

and switch to cheaper, dirtier fuels. The estimations indicate a large increase in the purchasing

of major electrical appliances, indicating that financial incentives can provide a strong impetus

to drive improvements in energy efficiency. However, the results also reveal that alarming

growth in the consumption of dirty fuels across households in experimental areas, especially
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in socially vulnerable groups. The dual outcome thus brings out the complex and at times

counterproductive consequences of financial policies aimed at enhancing energy efficiency. It

underlines the need for policymakers, at the time of design and execution of such policies, to

consider household heterogeneity and socio-economic factors.

The increased propensity to purchase dirty fuels by households suggests a potential failure of

how energy pricing policies have been designed. While the IBP scheme is an important means

of ensuring investment in new appliances that are more efficient on average, and a modest

reduction in electricity consumption among the IBP regions, it also inadvertently prompts a use

of more carbon-intensive and hazardous sources of energy as households try to save costs. This

finding speaks directly to developing and emerging economies where socio-economic

disparities are very wide. Policymakers have to work out, therefore, a balanced approach that

is efficient in terms of energy use but does not contribute to energy poverty or more dirtier

fuels. This may include targeted subsidies or supports for vulnerable households in order to

cushion their negative impact on energy choices.

Chapter 3 moves the focus from price determinants and looks into the issue of non-price

determinants through an exploration of the role of behavioral intervention in promoting energy

conservation. This field experiment assesses the long-term effects of delivering social

comparison reports to households, an intervention underpinned by theories of behavioral

economics and normative social influence. Specifically, the results show that periodic

reinforcement of the social comparison information can maintain energy-saving behavior in

the long term. This shows that constant interventions, which are often more costly, are not

needed to drive behavioral change.

These findings demonstrate that, in some cases, intermittent behavioral interventions can be

more efficient and as effective as continuous interventions. This is an important insight into

energy conservation policy design. Strategic timing in the reinstatement of social comparison
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reports can help policymakers reap significant energy savings while reducing their exposure to

monetary cost from these ongoing intervention programs. The approach also circumvents the

behavioral adaptation problem, whereby continuous exposure to a stimulus reduces its

effectiveness. As reported, reinstating an intervention after a break can reignite its initial

impact—a more effective approach to sustaining energy-saving behavior.

This thesis thus delivers not only an academic input but also concrete practical guidance for

policymakers working towards an integration of environmental objectives with social equity.

A number of interesting findings came to the forefront: policies aimed at economic incentives

have to take into account behavioral insights in order to design a successful, fair energy policy.

Such insights turn very important within the context of developing and emerging economies

since energy reforms are crucial for sustainable development.

The present thesis provides an in-depth examination of the price and nonprice determinants of

energy consumption. It, therefore, makes a case for a all-around approach toward energy

conservation and climate change mitigation. Results provide a good case for using both

financial mechanisms and behavioral interventions to attain sustainability. While price-based

policies are essential in conveying the social cost of CO2 and are instrumental in reducing

energy consumption, they require careful design to avoid such unintended consequences as

increased use of dirtier fuels among vulnerable households.

The research also highlights how behavioral interventions might complement financial policies

and enhance their effectiveness. Social comparison information, among other nudges, might

spark large, persistent reductions in energy consumption behaviors. These are very powerful,

especially when timed and reinforced, in a cost-effective way of promoting energy

conservation.

In summary, this thesis contributes to developing academic knowledge about determinants of

energy consumption and creates a basis for useful policy insights. Since overcoming the
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challenges of energy conservation and mitigating climate change calls for an integrated

approach that combines economic and behavioral perspectives, the findings underline the

importance of accounting for heterogeneity at the household level, socio-economic factors, and

dynamics of behavioral adaptation when designing and implementing energy policies.

The findings have far-reaching implications, more so for developing and emerging economies

in real need of reforms in energy. By integrating both financial and behavioral interventions

policymakers will be able to develop more efficient and more equitable strategies to achieve

GHG reduction and increased sustainability of energy use. In these regards, the findings of this

thesis contribute to the larger debate on climate policy, underline the important role of both

economic and non-economic incentives in dealing with one of the biggest problems humanity

is currently facing, and thus call for broad and inclusive discussions.
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Comments/replies to the referees

Summary of major adjustments

My current replies are highlighted in red. As Chapter 3 is the only chapter of the thesis that has
not yet been published in a journal, it has undergone extensive revisions and significant
improvements.
First, the title has been revised to:

“How Effective Are Intermittent Energy Reports? Evidence from a Long-Term Behavioral
Intervention in Energy Conservation”

Weather and seasonality issues have been addressed. Additional details, such as a real-life
example of a monthly energy bill and a comparison of our sample characteristics with the
general population of Yerevan, have been included. Furthermore, a discussion of site selection
and (more in-depth) transaction costs have been added. The interpretation of the results has
been corrected, and several figures and tables have been improved for clarity and presentation.
I sincerely thank the referees and committee members for their valuable time and insightful
comments. Below, I present point-by-point replies to the Referees’ comments.
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Title of the Thesis:

Type of Defense:
Opponent:

Salim Turdaliev
Prof. Ing. Karel Janda M.A. Dr. Ph.D. (IES)
Essays in Energy Economics: Evidence from Micro and Experimental
data
PRE-DEFENSE
Alessandro Rubino PhD (Bari University)

Address the following questions in your report, please:

a) Can you recognize an original contribution of the author?
b) Is the thesis based on relevant references?
c) Is the thesis defendable at your home institution or another respected institution where

you gave lectures?
d) Do the results of the thesis allow their publication in a respected economic journal?
e) Are there any additional major comments on what should be improved?
f) What is your overall assessment of the thesis? (a) I recommend the thesis for defense

without substantial changes, (b) the thesis can be defended after revision indicated in my
comments, (c) not-defendable in this form.

(Note: The report should be at least 2 pages long.)

This report assesses Salim Turdaliev’s dissertation (Charles University Faculty Of Social
Sciences Institute Of Economic Studies), that investigates energy consumption behavior using
micro and experimental data. The dissertation focuses on residential energy demand
elasticity, the impact of tiered pricing on household purchasing decisions, and behavioral
interventions aimed at promoting sustainable energy consumption. This report addresses six
aspects of the dissertation, as requested in the template. I have summarized the main
comments in the following section and in the comments below.

(a) Original Contribution
Salim Turdaliev’s dissertation offers a distinct contribution to energy economics, particularly
in applying experimental and micro-level data to assess the elasticity of electricity demand in
Russia, a high-emission economy. The thesis provides valuable insights into the effects of
increasing block pricing (IBP) on household energy use and carbon emissions, which is
highly relevant for countries where energy policy is crucial in balancing economic growth
and environmental sustainability. The dissertation introduces new empirical evidence from
natural experiments within the Russian context, such as region-specific block pricing
schemes, and presents novel findings on behavioral intervention strategies to encourage
sustainable energy
consumption. Notably, the research demonstrates that intermittent behavioral treatments can
serve as cost-effective, long-term conservation measures. This emphasis on behavioral
interventions offers an original contribution to the existing literature on energy economics.

(b) Relevance of References

The dissertation references a wide range of relevant studies, including seminal works on price
elasticity in energy demand and recent research exploring the effects of block pricing in
various economic contexts. Studies by Reiss and White (2005), Alberini et al. (2011, 2019),
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and Borenstein (2009) are effectively utilized to provide context and contrast for the findings,
situating the research within a well-established academic framework. The use of literature
aligns with current discourse in energy economics and demonstrates a strong understanding
of empirical and theoretical foundations. This comprehensive use of references provides an
adequate scholarly context, enhancing the dissertation’s credibility.

(c) Defensibility

The dissertation would likely be defendable at most reputable institutions specializing in
energy economics or environmental policy analysis, including Bari university Aldo Moro, my
home institution. The author’s methodological rigor reflects advanced quantitative skills and
adherence to scientific standards. The dissertation’s empirical approach and use of natural
experiments meet the expectations of rigorous academic research and therefore I confirm that
it is suitable for academic defense.

(d) Publication Potential

The dissertation’s findings are potentially publishing in the in respected journals within
energy economics, such as Energy Economics, Resource and Energy Economics, or
Environmental and Resource Economics.

Chapters one is already published in Climate Change Economics.
Chapter two that examines the elasticity in electricity demand and the consequences of tiered
ricing on household fuel choices, respectively is published in Eastern European Economics.
Chapter three’s novel approach to behavioral interventions presents a valuable addition to the
field of environmental economics and energy policy, as it suggests cost-efficient alternatives
to traditional incentive-based policies. Publication would likely require minor adjustments for
length and clarification, particularly in explaining the methods used in empirical analysis to a
broader academic audience. In any case there are several outlets that would be suitable for
publication such as Energy Policy or Energy Conversion and Management.

(e) Major Comments for Improvement

While the dissertation is robust, there are areas for potential improvement.

Chapter 1 examines the price elasticity of residential electricity demand in Russia, leveraging
a natural experiment involving the introduction of increasing-block pricing (IBP) schemes in
selected Russian regions. This chapter explores how Russian households respond to tiered
electricity pricing—a structure where households incur higher per-unit costs for electricity
consumption above a predefined threshold. The research focuses on understanding whether
consumers adjust their electricity usage in response to marginal price changes in a tiered
system and evaluates the potential for carbon emissions reductions as a result of IBP policies.
The author employs a household-level panel dataset from the Russian Longitudinal
Monitoring Survey (RLMS-HSE) and uses instrumental variable estimation to address
potential endogeneity in marginal prices. Key findings suggest that Russian households
exhibit low price elasticity (-0.1) in their electricity consumption, implying only a minor
reduction in demand in response to price increases. Nonetheless, the chapter estimates that a
nationwide adoption of IBP could yield a modest decrease in electricity use and CO₂
emissions while increasing state revenues from residential electricity consumption.
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Assessment
1. Original Contribution:

· The chapter makes an original contribution to the field by applying empirical
techniques to the under-researched context of Russian residential energy demand,
particularly under IBP schemes. By focusing on a post-Soviet economy with a high
reliance on fossil fuels, the research addresses an important gap in energy economics
literature, as most elasticity studies concentrate on Western economies. Additionally,
the study’s use of household-level data provides a detailed, nuanced perspective on
consumer behavior under tiered pricing structures.

2. Practical and Policy Relevance:
· The research offers policy insights valuable to Russian and similar economies

considering IBP schemes for residential energy. By estimating the environmental
impact of IBP on CO₂ emissions, the chapter provides a concrete foundation for policy
considerations. The low elasticity finding underscores the limited effectiveness of price
increases in significantly reducing electricity demand, highlighting a need for supplementary
or alternative policy mechanisms to promote substantial energy conservation.

3. Limitations:
· A primary limitation is that data on electricity usage is available only for September,

which may not fully capture seasonal variations in household energy consumption.
This limitation restricts the generalizability of the findings to other months and
possibly different consumer behaviors in colder or warmer seasons. Additionally, the
study could benefit from a more in-depth exploration of household socio-economic
factors that influence responses to price changes.
Response: The primary data limitation is indeed that the consumption is observed
only once during a year (over 10 years). However, we have a natural experiment and
observe an exogenous variation in the prices, along with rich household level data
and large sample size. We also employ coarsened exact matching technique between
the households in the experimental and control regions. To make sure that the
consumption for the September months is not an abnormal we also compare it with
aggregate of consumption in other months. All that to ensure that the estimated price
elasticity of electricity demand is correctly estimated. The end goal of Chapter 1 was
not to assess how the energy consumption profile of the households changes in
various months due to the introduction of the Natural experiment (IBP) (there is not
enough data for this), but to use this variation from a natural experiment to obtain an
estimate of price elasticity. This limitation is clearly acknowledged in the paper.

In our estimations socio-economic factors did not seem to affect the elasticity
estimates. This is most probably due to the fact that we use a coarsened exact
matching (cem) technique prior to the estimations that takes into account a rich vector
of various household characteristics including household income, type of heating
employed, location, and type of dwelling among others.
Moreover, the structure of IBP itself takes into account such household characteristics
as household size, location, and the type of stove within the dwelling, and the monthly
social norm for electricity consumption is set accordingly–the higher is the energy
needs of the household the higher is the level of the prescribed social norm.

·
4. Suggested Improvements:

· Expanding the dataset to include consumption across multiple months would
enhance the robustness of elasticity estimates. Furthermore, comparing the
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effectiveness of IBP in Russia with similar policies in other countries could
strengthen the chapter's conclusions and offer more actionable insights for
policymakers. A deeper discussion of how these policies might affect lower-income
households, who may disproportionately bear the cost of IBP, would also improve
the policy applicability of the findings.

Response: A deeper discussion on how the IBP policies affect the lower-income
households is accomplished in Chapter 2. We conclude that households with lower
socio-economic status are affected negatively as we document that these types of
households increase their tendency to purchase dirty fuels as a result of introduction of
IBP. Moreover, the Russian experience of IBP is quite unique as it was implemented
only in 6 regions, and not all over the country. In other post-Soviet countries, we do not
observe this kind of exogeneous natural variation, so it is hard to directly compare the
outcomes. Moreover, in Russia the structure of IBP takes into account household and
dwelling characteristics to derive the social norm for electricity consumption. As far as I
know this is a unique example of any country doing so.

Chapter 2 explores how the introduction of increasing-block pricing (IBP) for electricity in
Russia impacts household purchasing behaviour, particularly regarding major electrical
appliances and dirty fuels (e.g., coal, wood). Using a natural experiment from 2013 when
Russia introduced IBP in selected regions, the chapter investigates how tiered pricing affects
the likelihood of purchasing new electrical appliances, which may increase electricity
demand, and dirty fuels, which could lead to higher carbon emissions.
The chapter employs a difference-in-differences approach to compare IBP-affected regions
with control regions. The findings show a significant, dual impact: IBP leads to a 20%
increase in the likelihood of purchasing major electrical appliances in treated regions but also
results in a 60% increase in the purchase of dirty fuels. The increased acquisition of dirty
fuels is especially pronounced among vulnerable households facing economic pressure,
suggesting unintended consequences where IBP, aimed at promoting energy efficiency, may
inadvertently lead to higher reliance on carbon-intensive fuels.
Assessment

1. Original Contribution:
· This chapter’s contribution is particularly noteworthy for uncovering the unintended

side effects of IBP policies, highlighting how such interventions can counteract
environmental goals by pushing some households to adopt more carbon-intensive
fuels. The focus on consumer behaviour in response to pricing schemes is unique in
that it extends beyond direct energy consumption to consider the indirect impacts on
appliance and fuel purchases. This broadens the scope of energy policy analysis by
integrating insights from both energy economics and social welfare.

2. Methodological Strength:
· The study’s use of a difference-in-differences approach is appropriate for the quasi-

experimental design, as it allows for a credible comparison of IBP regions and
control regions. The detailed use of household panel data further strengthens the
findings, allowing for control over potential confounding factors. The robustness of
the results is supported by matching procedures that control for pre-existing
differences between the treated and control groups, ensuring that the observed
effects can be reasonably attributed to IBP.

3. Practical and Policy Relevance:
· The findings of this chapter are highly relevant for policymakers, especially those in

developing and transitional economies. The chapter demonstrates that while IBP
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policies can incentivize the purchase of energy-efficient appliances, they may also
inadvertently encourage dirtier fuel choices among economically constrained
households. This dual impact suggests the need for comprehensive energy policies
that provide support to vulnerable populations, ensuring that IBP does not
disproportionately burden low-income households or undermine environmental
objectives.

4. Limitations:
· One limitation is that the study primarily assesses short-term impacts. The long-term

implications of increased dirty fuel use, including possible dependency on carbon-
intensive fuels, are not addressed and may affect the overall environmental impact of
IBP policies.
Response: There is no enough data to assess the overall CO2 impact of the
implemented IBP policy. We do not observe what kind of appliances in particular
(whether it is a refrigerator, or microwave etc) was purchased. Only whether it was a
major or non-major appliance. We also only observe the purchase of dirty fuels in
aggregate (as a binary variable). We do not observe how much of these dirty fuels
were purchased. This limitation is acknowledged in the paper.

Additionally, the chapter could have benefitted from a more granular analysis of
which specific household types or demographics are most likely to turn to dirty
fuels, providing further insights into which subgroups might require additional
policy support.

Response: This analysis is provided in chapter 2. We conclude that energy intensive
households, and those with lower socio-economic status are more sensitive towards
IBP policies and tend to purchase dirty fuels more as a result of IBP introduction.

5. Suggested Improvements:
· To enhance the depth of the findings, future research could explore long-term trends

in fuel consumption under IBP policies. A more detailed breakdown of household
demographics, including income levels and geographic location (e.g., urban versus
rural), would clarify which groups are most impacted by IBP and may turn to
carbon- intensive fuels. Furthermore, a comparative analysis with other countries
employing IBP could provide additional context, helping to gauge whether similar
unintended outcomes arise in different settings.
Response: A more detailed analysis is provided in chapter 2. We conclude that
energy intensive households, and those with lower socio-economic status are more
sensitive towards IBP policies and tend to purchase dirty fuels more as a result. We
do not find statistically significant differences of purchasing dirty fuels between the
rural and urban households.
The Russian experience of IBP is quite unique as it was implemented only in 6
regions, and not all over the country. In other post-Soviet countries, we do not
observe this kind of exogeneous natural variation, so it is hard to directly compare
the outcomes. Moreover, in Russia the structure of IBP takes into account household
and dwelling characteristics to derive the social norm for electricity consumption. As
far as I know this is a unique example of any country doing so.

·

Chapter 3 investigates the long-term effects of behavioral interventions aimed at reducing
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residential energy consumption, focusing on social comparison feedback in Armenia. This
chapter diverges from price-based interventions, examining how non-price behavioural
"nudges" can sustain energy conservation over time. Using a field experiment with
households who received intermittent social comparison reports on energy usage relative to
their peers, the study explores both immediate and long-term impacts. It also assesses the
effects of reintroducing feedback after an extended pause to see if intermittent feedback could
effectively "reset" conservation behaviour without ongoing reinforcement.
Findings show that social comparison feedback significantly reduces energy use in the short
term, and while these effects decay over time, they can be reinstated when feedback resumes.
This suggests that periodic interventions may serve as a cost-effective alternative to
continuous monitoring, offering an efficient way to maintain conservation behaviours without
the diminishing returns of constant reinforcement.

Assessment
1. Original Contribution:

· This chapter’s originality lies in its exploration of intermittent behavioral
interventions as a potential cost-saving strategy for long-term energy conservation.
By addressing gaps in the literature on sustainable behavioral "nudges," it introduces
a novel concept: that periodic rather than continuous interventions could effectively
reset consumer conservation habits. The focus on a non-price mechanism also
broadens the dissertation’s scope, showing that energy conservation can be achieved
not only through financial incentives but also through psychological motivators.

2. Methodological Strength:
· The field experiment design strengthens the validity of the findings, as it captures

real- world behaviors in a controlled environment and includes longitudinal data to
assess changes over time. By analyzing responses after intervention, the study
design addresses a significant gap in behavioral research and provides a perspective
on the lasting effects of social comparison nudges. The study’s use of social
comparison theory as a foundation also reinforces the theoretical soundness of the
research.

3. Practical and Policy Relevance:
· The insights from this chapter are particularly relevant for policymakers looking to

implement low-cost, sustainable energy-saving programs. The findings suggest that
periodic reinforcement of social comparison feedback could be an effective policy
tool in reducing energy consumption without the need for continuous investment in
monitoring and feedback mechanisms. This approach could be beneficial for
municipalities or energy providers in both developed and developing countries
where budget constraints limit ongoing conservation programs.

4. Limitations:
· A limitation of this chapter is that it primarily measures the effect of social

comparison feedback within a specific cultural context in Armenia, which may
influence household receptiveness to peer comparison. This contextual specificity
may limit the generalizability of the findings to other regions. Additionally, while
the study shows positive effects from intermittent feedback, it does not explore the
optimal frequency or duration for such interventions, which could further enhance
the efficacy of future conservation programs.
Response: One of the main reasons to conduct experimental study on nudges in
Armenia was to test the generalizability of other energy conservation nudging
studies that took place in Western countries. We wanted to test whether the results of
these studies also apply to transition economy like Armenia.
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To study the optimal frequency of interventions we would require more
experimental groups, and thus larger sample sizes for which we did not have enough
funding.

5. Suggested Improvements:
· To improve the chapter, future research could examine how variations in the

frequency of feedback (e.g., biannual vs. quarterly) impact long-term conservation to
establish an optimal intervention schedule. Expanding the research across multiple
regions with diverse cultural backgrounds would also help to validate and generalize
the findings. Finally, an analysis of the cost-benefit ratio for intermittent vs.
continuous feedback would offer practical guidance for policymakers evaluating the
viability of these interventions.
Response: We added the following paragraph in Chapter 3 to acknowledge
generalizability, and frequency issues:

“The contributions of this paper are not without limitations. The specific cultural and
socioeconomic context of Yerevan may affect the generalizability of our findings to other
regions of Armenia, and other post-Soviet republics. Future research should aim to replicate
the results of this study across various geographical and cultural settings. In addition, a
deeper understanding of the underlying psychological mechanisms through which behavioral
change persists can provide a greater insight into the optimal design of the behavioral
interventions. For example, future studies could examine whether different reporting
intervals (e.g., monthly, quarterly, or annual) influence the persistence of behavioral changes
or transaction costs across diverse contexts. Better knowledge of the processes (both
cognitive and emotional) underlying consumer responsiveness towards social comparison
reports can support the development of interventions that are more effective and more
engaging. Finally, estimating the extent to which intermittent treatment reduces the
administrative costs associated with information provision experiments could be an avenue
for future research, dependent on the availability of corresponding cost data.”

(f) Overall Assessment

The overall assessment of the dissertation is positive, and I recommend it for defense with
minor revisions. The author demonstrates a command of empirical methods, contributes
original findings to the literature, and addresses important policy-relevant issues in energy
economics. Recommended revisions would enhance the thesis’s accessibility and
applicability but do not detract from the work's academic integrity or contributions.
Therefore, the final recommendation is:

Recommendation: (b) The thesis can be defended after minor revisions as indicated in my
commen
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Author:
Advisor:
Title of the Thesis:

Type of Defense:
Opponent:

Salim Turdaliev
Prof. Ing. Karel Janda M.A. Dr. Ph.D. (IES)
Essays in Energy Economics: Evidence from Micro and Experimental
data
PRE-DEFENSE
Prof. José M. Labeaga (Universidad Nacional de Educatión a
Distancia)

Address the following questions in your report, please:

a) Can you recognize an original contribution of the author?
YES, there are several original (and relevant) contributions

b) Is the thesis based on relevant references?
YES

c) Is the thesis defendable at your home institution or another respected institution where
you gave lectures?

YES, it satisfies international standards

d) Do the results of the thesis allow their publication in a respected economic journal?
YES, the candidate has already published several papers in respected and well-
known economic journals

e) Are there any additional major comments on what should be improved?
NO, only minor comments to help improving next pieces of research

f) What is your overall assessment of the thesis? (a) I recommend the thesis for defense
without substantial changes, (b) the thesis can be defended after revision indicated in my
comments, (c) not-defendable in this form.

I recommend the thesis for defense without substantial changes

(Note: The report should be at least 2 pages long.)

The PhD Thesis is now composed of three chapters attending the committee's comments.
Chapter I remains as it was. Previous chapters 2, 3, and 4 have been transformed into one
chapter (Chapter 2). Chapter 3 has been added to report the research of a randomized
controlled trial (RCT) conducted in Armenia. The Introduction section has been updated to
incorporate the new chapter, and a Conclusion section has been added to summarize the
overall thesis.
Now, I include comments to the responses of the candidate for the case that they are useful in
the thesis defence. The responses of the candidate are in blue and my agreement or
disagreement in magenta.

1. The It would be very useful to see more in deep comparison of control and treated samples
once the matching has been done.

Reply: A more in deep comparison between the control and treatment samples after the
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matching procedure is now presented in Table 3 (page 70) of Chapter 2.

Comment: Done.

2. It would be very helpful to have some explanations about differences between OLS (FE) and
IV (FE-2SLS) estimates beyond endogeneity of prices in Table 6. Once fixed effects are
controlled for in estimation, is the whole effect due to the endogeneity of prices? I see that
the instrument set is not correlated with the errors in the model (attending to overidentification
tests) and the instruments passes the under-identification test (F-test), but the instruments
should be relevant (i.e., not weak, see Staiger and Stock, 1997 or Stock and Yogo, 2005).
Montiel Olea and Pflueger (2013) and Andrews, Stock and Sun (2019) proposed test for weak
instruments.

Reply: Both the Cragg-Donald and Kleibergen-Paap statistics reported by Stata significantly
exceed the Stock-Yogo critical values, indicating that instruments are not weak. This indicates
that instruments are strong and that the 2SLS estimates are reliable with minimal bias and size
distortions. Both statistics are added to the 1st Stage results reported in Appendix of Chapter
1.

Comment: I am happy with the responses, but sometimes it is not enough with the Stock-Yogo
critical values as the other papers quoted emphasize.

3. Why the estimated elasticity is long-run elasticity? I cannot see either the joint estimates of
electricity services together with appliances or the estimates in a dynamic context. So, I
assume that households are taken within-period decisions (annual data) of distribution of
expenditure, i.e., like in a static demand context.

Reply: I use the conventional definition of the long-run price elasticity of electricity demand
as the period within which a household’s stock of appliances and demographic profile is not
fixed. Because the price elasticity is estimated over the period of 2010-2016 I cannot assume
that the household’s stock of appliances and demographic profile is fixed. Therefore, I state
that the estimated price elasticity is long-run price elasticity.

Comment: I partially agree with the response. I disagree because of two reasons. First, you
attribute the price effect to have an impact both at the extensive and intensive margin. It could
be that the adjustment of durables can be determined by the interest rate (or the individual time
preference) with differentiated effects from the price. Second, in this context, the long-run price
elasticity of electricity demand is no more than the biased short-run price elasticity, but since
other determinants are omitted, we cannot properly identify them. Independently of the
convention, it is your model that determines it, conditional on the data used.

Response: Thank you for your thoughtful feedback. I appreciate your detailed considerations
regarding the nature of the estimated price elasticity. I acknowledge that adjustments at the
extensive margin, such as changes in the stock of appliances or adoption of new technologies,
can be influenced by factors like interest rates or individual time preferences, which are not
explicitly controlled for in my model. However, in my case, I can observe that adjustments to
durable goods did occur, as discussed in Chapter 2 of my thesis. During the period under
consideration, households in regions with the implementation of Inclining Block Pricing (IBP)
were observed to make adjustments in their stock of durables. While I cannot determine the
specific types of appliances purchased, the observed changes indicate that these extensive
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margin adjustments were significant.
In addition, households in IBP regions also exhibited an increased propensity to purchase dirty
fuels, which again affects the extensive margin of energy consumption. This shift, observed
over a four-year period post-IBP implementation, further underlines the long-run nature of
behavioral adjustments. These changes reflect both extensive (durables adjustment and fuel
substitution) and intensive margin responses that are unlikely to occur in a short-run context. I
acknowledge that omitted variables could introduce bias into the estimated elasticity, however,
the observed behavioral shifts provide some evidence of long-run adjustments.
My definition of long-run elasticity follows the conventional understanding of a timeframe
within which households are not constrained by fixed appliance stock or demographics. The
observed changes in household behavior, including appliance adjustments and fuel
substitution, reinforce this interpretation.

However, I understand that my model estimating the price elasticity does not explicitly include
ths information while estimating the long-run price elasticity, and as such I will consider this
information to improve the robustness of future papers by incorporating additional variables or
a dynamic framework to refine the distinction between short-run and long-run effects.

4. There is some need to provide robustness to the results. Since the results in columns (2) and
(3) of Table 6 do not differ markedly, a placebo test could take three different regions as treated
regions while the rest (including or excluding the actually treated) are now the controls.
Different results than current ones would be an indication of causal effects estimates. There are
many other tests that can be done, for instance, including interaction of price to other variables
(and of course instrumenting the interactions with the interaction of the instrument and the
corresponding variable).

Reply: This paper does not use a binary indicator for the treated and control groups. The binary
indicator is absent from the econometric specification. Thus, the econometric model cannot
differentiate between treatment and control regions except for the variation in the instrumental
variable which results from the increasing-block-pricing (IBP) scheme. Redefining the control
regions as treatment regions is not very useful in this case since there will be no difference
between the instrument and the price (I cannot use the block-tariff IV for the electricity price
in the regions with a flat tariff scheme). This paper just uses the exogenous variation in the
price of electricity (resulting from the experimental introduction of IBP tariffs) to calculate the
price elasticity of demand.

Comment: I am happy with the responses, but my comment is independent of the nature of the
variable (either binary or continuous).

5. In addition to Borenstein (2009) and Ito (2014), Labandeira, Labeaga and Teixido (2022) did
a quasi-experimental exercise to estimate the effects of a Spanish reform on the consumption
of electricity and they also found that household react to average rather than to marginal
prices. They also provide price elasticities at the time of the policy reform.

Comment: Done.

References
Andrews I, Stock J. H. and L. Sun. 2019. Weak Instruments in IV Regression: Theory and
Practice. Annual Review of Economics 11, 727-753.
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Chapter 2 now corresponds to previous chapters 2, 3 and 4. I group and answer the comments
in the same order as previously to include comments on the replies made by the candidate. Part
of this chapter has been already published, so my comments on the published parts should be
understood as an intention to give ideas for doing further research on this topic.

1. The candidate states in page 63. “However, because my model includes individual fixed
effects, and the treatment is time-invariant, I have not included the main effect of treatment.
Also, because I have included time-fixed effects, including a dummy indicator for the post-
intervention period is redundant. However, it is a good practice not to mix these variables
either with the corresponding group of dummies or with the time-varying controls but to
include both isolated from all the other variables. One reason is that the effects (individual
and time) could be assumed to be random, and the model estimated on the equation in levels
even in the case they are correlated with some regressors (Wooldridge, 1995 and 2010,
proposed methods to do it), so they need to be inside the specification for the causal effect to
be identified.

Reply: The Hausman specification test rejected the Random effects model at all conventional
levels in favour of Fixed effects model in all models applied in this thesis. However, I also
estimate the effect of the treatment on the purchase of electrical appliances and dirty fuels (both
united in Chapter 2 now) separately isolated from all regressors i.e. only including standard
DiD variables (treatment indicator, post-treatment period indicator, and the interaction of these
two). These are presented in Table 3 of Chapter 2 (page 69), and Table 5 of Chapter 2 (page
74). The results do not differ markedly from the effect estimates with the full set of covariates
in Table 4 (page 70), and Table 6 (page 75) of the same Chapter 2.

Comment: My comment is not related to the Hausman specification test, which is sometimes
not valid. But let's imagine that the Hausman test is valid. It is only telling you that the random
effects are correlated with the variables, so you conclude you should use fixed effects.
However, you usually estimate a transformation of the model to rule out the effects from the
specification My question is then: Since the effects are not inside the estimated specification
you do not need to assume anything for them. In this sense, the Hausmann test is informing
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you about correlated effects. Then, in the literature and since the seminal papers by Mundlak
(1978) and Chamberlain (1984)

Response: Thank you for your insight and suggestion to consider an approach based on a
hybrid model. I appreciate the references to methods proposed by Mundlak (1978) and
Chamberlain (1984) and acknowledge the possible advantages of hybrid models dealing with
the correlation of random effects with covariates.

While such a hybrid model does indeed potentially offer a more detailed treatment of both
individual and time effects, it is seldom used in modern applied research. This limited use is
in large part a result of a number of practical considerations: First, hybrid models add
complication both to specification and interpretation, thus making communication of results
more difficult, particularly to audiences that are non-technical. Second, these models depend
on specific assumptions concerning random effect structure and distribution that do not
universally hold for all datasets, thus undermining robustness of the estimates. Besides, many
of the hybrid models require great within and between-unit variability which again may not
hold in all datasets.

In my initial analyses I applied hybrid model of panel data estimation. However, these methods
were criticized by my senior colleagues, I was strongly advised not to use them. Thus, I
abandoned this idea.

2. There is a lot of heterogeneity in energy requirements for different appliances purchased by
households. Whether a distinction can be made on different appliances, there is a possibility
to estimate different causal effects on consumption because of the purchase of different
appliances. This can be done in the same context of linear probability models (LPM), but on
the selected sample of households purchasing either a freezer, an AC appliance, etc.
Moreover, we expect that if the household has purchased several appliances, the causal effect
on efficiency would be greater than if the household has just purchased one of them. Of
course, one can worry about endogenous sample selection, but it is always possible to estimate
a Heckman’s type model on the selected sample (Heckman, 1979).

Reply: Unfortunately, we cannot observe from the data the specific type of appliance that was
bought, only a general classification like major appliance vs non-major appliance.

Comment: OK.

3. The candidate states in page 66 in relation to the endogeneity of prices: “In this case,
however, I have not estimated the price elasticity of electricity demand, and the
dependentvariable used in this study is a binary indicator for the purchase of electric appliances.
This, in turn, should not result in a correlation between the electricity price and the error term
in Equation 1”. There are many reasons why prices are not endogenous in an equation of
purchase decisions as the fact that the relevant price is not the price of the electricity service,
but a measure of the user cost of the appliance. So, at the light of the effect of instrumenting
the price, as seen in chapter 1, I recommend deriving the specification and decide about
endogeneity based solely on theoretical considerations.

Reply: I follow Jacobsen (2015) in my analysis of investment in major electrical appliances.
Jacobsen (2015) also states that the possibility of endogeneity of the electricity prices with
respect to the decision to purchase appliances is minimal. However, the author also
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instruments for prices as a robustness check.

Reference:
Jacobsen, G. D. Do energy prices influence investment in energy efficiency? Evidence from
energy star appliances. Journal of Environmental Economics and Management 2015, 74, 94–
106. https://doi.org/10.1016/j.jeem.2015.09.004

Comment: I continue with the important part of my previous comment: “I recommend
deriving the specification and deciding about endogeneity based solely on theoretical
considerations”.

Response: Thank you for the suggestion to deduce a theoretical model that evaluates the
possibility of endogeneity of the electricity prices in respect of appliance purchase decisions.
Proper identification of theoretical underpinnings is needed when a potential source of
endogeneity has to be outlined. Looking at Jacobsen's work, 2015, I believe that the risk of
endogeneity between electricity prices and investing in major electric appliances is not high.
However, Jacobsen also follows an IV approach as a robustness check; I do recognize that it
would be a valid practice to take care of the remaining concerns. In my case, natural variation
in electricity prices across regions, together with the rich set of household and dwelling
characteristics, provides a strong empirical framework that mitigates endogeneity concerns,
and IV estimates are run purely as a robustness check of the model. In my future research I
will try to deduce the endogeneity based on theoretical foundations, and not because “other
researchers do so”.

3. Figure 2 show that parallel trends happen before the policy reform. So, the question is: how
long did the reform last? If the post dummy covers the whole period from the introduction
of the reform, then a better alternative to follow a pure diff-in-diff strategy is to perform an
event study (see, for instance, Huntington-Klein, 2022). It allows to look at different effects
in time, but the candidate should isolate the reform from all other events that could occur
during so long period.

Reply: I do not include post dummy into my main econometric specification. I include the
year- fixed effects instead, which among other also control for the different events during
these particular years.
Although event studies are usually performed when the control group is absent, it is certainly
possible to conduct a so-called dynamic diff-in-diff strategy, which relaxes the time
homogeneity of the effect. However, since Chapter 2, Chapter 3, and Chapter 4 are now
merged into one Chapter (Chapter 2), for consistency this analysis will need to be performed
on all three papers. This will mean that basically all the analysis and possibly conclusions of
the papers will need to be rewritten. Since practically all the three papers out of which
Chapter 2 is comprised are now published, this exercise is not very productive. The analysis
of the dynamic effect however, presented in detail in Chapter 3 of a new paper on RCT in
Armenia. The paper (chapter 3) practically revolves around this theme.

Comment: I understood the variables included, but year-fixed effects are the same. Moreover,
the explanation of the purpose of event studies is not correct. The main question is that the
control group could vary as time goes on and the researcher should be careful in selecting the
controls to obtain true causal effects.

Response: I appreciate the importance of accounting for potential variations over time and
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ensuring that the control group remains appropriate throughout the study period. While event
studies are valuable, they are typically used when there is strong evidence or theoretical
motivation for expecting time-varying treatment effects. I use year-fixed effects, combined
with rich household level data, and latest matching CEM technique to minimize the
discrepancies between treatment and control households. However, I will definitely consider
the dynamic specifications in future research if the possibility will allow to observe such a
natural experiment again.

4. Figures 2 and 3 intend to show that in the placebo, the results post-reform are different to
the causal results. Although this happens, the pre-trends are also completely different, and I
think comparison of the causal and the placebo results is not informative.

Reply: Figures 2 and 3 are now removed from the thesis.

Comment: OK. They constituted a very relevant problem for your causal effects.

5. The explanation for the non-significance of price effects is the following (page 74):
“Examining the covariates across all specifications, I found no evidence of the effect of the
level of the price of electricity (as opposed to its structure represented by the DID term) on
the propensity to purchase electrical appliances by households. The coefficient on the
average price was statistically insignificant. This finding is in accord with the recent study
of Jacobsen (2015), who also concluded that the actual level of the electricity prices do not
affect the purchasing decision of the Energy Start certified home appliances in the US”.
Perhaps, the candidate can offer alternative explanations as the effect of electricity service
could not be a good proxy for the effects of price in the decision to purchase, which should
be more related to its user cost.

Reply: In my specification I have continuous variable for the price of electricity (actual
Russian roubles per kWh consumed), and the structure of the tariff for electricity variable
(IBP vs flat tariff). Former proved to be insignificant in accord with Jacobsen (2015). Price of
electricity per kWh is directly related to the user cost of major (electricity intensive)
appliances.

Comment: This reply has no relationship with my comment. You should think in structural
discrete-continuous models as in Hanemann et al. (2024).

Response: Thank you for your suggestion regarding the potential use of a structural discrete-
continuous choice model. I greatly appreciate the consideration of this approach and
recognize its strengths, particularly for welfare analysis and a deeper understanding of
consumer preferences. The structural modeling is usually applied when there is a lack of a
creditable exogenous variation in the variable of interest. Thus, the researchers are required to
derive the theoretical demand function along with a specific source of endogeneity. This
would in turn allow to tackle these sources of endogeneity, e.g. to model them explicitly and
to arrive at unbiased coefficient estimates.

However, given that in my case there is a natural variation in electricity prices across regions
and the comprehensive dataset available—which includes a large sample size and detailed
household and dwelling characteristics—I have chosen to employ a reduced form estimation.
My primary objective is to provide a clear and robust causal estimate of the impact of
electricity price changes on household behavior. This approach, combined with coarsened
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exact matching, ensures a strong and credible identification strategy without the added
complexity that a structural model would entail.

References

Hanemann, M. X. Labandeira, J.M. Labeaga and F. Vásquez-Lavín (2024), “Discrete
continuous models of residential energy demand: A comprehensive review”, Resource and
Energy Economics 77. https://doi.org/10.1016/j.reseneeco.2024.101426.

Heckman, J. J. (1979). Sample selection bias as a specification error’, Econometrica 47, 153-
162.

Huntington-Klein, N. 2022. The Effect: An Introduction to Research Design and Causality.
CRC Press (Taylor and Francis Group).

Wooldridge, J.M. 1995. ‘Selection corrections for panel data under conditional mean
independence assumptions’, Journal of Econometrics 68, 115-132.

Wooldridge, J. M. 2010. Econometric Analysis of Cross Section and Panel Data, second
edition. MIT Press.

Now, I add my comments, replies by the candidate and responses corresponding to old
chapter 3.

1. I see the LPM a suitable method for estimating a model like the proposed in equation (1) in
page 98, but in the literature, there are several suggestions to use different methods, which
sometimes could drive very different results. I only give references of some seminal papers,
but there are alternative references and many examples of applications. References are
Arellanoand Carrasco (2003), Chamberlain (2010), Arellano and Bonhomme (2011) or
Fernández-Val
(2009).

Reply: On pages 68- 69 of Chapter 2 I provide in detail explanation of why I use LPM. I also
outline why I cannot use models like Probit or Logit (see footnote 23 on page 69 of Chapter
2).

Comment: Done.

1. In general, the results for the key variables in the specifications estimated in Table 6 in page
103 (tariffs, income, household size, etc.) should be better explained since there are both
unexpected results, many differences across specifications and several non-significant
coefficients, a priori expected to be significant. Since these results can have many important
policy implications, both for demand as well as for emissions, i.e., for the design of energy
policy measures.

Reply: The results are now better explained with relevant comparison to the results obtained
in similar research studies. See pages 79-84 of Chapter 2.

Comment: Done.
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2. To avoid unexpected (or undesired) consequences of the policy, does the candidate propose
alternative economic or non-economic policies? The chapter needs some more in deep
discussion.

Reply: Conclusion to Chapter 2 now provides possible policy suggestions like targeted
subsidies or support for adopting renewable energy, and tailored interventions that address
environmental and social objectives (pages 85-86). Moreover, the policy suggestions also
outlined in overall Conclusion section of the whole Thesis (pages 120-123). However, I
would like to outline that the main objective of this thesis is an ex-post policy evaluation, and
not a design of a policy perse.

Comment: Done.

References
Arellano, M. and S. Bonhomme, 2011). Nonlinear Panel Data Analysis, Annual Review of
Economics 3, 395-424.

Arellano, M. and R. Carrasco, 2004. Binary choice panel data models with predetermined
variables. Journal of Econometrics 115, 125-154.
Chamberlain G. 2010. Binary response models for panel data: identification and information.
Econometrica 78, 159-168.
Fernández-Val, I., 2009. Fixed effects estimation of structural parameters and marginal
effects in panel probit models. Journal of Econometrics 150, 71-85

Finally, I add responses to replies by the candidate to old chapter 4. It presented a similar
exercise to Chapter 3, where the contribution is to relax some homogeneity assumption
maintained in the estimation of the models in the previous chapter, introducing heterogeneity
through the linear specification of the LPM. The two main questions to identify causal effects
using household (individual) data as used in this thesis are heterogeneity and non-linearity.
LPM are artificial linear models built based on latent variables (utility). The researcher does
not observe utility, but the result of a comparison of different situations (whether to purchase
dirty fuels or not) and the decision is based on a comparison of the indirect utility of the
alternatives. So, the underlying model is non-linear. Other non-linearities could appear
because the responses of households could be different at different values of the dependent
variables. Let us imagine that policymakers are introducing a reform that doubles the price of
energy services. It could be possible that at different values of the price, households react
differently. Moreover, does this proposal affect the same poor or rich households? There are
many ways of introducing potential non-linear effects on the econometric specifications, but
one novel and now common alternative is to use regressions adjusted about non-average
households, i.e., quantile regressions. Moreover, if causal effects are going to be estimated in
different geographical areas, some recent proposals are to use synthetic controls as an
alternative to diff- in-diff on individual data (remember that there are regions where the
policy was introduced - and consumers in those regions- and, probably, we can build control
regions to compare consumers with those in treated regions, but not with consumers across
the country -if they are no comparable nationwide). Since this piece of research has not been
published yet, I advise the candidate to try alternative methods to estimate causal effects by
trying to publish it in a high-impact economic journal. I provide the seminal references for
quantile as well as for synthetic controls.
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Reply: The dependent variables in this analysis are binary in nature. Quantile regression is
generally used to estimate the conditional quantiles of a continuous dependent variable given
one or more independent variables. It is not typically used for binary dependent variables
because the concept of quantiles doesn't naturally extend to binary outcomes, which only
have two possible values (0 and 1). The paper does take into account non-average
households, and thus the heterogeneous treatment effects with respect to various
characteristics of the households are also estimated in Chapter 2.
Synthetic control methods are typically used on a macro/aggregated data. There is a user
written R-package to apply the synthetic control method for micro and disaggregated data
published in 2021. However, this package still remains experimental and no studies (to the
best of my knowledge) were published using this package yet. There is also theoretical
challenges that need to be taken into account when applying synthetic control for
disaggregated data. Synthetic control that best reproduces the characteristics of a treated unit
may not have a unique solution. Multiplicity of solutions is a particularly daunting challenge
when the data include many treated and untreated units (Abadie and L’Hour, 2021).

References:
Robbins, M., & Davenport, S. (2018). Microsynth: Synthetic Control Methods with micro
and Meso-level data. CRAN: Contributed Packages.
doi:10.32614/cran.package.microsynth
Abadie, A., & L’Hour, J. (2021). A penalized synthetic control estimator for disaggregated
data. Journal of the American Statistical Association, 116(536), 1817–1834.
doi:10.1080/01621459.2021.1971535

Comment: It was not my intention to give comments to change this paper but for future
research. Anyway, once the candidate replies to my comments, I will add several relevant
ideas for the future or corrections to his responses. First, I commented, in general, on the
main challenges of research with individual-level data: “The two main questions to identify
causal effects using household (individual) data as used in this thesis are heterogeneity and
non-linearity”. I repeat the argument. I did not affirm in my comment to use quantile
regression on your data, but even on this kind of data one can make some progress on
estimating the model by separating 0´s and 1’s by the distribution of related variables
identified differently.

On the other hand, Synthetic control methods have been typically used on macro/aggregated
data. There is now literature starting with the seminal papers by Robbins et al. (2017), which
building on individual data, use micro-level data to apply the synthetic control method. There
are many examples. All the challenges in the quoted paper and several papers by Abadie and
colleagues made this an area of potentially fruitful research. My comment had this intention
for future research by the candidate.

Response: Thank you very much! I will consider these newer, and state-of-the-art
econometric methods in my future research.

References

Abadie, A. 2021. Using Synthetic Controls: Feasibility, Data Requirements, and
Methodological Aspects. Journal of Economic Literature 59, 391–425.
Abadie, A., A. Diamond and J. Hainmueller, 2010. Synthetic Control Methods for
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Comparative Case Studies: Estimating the Effect of California’s Tobacco Control Program,
Journal of the American Statistical Association, 105, 493-505.

Koenker, R. and K. F. Hallock, 2001. Quantile Regression, Journal of Economic Perspectives
15, 143-156.

Robbins, M. W., J. Saunders and B. Kilme, 2017. A Framework for Synthetic Control
Methods With High-Dimensional, Micro-LevelData: Evaluating a Neighborhood-Specific
Crime Intervention. Journal of the American Statistical Association 112, 109-126.

I finished my report with comments on new chapter 3. This is devoted to exploring how
information provision through a social comparison treatment affects energy consumption
when treatment is reintroduced after an eight-month pause, i.e., whether interventions
intended to change behaviour have long-term effects or there is a need for reminders. Then,
the main contribution of this chapter is that nudges need reminders to keep their
effectiveness, but even in their absence can contribute to showing peer effects on energy
consumption. I only include three very general comments, to help the candidate think about
ways of improving the research in this chapter.

1. The candidate should make an additional effort to show the external validity of the evidence
reported in the chapter. Are households in Yerevan comparable, in observables, to
households in the rest of the country?

Response: Households in Yerevan are different from the households in other parts of
Armenia. Yerevan is a capital city and thus this city is more economically developed and has
higher population density than other regions. We selected households in Yerevan because
these households have a greater potential to reduce their electricity consumption due to
intervention. In the context of developing countries, households in the urban areas usually
wealthier, have a reliable electricity connection, and own energy-intensive appliances like
refrigerator, washing machine, air-conditioner, heater, and others (see, for instance,
Ahsanuzzaman et al., 2024). The concentration of households with these types of
characteristics tends to be higher in capital cities, thus making them more appropriate for our
study.

We also added a table (Table 2 of Chapter 3) comparing the characteristics of our sample
with the characteristics of Yerevan as reported by Statistical Committee of the Republic of
Armenia to ensure that our sample is representative of population in Yerevan.

We also add the following paragraph in Conclusion section:

“The contributions of this paper are not without limitations. The specific cultural and
socioeconomic context of Yerevan may affect the generalizability of our findings to other
regions of Armenia, and other post-Soviet republics. Future research should aim to replicate
the results of this study across various geographical and cultural settings.”

References:

Ahsanuzzaman, Eskander, S., Islam, A., & Wang, L. C. (2024). Non-price energy
conservation information and household energy consumption in a developing country:
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Evidence from an RCT. Journal of Environmental Economics and Management, 127,
103022. doi:10.1016/j.jeem.2024.103022

2. The candidate should try to give robustness to his results. For instance, there is room for
doing placebo tests to confirm the causal effects of the interventions.

Response: When the design of RCT study is simple and the randomization proves to be
good, the placebo tests (randomly assigning treatment to the control households) is usually of
little benefit. In our case, the randomization proved to be good, and the design of RCT is
fairly simple. Moreover, when applying placebo test, we would need to use only households
from the control group, as households in the treatment group are contaminated (or vice
versa). Thus, half of the households will be randomly assigned to the treatment group while
second half will remain in the control group. This will basically decrease our sample size 3
times. Taking into consideration that our sample size is small to begin with, it will be difficult
to detect any meaningful “false” effects.

3. The candidate should improve on the mechanisms explaining his results. In this version of
the papers, the explanations are very general. As an example, there are three different tariffs,
and the consumers pay the price corresponding to their tariff for their overall consumption.
Then, all consumers in a block have incentives to jump to the adjacent cheap block (except
those in the first block, of course). Is this mechanism acting when reducing consumption
after the intervention for any consumer?

Response: One potential way to test this would be to run bunching test for treatment and
control group and see whether there is stronger evidence for bunching for the households in
the treatment group. We have not detected any differences in bunching between treatment
and control groups.
The mechanism is mostly explained by Festinger’s (1954) social comparison theory.

We also added the following paragraph to the Conclusion section:
“In addition, a deeper understanding of the underlying psychological mechanisms through
which behavioral change persists can provide a greater insight into the optimal design of the
behavioral interventions. For example, future studies could examine whether different
reporting intervals (e.g., monthly, quarterly, or annual) influence the persistence of
behavioral changes or transaction costs across diverse contexts. Better knowledge of the
processes (both cognitive and emotional) underlying consumer responsiveness towards social
comparison reports can support the development of interventions that are more effective and
more engaging. Finally, estimating the extent to which intermittent treatment reduces the
administrative costs associated with information provision experiments could be an avenue
for future research, dependent on the availability of corresponding cost data.”

Reference:

Festinger, L. (1954). A theory of social comparison processes. Human Relations, 7(2), 117-
140.
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Address the following questions in your report, please:

a) Can you recognize an original contribution of the author?
b) Is the thesis based on relevant references?
c) Is the thesis defendable at your home institution or another respected institution where

you gave lectures?
d) Do the results of the thesis allow their publication in a respected economic journal?
e) Are there any additional major comments on what should be improved?
f) What is your overall assessment of the thesis? (a) I recommend the thesis for defense

without substantial changes, (b) the thesis can be defended after revision indicated in my
comments, (c) not-defendable in this form.

(Note: The report should be at least 2 pages long.)
The dissertation is composed of three main parts, where these main parts are based on
published articles and essays. The dissertation focuses on understanding price and non-price
measures to initiate electricity savings and changes in consumption behavior with respect to
this commodity. The thesis builds significantly on the evaluation of real experiments on a
sample of consumers/households.

The first part of the dissertation focuses on the analysis of price elasticity of demand for
electricity for the household sector in selected Russian regions. Here the information from the
introduction of the IBP scheme for electricity prices in selected regions of Russia is used.
Based on the analysis, the authors conclude that the price elasticity for the households studied
is low, which substantially reduces the effectiveness of this instrument.

The second part of the dissertation focuses on the research on how the introduction of the IBP
scheme for household electricity prices can influence the willingness of households to invest
in more energy-efficient equipment and at the same time how the introduction of this scheme
can influence the decision to purchase dirty fuels. In this section, the author presents the
research conclusion that on the one hand, the price incentive (introduction of the IBP scheme)
leads to a significant incentive to purchase more energy efficient appliances, but on the other
hand, in many cases it leads to a strong tendency to focus on increasing the consumption of
dirty fuels. This leads the author to the conclusion that there is a need to find optimized
instruments for increasing energy efficiency that also take into account the energy poverty
perspective.

The third part of the thesis focuses on non-price incentives to achieve electricity savings. It
uses an experiment based on tracking the electricity consumption of selected households and
informing them through 'energy reports' how their electricity consumption compares to the
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average consumption of a similar group of consumers. The authors conclude that continuous
use of the 'energy report' tool is not necessary to achieve and maintain long-term energy
savings, but that repeated use after a period of time is sufficient.

Although the research is primarily focused on the specific conditions of households in Russia
and Armenia, a number of implications can be drawn from its results for other countries in
Eastern Europe or countries with similar initial conditions.
A significant positive feature of the dissertation is its foundation on experimental data that
have been processed and evaluated using adequate methods.

a) Can you recognize an original contribution of the author?
Yes, it is possible to state an original and relevant contribution of the author of the
dissertation to the research of the given issue.

b) Is the thesis based on relevant references?
Yes, the dissertation uses relevant references from the given fields and uses them
appropriately, among other things, to interrelate the obtained results and compare them with
the work of other authors.
Nevertheless, it may be advisable to supplement the references with relevant commentary on
other works pointing to the high sensitivity of customers to electricity prices when deciding
to purchase equipment - see e.g.
https://www.sciencedirect.com/science/article/pii/S0140988323005868
In addition, the inclusion of references and a brief discussion of the issue of transaction costs
can be recommended - see the notes to the third essay below.

c) Is the thesis defendable at your home institution or another respected institution
where you gave lectures

Yes, the dissertation meets the general requirements for the structure and content of
dissertations.

d) Do the results of the thesis allow their publication in a respected economic journal?
Yes, the dissertation consists of individual parts that form a coherent whole suitable
for publication. Parts of the dissertation have already been published in peer-
reviewed journals dealing with the subject.

e) Are there any additional major comments on what should be improved?
Below are partial comments on the individual parts of the thesis. These comments do not in
any way reduce the quality of the work, but are rather a feedback for the author, especially
with regard to the possibility of expanding the discussion of the results and their
interpretation. Page 10: …“ study estimates the long-run price elasticity of electricity demand
to be -
0.1. This indicates that Russian households are relatively insensitive to price changes,
whichhas major policy implications“.
The question is what causes this very low elasticity. It could be, for example, a low starting
price base or a small share of total family expenditure. It would be useful to add to the
discussion here
Response: The following paragraph was added to page 34 of Chapter 1:

“The low long-run price elasticity of electricity demand in Russia highlights a notable
insensitivity of households to price changes, which may stem from various structural and
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economic factors. Electricity prices in Russia are relatively low, making price changes less
impactful on household budgets. Additionally, electricity may constitute a small share of total
family expenditures, reducing the incentive to adjust consumption. Limited access to energy-
efficient technologies and alternatives to electricity further restrict households’ ability to
respond to price increases. Additionally, cultural factors, government subsidies, and income
stability may further dampen the responsiveness to price changes.”

Page 66: The wording of the question allows for different reasons for the acquisition of a
"major electrical device" to be included in the answer. Reasons may be in response to the
introduction of the IBP scheme, simple renewal of equipment, but may also be due to rising
living standards. In order to estimate the impact of the introduction of the IBP in the
treatment group compared to the control group, it would be necessary to ensure that the
groups are fully comparable, e.g. in terms of the baseline equipment of electrical appliances
(there may be a difference between the two groups), income situation, etc. Can it really be
concluded that the reported increase of 20% in the purchase of a "major electrical device" is
solely due to the introduction of the IBP? Could there be other factors at play here?

Response: The “other factors” argument basically is possible in case when treatment and
control households are not really comparable, and thus the observed outcome cannot be
attributed solely to the deployment of treatment in experimental regions. In order to ensure
that the households in the treatment and control regions are comparable to each other the
coarsened exact matching (cem) procedure is accomplished between the households in the
control and treatment regions. We chose a rich set of household characteristics to match on
including total household income. In the published version of the manuscript
(https://doi.org/10.3390/en14216954) we also conduct a placebo test, and show that the
propensity to purchase non-major (entertainment oriented) appliances like TVs, PCs, Audio
systems, and others have not been affected during the treatment period in either of the groups.

P. 74: The author states, "I found no evidence of an effect of electricity price on the
propensity to purchase electrical appliances." Here I would suggest expanding the
discussion of the findings of the analysis in relation to other papers that show high customer
sensitivity to electricity prices in appliance purchase decisions - see, e.g.,
https://www.sciencedirect.com/science/article/pii/S0140988323005868.

Response: The paper above employs contingent valuation method (CVM) to assess whether
the willingness to purchase energy efficient appliances is sensitive towards the changes in the
prices of energy. The whole study is based purely on a notion of “stated preferences” (with
sample size of 2392) to assess an empirical question. My study, on the other hand, employs a
natural experiment with a sample size of about 50,000. The two studies different in their
methods and drawn conclusions. My paper does not incorporate the conclusions from the
above paper because my paper was published 2 years prior.

The question is whether the conclusion presented by the author also applies to significant
changes in electricity (or other energy) prices - see e.g. changes in electricity prices in the
Czech Republic over the last few years.
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Response: The aim of the study was to assess whether changes in the level of electricity
prices, as well as the structure of those prices, affect the behavior of the households. The
study employs rich household data and leverages variation in energy prices resulting from a
natural experiment to address this question. Whether the price change in the experimental
regions was significant or not is difficult to determine exactly. On the one hand, the observed
price elasticity is quite low, suggesting limited responsiveness to price changes. On the other
hand, the changes appear to have induced households to purchase more electrical appliances
and rely more on dirty fuels. However, the first Chapter calculates that the overall real price
increase in the experimental regions due to the IBP was roughly 5-6%, which may signal that
the price change was not so significant.

Page 80: unclear statement: .. "the households that are heated via district are, on average 11.2
percentage points less prone to purchase dirty fuels". What is the reason, if households are
heated via district heating, for purchasing dirty fuels?

Response: The households that are heated via district heating networks receive the heating
via the system of pipes with hot water connected to the district. Therefore, these households
do not generally rely on electricity or gas to heat their homes (maybe only as a supplement to
the main district heating).

Page 82, as an example: In some cases, the author reports surprising results, which he does
not attempt to explain further, often simply citing the work of other authors.. "little evidence
is found that the purchase of dirty fuels is sensitive to households reported levels of income.
This is in sharp contrast Is it possible that this conclusion
is due to the methodology of choosing the so-called household head ? See definition on page
83 .." the oldest individual with the active income"...

Response: In this study the reported income is defined as the total income of the household
(income received by all members), not just the household head. This type of income is
generally insignificant determinant of the purchase of dirty fuels. However, the employment
status of household head was found to be a significant determinant of willingness to purchase
dirty fuels. This may potentially indicate that the income (as in many household surveys) is
misreported. The following extract from Chapter 2 on page 83 states that:

“As explained previously in the context of RLMS-HSE the oldest individual in the household
with an active income stream is selected as the household head. This means that the
households headed by people who are on child care or whose primary role is housekeeping
simply may be in a disadvantaged financial situation, and therefore are forced to substitute
their energy needs by purchasing cheaper dirty alternatives due to the introduction of IBP.
This result may also indicate a potential problem of income misreporting in the household
surveys (Bound et al., 2001) such as in RLMS-HSE since the coefficients on the income
variables are statistically insignificant.”

Page 103: In the experiment, about 70% of households used natural gas for heating, plus
another 15% used gas stoves. Only about 17% of households used electricity for heating.
Energy consumption for heating and hot water is typically a significant, often dominant, part
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of consumption. For households that do not use electricity for heating, the potential for
energy savings through behavioral change is significantly lower than for households using
electricity for heating. For households not using electricity for heating, energy savings are
more likely to be achieved by changing household equipment (replacing less efficient
appliances with more efficient ones). These households would then be more likely to achieve
a long-term change in electricity consumption. At the same time, the purchase of new
(previously) unused appliances by the household (e.g. dishwashers or air conditioners) can
also affect electricity consumption. Another aspect that can play a role is the outside
temperature and the resulting energy (electricity) consumption for heating or cooling. Thus,
monitoring electricity consumption at different times of the year can significantly influence
the results of the experiment. The question is whether it would not be appropriate in this
respect to separate households using electricity for heating and cooling into separate
categories.

-
Response: In footnote 30 of the third chapter, we state:

“To ensure homogeneity in energy needs among the groups, stratified randomization was
implemented. This stratification took into account the amount of electricity consumed in the
months leading up to the treatment, the type of heating employed, and the number of rooms.”

Moreover, the energy reports also take into account the size of dwelling, and the type of
heating used by the households. The households that use electricity for heating are compared
only to the other households using electricity for heating. In addition, we also add the
interaction terms of dummy indicating the treatment group with the dummy indicating the
households using electricity as a main source of heating. This interaction is meant to capture
the heterogeneous impact of treatment for those households.

Page 107: The result of the experiments shows that the dominant part of the electricity saving
is in the so called daytime. More definition for day and night consumption time interval is
missing. It is questionable how to interpret this result given the definition of household
groups, where household groups included both households using electricity for heating and
households using other types of energy for heating.

Response: Now we provide the definition of the daytime and nighttime consumption in
Chapter 3:

The daytime tariffs (from 7 a.m. to 11 p.m.) for each consumption block are: 46.8 AMD, 48.8
AMD, and 53.8 AMD per kWh. The night tariffs (from 11 p.m. to 7 a.m.) for each
consumption block are: 36.48 AMD, 38.48 AMD, and 43.48 AMD per kWh.
From this we can conclude that the reduction in electricity consumption due to the energy
reports occurs during the daytime when the marginal price of consumption is higher. This is
in accord with a recent paper by
Jessoe, K., Lade, G. E., Loge, F., & Spang, E. (2021). Spillovers from behavioral
interventions: Experimental evidence from water and energy use. Journal of the Association
of Environmental and Resource Economists, 8(2), 315–346. doi:10.1086/711025

Moreover, the grouping of the households takes into account the type of heating of the
households., the treatment and control groups are balanced in terms of number of households
with different heating types as demonstrated in Table 1 of Chapter 3.
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p. 114: ad ... "implications for policymakers"... The introduction of smart metering will
enable the monitoring and evaluation of consumption data for all types of consumers,
including households. In general, this will enable comparisons between consumer types (e.g.
by tariff, electricity consumption profile and level, geographical location, etc.). The question
then is what strategy to choose here for processing the data and informing consumers -
consumers will have an overview of their ongoing consumption and its costs and will be able
to react immediately to the level of consumption by changing their behaviour or changing
household equipment.

Response: The consumers in Armenia have smart metering devices to measure the electricity
consumption. The consumption is broken down to day and night consumption, and the levels
of consumption can be accessed through the website and smartphone application.
However, according to the literature, consumers’ own energy consumption information is not
as effective as social comparison information, when consumers’ own electricity consumption
is compared to their peers’ consumption and presented to them. This was first outlined in
papers by Schultz et al., (2007), and Nolan et al., (2008).

References:

Nolan, J. M., Schultz, P. W., Cialdini, R. B., Goldstein, N. J., & Griskevicius, V. (2008).
Normative social influence is underdetected. Personality and Social Psychology Bulletin,
34(7), 913–923. doi:10.1177/0146167208316691

Schultz, P. W., Nolan, J. M., Cialdini, R. B., Goldstein, N. J., & Griskevicius, V. (2007). The
constructive, destructive, and reconstructive power of social norms. Psychological Science,
18(5), 429-434.

Page 116: One can only agree with the statement here that ... "utility providers and
policymakers can optimize resource allocation by lowering respective financial and
administrative costs associated with continuous intervention programs". The transaction costs
of implementing energy efficiency measures (or support programmes) can be significant, thus
reducing the overall (economic) effect of the measures. At least a brief mention of the issue
of transaction costs (including some references) would be appropriate in this part of the
paper.
Response:
The discussion of the transaction costs is now added both to Introduction and to Conclusion
sections of Chapter 3.

f) What is your overall assessment of the thesis? (a) I recommend the thesis for defense
without substantial changes, (b) the thesis can be defended after revision indicated in
my comments, (c) not-defendable in this form.

(a) I recommend the thesis for defense without substantial changes.
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