ECOMNZTOR

Make Your Publications Visible.

Weiss, Mariana et al.

Working Paper

A Service of

ﬂ I I I Leibniz-Informationszentrum
° Wirtschaft
o B Leibniz Information Centre
h for Economics

Empowering electricity consumers through demand

response: Why and how

IDB Working Paper Series, No. IDB-WP-1312

Provided in Cooperation with:

Inter-American Development Bank (IDB), Washington, DC

Suggested Citation: Weiss, Mariana et al. (2022) : Empowering electricity consumers through demand
response: Why and how, IDB Working Paper Series, No. IDB-WP-1312, Inter-American Development

Bank (IDB), Washington, DC,
https://doi.org/10.18235/0004184

This Version is available at:
https://hdl.handle.net/10419/290062

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen

Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dirfen die Dokumente nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten,

gelten abweichend von diesen Nutzungsbedingungen die in der dort

genannten Lizenz gewahrten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

.: A B https://creativecommons.org/licenses/by-nc-nd/3.0/igo/legalcode

WWW.ECONSTOR.EU

Mitglied der

Leibniz-Gemeinschaft ;


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.18235/0004184%0A
https://hdl.handle.net/10419/290062
https://creativecommons.org/licenses/by-nc-nd/3.0/igo/legalcode
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

3IDB

Inter-American
Development Bank

IDB WORKING PAPER SERIES N° IDB-WP-1312

Empowering Electricity Consumers through Demand Response:
Why and How

Mariana Weiss
Enrique Chueca
Jorge Jacob
Felipe Gongalves
Marina Azevedo
Adriana Gouvéa
Pauline Rawvillard

Michelle Hallack

Inter-American Development Bank
Energy Division

March 2022




IDB

Inter-American
Development Bank

Empowering Electricity Consumers through Demand Response:
Why and How

Mariana Weiss
Enrique Chueca
Jorge Jacob
Felipe Gongalves
Marina Azevedo
Adriana Gouvéa
Pauline Ravillard
Michelle Hallack

Inter-American Development Bank
Energy Division

March 2022



Cataloging-in-Publication data provided by the

Inter-American Development Bank

Felipe Herrera Library

Empowering electricity consumers through demand response approach: why and how /
Enrique

Chueca, Mariana Weiss, Jorge Jacob, Felipe Gongalves, Marina Azevedo, Adriana
Gouvéa, Pauline Ravillard, Michelle Hallack.

p. cm. — (IDB Working Paper Series; 1312)

Includes bibliographic references.

1. Energy consumption-Latin America. 2. Energy consumption-Caribbean Area. 3.
Electric utilities-Rates-Latin America. 4. Electric utilities-Rates-Caribbean Area. |.
Chueca Montuenga, Enrique. Il. Weiss, Mariana. lll. Jacob, Jorge. IV. Gongalves,
Felipe. V. Azevedo, Marina. VI. Gouvéa, Adriana. VII. Ravillard, Pauline. VIII. Hallack,
Michelle, 1983-. IX. Inter-American Development Bank. Energy Division. X. Series.
IDB-WP-1312

http://www.iadb.org

Copyright © [2022] Inter-American Development Bank. This work is licensed under a Creative Commons IGO 3.0 Attribution-
NonCommercial-NoDerivatives (CC-IGO BY-NC-ND 3.0 IGO) license (http://creativecommons.org/licenses/by-nc-
nd/3.0/igo/legalcode) and may be reproduced with attribution to the IDB and for any non-commercial purpose, as provided below.
No derivative work is allowed.

Any dispute related to the use of the works of the IDB that cannot be settled amicably shall be submitted to arbitration pursuant to
the UNCITRAL rules. The use of the IDB’s name for any purpose other than for attribution, and the use of IDB’s logo shall be
subject to a separate written license agreement between the IDB and the user and is not authorized as part of this CC-IGO license.

Following a peer review process, and with previous written consent by the Inter-American Development Bank (IDB), a revised
version of this work may also be reproduced in any academic journal, including those indexed by the American Economic
Association’s EconlLit, provided that the IDB is credited and that the author(s) receive no income from the publication. Therefore,
the restriction to receive income from such publication shall only extend to the publication’s author(s). With regard to such
restriction, in case of any inconsistency between the Creative Commons IGO 3.0 Attribution-NonCommercial-NoDerivatives license
and these statements, the latter shall prevail.

Note that link provided above includes additional terms and conditions of the license.

The opinions expressed in this publication are those of the authors and do not necessarily reflect the views of the Inter-American
Development Bank, its Board of Directors, or the countries they represent.

oS0




TRRRmRwaw
LSS ENSSSS
AR ARR

WRRAS SRR
ESSS SN NN
v '

Empowering electricity
CONSUMERS THROUGH
DEMAND RESPONSE:
Why and how

Mariana Weiss, Enrique Chueca, Jorge Jacob,
Felipe Gongalves, Marina Azevedo, Adriana Gouvéa,

Pauline Ravillard, Michelle Hallack




EMPOWERING ELECTRICITY
CONSUMERS THROUGH
DEMAND RESPONSE:

WHY AND HOW

Mariana Weiss,
Enrique Chueca,
Jorge Jacob,
Felipe Goncalves,
Marina Azevedo,
Adriana Gouvéa,
Pauline Ravillard,
Michelle Hallack'

March 2022

1. The authors would like to thank Tomas Serebrisky, Ana Maria Rojas and the blinded reviewer

for the valuable suggestions.



Table of Contents

Abstract

21
2.2

4.1

4.2

5.1
52
521
522

6.1
6.2

6.3
6.4
6.5

Introduction

What are the demand response policies available?
Price-based DR programs
Contract incentive-based programs

What are the expected benefits of demand response?

Demand response programs applied

to the residential sector

Examples of general residential demand response
programs in LAC

Examples of pilot projects for residential demand
response programs

Methodology and design of the demand
response experiment

Theoretical background of the methodology
Experimental design

Sample

Main goals and predictions

Results and Discussion

Main experiment: Preferred peak-hour plan
Psychological perception of the sense of agency
and moderation effects

Price sensitivity

Effect of reminders

Who are those more accepting?

Conclusions and lessons learned

Bibliography

o O

12

14

20
20
21
21
22

28
28

30
32

35
35

37

40



ANNEX 44

Al Average per capita income and household electricity bill cost:
A comparison between the sample results and the national
household survey for Brazil 45
A2. Experiment questionnaire in original format 47

A.3. The effect of participants’ income, perceived fairness
of peak hours tariffs, and participants’ perceived electricity
burden on their price sensitivity 65

List of Figures

Figure 1. Demand Response Services 7
Figure 2. Comparison of different dynamic pricing programs S
Figure 3. Influences of Behavior Change 19
Figure 4: Relative Distribution of Electricity Consumption

across the Day 22
Figure 5. Experimental Conditions 26
Figure 6: Summary of Experimental Conditions 27
Figure 7: Main Results from Experiment 28
Figure 8. The average percentage of income dedicated to

paying the electricity bill 31
Figure 9. Likelihood of Changing Consumption Time 32

List of Tables

Table 1. Sample by Country 20
Table 2. Summary Statistics 21
Table 3. Logistic Regression Results 29
Table 4. Results from Agency Logistic Regressions 30
Table 5: Results from Price Sensitivity 32
Table 6: Mean Effect of Different Consumptions Reminder 34
Table 7: Profile of Fuels Used by Experiment Participant by

the Preference of DR 35

List of Boxes

Box 1. The role of AMI’s in residential demand response programs 19



Abstract

Massive digitalization advances have made demand response (DR) programs feasible in the
residential sector; however, most households in Latin America and the Caribbean (LAC) region
do not know about these types of programs. In this report, the authors explore experiments
about the willingness of residential consumers to adopt demand responses (DR) to reduce
their bills. The authors analyze the likelihood of lower- and middle-income households
across 11 LAC countries, adopting a DR plan. The guestionaries counted on explanations
about the purposes and benefits of the DR programs. The authors also analyzed the type
of communication technology to which consumers are more likely to be responsive. Most
interviewees understood that it would be fair to have peak and off-peak tariffs to cover
supply costs. In three of the five cases analyzed, more than 50% of interviewees chose to
move to a DR plan. Those were the case of the DR programs with a peak saving goal and
pre-agreed discount, and heater or AC control by the utility during peak times. The results
suggest that policymakers should start to consider demand response programs as a tool to
increase the affordability of electricity services for residential consumers. It is important to
consider the learning curve that will be required of users, services providers, and regulators.



INntroduction

Affordability is one of the pillars required for citizens and companies to benefit from energy
services. The authors of this paper define affordability as the financial ability to pay for
these services. The Inter-American Development Bank (Cavallo et al. 2020), highlights that
the affordability of electricity services is a challenge for many low-income families in Latin
American and Caribbean (LAC) countries.

The challenge for the sector and stakeholders alike is how to make energy services more affordable
while ensuring quality and long-term financial viability for service providers. Digitalization opens
new opportunities to overcome this challenge, increasing affordability and expanding the number
of services households can afford. Digitalization measuring electricity consumption in households
allows consumers to respond to cost, price, and rate variability. Consequently, it can be more
affordable to adapt consumer behavior to periods of lower costs. Demand response is also a key
mechanism for energy transition. According to IEA (2021), 55% of emissions reductions require
a mixture of deployment of low-carbon technologies and active involvement or engagement of
citizens and consumers. Demand response is one of these mechanisms, mixing new technologies
with consumer/citizen engagement. Briefly, demand response programs depend on electricity
sector digitalization to increase system efficiency and competitiveness and decrease sector
emissions.

This document aims to explore demand response as a mechanism that can improve affordability
by improving the system’s efficiency through strategies that prompt consumers to act. Demand
response (DR) can have a broader and universal impact, as affordability is driven by increasing
efficiency in the power system.

The main idea of demand response is to smooth the electricity demand curves and, as a
conseguence, decrease costs. This is not a new idea. The difference is that digitalization
makes achieving this goal more feasible, including in the residential sector. Electricity demand
responses need to be fast; digitalization fulfills the required speed, disseminating information and
completing transactions fast enough to facilitate demand response mechanisms (Cavallo et al.,
2020). Demand response solutions have become even more valuable given the urgent need to
address climate change. DR is an efficient and low-cost tool to decrease emissions and increase
system flexibility, which is the key element for higher penetration of renewables.

However, an accurate estimate of DR programs’ benefits for the residential sector is impossible.
Historical data does not permit such an estimate. A massive demand response program will
require transformations that empower consumers’ decisions. Such a DR program should include
market design, regulation, investment in digitalization, knowledge dissemination, and more



participation of new players in the sector. In addition, policymakers, regulators, and stakeholders
need to be convinced about the potential benefits that this kind of program can bring. Regulators
should conduct regulatory impact assessments before any significant change. However, the lack
of reliable data is still a common obstacle in the case of transformative innovations (such as
demand response), though essential to calculate potential benefits.

An additional challenge exists in LAC countries. Residential electricity consumers are not
accustomed to choosing their electricity providers, services, or consumption levels, considering
the time of consumption. Furthermore, residential consumers often do not fully understand the
tariff schemes to which they and their electricity bills are subject. In this context, it isn’t easy to
estimate the potential of adoption based solely on previous experiences and elasticities. Therefore,
the present study acts as a point of departure for arriving at a better understanding of demand
response potential in Latin America and the Caribbean. More precisely, its main objective is to
understand consumers’ willingness to participate in DR programs. Specifically, are consumers
willing to change the way they use electricity to increase affordability of electricity services? That
guestion is a first step in developing DR programs. Knowing consumers’ willingness to engage
in a demand response program is essential to calculate a program’s potential benefits and to
address digitalization solutions to enable it.

This study also aims to break the vicious cycle in which a lack of information delays innovation,
and lower levels of adoption of innovative approaches delay gathering enough information.
Reviewing available literature and conducting experiments with residential consumers about
their willingness to adopt a demand response program are initial steps in breaking that cycle. The
promising results of the experiment conducted suggest that pilots and regulatory sandboxes
should be implemented as next steps in order to generate a better understanding of how to
develop effective demand response programs.

The next section introduces available DR policies. Section 3 discusses the benefits of DR programs
in general. Then, section 4 identifies the challenges and the results obtained from pilot DR projects
in the residential sector. Section 5 is dedicated to detailing the experiment’s methodology to
evaluate households’ willingness to adopt a DR package in 11 LAC countries. In section 6, the
experiment results are presented. Finally, section 7 presents the study’s conclusions and offers
some policy recommendations for improving the adhesion and success of DR programs in the
residential sector.

~



What are the demand
response policies avallable?

Demand Response (DR) has a long history in the electricity sector and has been implemented
using different approaches. DR was initially used to plan and implement mechanisms to produce
large changes in electricity load curves in pursuit of improving the system’s resource efficiency.
The DR concept was adopted in the power sector at the end of the 1960s to optimize infrastructure
investments and sustain demand during peak periods of operation. DR gained traction due to
increases in oil prices, which in turn led to increased generation costs (Gellings, 1985).

Since then, DR policy options have increased in tandem with new technological advances.
Historically, DR programs have usually targeted large (industrial or commercial) consumers.
However, with the increased availability of advanced meters and other complementary utility
technologies, these incentive programs can now be offered to residential or aggregated
consumers.

The world is experiencing a digital revolution from which the energy sector is not exempt. New
technologies have immersed the sector in a deeper digital environment, with massive data usage
focused on increasing efficiency and reducing costs. In the demand sector, smart meters have
empowered consumers, detailing their consumption by time of use and, sometimes, providing
information on variation in electricity prices. Smart metering technology decreases considerably
the transaction costs associated with demand response and increases the capability of timely
responses (Cavallo et al. 2020)

It is important to highlight that significant investment in digitalization is essential for any DR
program. These investments will certainly need to be made in telecommunications and smart
metering technology. Investment may also include remote monitoring to control the use of
eqguipment such as heat and air conditioning (HVAC) systems.

DR can be defined as a set of actions to reduce, increase, shift, or actively modulate energy
demand for a limited time, compared to a baseline (or usual profile) of consumption, in response
to a price signal or a command incentive, resulting in a lower service level (Satchwell et al., 2013)2.
In other words, DR initiatives promote tools that empower consumers based on voluntary actions
or decisions in response to economic incentives that operate in concert with electric system
restrictions and market design.

Demand response always aims to impact or change load curves. However, there are different

2. The U.S Department of Energy (2006) describes demand response as a tariff or program established to motivate changes in electric consump-
tion by end-users in response to changes in the price of electricity over time.
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ways that DR can impact demand curves. While time-of-use (henceforth, ToU) tariffs are indeed
the most common use of DR, it is not the only option for implementing it. DR is composed of
various strategies that touch upon different parts of the electricity sector.

As presented in the first 80s studies, the impacts of the DR programs on the load behavior can be
listed as: peak cut, valley filling, load-displacement, strategic conservation, strategic load growth,
and flexible load format (Gellings, 1985). Alstone et al. (2016) created a didactic taxonomy for
DR services that groups these services into the main categories: Shape, Shift, Shed, and Shimmy.
Figure 1 details those DR services.

Figure 1. Demand Response Services

SHAPE Shape services reformulate consumers' load profiles in the medium-/
long-term, mainly through campaigns aimed at changing consumers'
SERVICES g y ITOHGR campaigns ¢ , ging eon ,
behavior. Those services can be associated with energy efficiency actions.

Shift services represent the availability of translating energy
SHIFT consumption from times of high demand to times of the day, week,
SERVICES or season when there is surplus generation. It allows the smoothing
of net load ramps associated with surplus renewable sources generation.

Shed services offer occasional load curtailments to meet 2maximum
SHED demand capacity and support the system in emergency or contingency
SERVICES events, with different operating times and notice before dispatch. It helps
to manage contingency events in emergencies, such as dry seasons.

Shimmy services involve dynamically adjusting system demand
to alleviate instantaneous or very short-term ramps and disturbances

SHIMMY
SERVICES

on timescales ranging from seconds to an hour. Also called ancillary
services, shimmy services maintain the frequency and stability of the
electric system.

Source: Authors’ design, based on Alstone et al. (2016)

The above DR services show the different objectives that the utility or policymaker can pursue to
change the current shape of the daily load curve, which can be classified as either short- or long-
term load curve changes. The question is, how can consumer behavioral change be incentivized
to achieve the desired daily demand curve format?

DR programs must offer conditions perceived as beneficial for their adopters in order to
incentivize consumers to take intentional actions. The principles of intentional actions and proper
incentives are among DR programs’ main characteristics.

DR programs can be grouped into two categories depending on the incentive rationale: (i) price-
based programs and (ii) contract incentive-based programs.



2.1 Price-based DR programs

In price-based DR programs, electricity tariffs reflect better the actual electricity costs to fulfill
consumption through different periods. Thus, the electricity tariff tends to increase when
electricity generation presents higher costs to meet demand. Some examples of increased
electricity generation costs are the usual challenge of attending to fast-increasing demand
ramps and peak demand during the weekdays, or more critical situations, such as droughts or
dry seasons, increased oil prices, network interconnection constraints, or misalignment of market
design®. The schedule for price setting depends on each system.

As Muller (2016) and Satchwell et al. (2013) show, electricity tariff design can lead consumers
to adapt their energy use. Suppose the tariff design relies on price differentiation to reflect
generation costs. In that case, it may lead consumers to adapt their electricity consumption
behavior and reduce the energy demand in critical periods when the cost to meet the demand
is significantly increased. Thus, price-based DR programs are expected to enable consumers to
respond to price signals, achieving an average tariff below the competitive flat tariff’'s conditions.
The adoption of price-based DR programs is normally not mandatory, but optional.

DR programs with price differentiation are attached to induce change in the consumers by
leading their consumption away from the expensive periods. Price-based DR programs come in
various forms: static and dynamic time-varying prices. The first type is generally preset for pre-
determined hours and days. It is less costly to implement since they only require monitoring the
time consumption and depending on the prices in those consumption segments. The second
type counts on electricity rates that change on short notice, often a day or less. It requires higher-
costly metering (Albadi et al., 2008; Hale, 2018).

Therefore, price-based DR programs present diverse tariff designs with different objectives. The
most famous ones are:

* Time-of-Use (ToU): Time-of-use (ToU) consists of predetermined blocks of time.
The day is divided into periods with varying rates, or a seasonal rate, where the
year is divided into multiple seasons and different rates are provided for different
seasons. The simplest ToU has two blocks of time: peak and off-peak. Rates are pre-
determined, and their design attempts to reflect average generation and transmission
costs during these periods. In this way, the consumer shifts energy use to moments
when the price is lower, reducing consumption when the price is higher (SEDC, 2017;
Faruqui & Sergici, 2013). ToU has become a more viable rate option, thanks to the
increasing prevalence of smart meters. Although the ToU tariff is largely used by
higher-demand consumers (e.g., industries), those tariffs are also available for smaller-
demand consumers in many countries.

e Critical Peak Pricing (CPP): CPP consists of an additional time-dependent rate
added to the flat rate during a contingency or high wholesale electricity price.
Consumers pay higher prices during days when the cost of energy is high. In
exchange, participants will have a discount on the standard tariff during other hours
of the season or year (Batlle & Rodilla, 2019). Estimating consumers’ response to price
changes is challenging, so this mechanism introduces more complexity to the system
operation. CPP tends to work with pre-determined rates.

3. In theory, all points in the grid can have the same price in a region under compatible market designs and a lack of restrictions.
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« Critical Peak Rebate (CPR): CPR is similar to CPP, but the utility anticipates critical
events. It can be challenging because it requires information about each client’s
consumption behavior pattern. CPR is less complex in terms of system operation
than CPP, as the consumer’s response is agreed upon in advance by the client and
supplier. Participants are remunerated to reduce their consumption compared to a
baseline offered by the utility. However, suppose the consumer decides to participate
in the tariff modality, and they do not change consumption behavior. In that case,
they can pay a higher electricity price. Customers who do not wish to participate, pay
the current energy tariff. CPR tends to work with predetermined rates.

« Variable peak pricing (VPP): VPP is a hybrid of ToU and real-time pricing (RTP).
The off-peak tariff and blocks of time are defined in advance. However, on-peak
prices are more variable because they follow wholesale electricity prices. As such,
this mechanism requires more accurate measures and communication equipment.
VPP tends to work with dynamic time-varying rates.

¢ Real-Time Pricing (RTP): RTP reflects all variations of wholesale electricity
prices. RTP is based on dynamic time-varying rates. Participants are informed
about prices a day ahead or an hour ahead. In this way, they pay for prices
being signaled economically for the energy market, reflecting each hour’s actual
generation and transmission costs. Two examples of RTP mechanisms are the
Day-Ahead Real-Time Pricing (DA-RTP) and the Two-Part Real-Time Pricing (TP-
RTP) (Batlle & Rodilla, 2019).

These price-based DR programs differ regarding the amount and frequency of information shared
between utilities and customers. In general, ToU rates require a lower information exchange and
offer more user-friendly price signals. However, those tariffs may be supplemented by other
mechanisms, such as the CPP and CPR. Further, VPP and RTP are considered purer forms of
dynamic pricing. They are based on actual market conditions and thus offer a more accurate
price signal for electricity costs (Faruqui & Bourbonnais, 2020)%.

All DR mechanisms present a significant trade-off between the level of incentives for demand-
side participation and the complexity of the DR mechanism interpreted as a consumer risk.
Figure 2 illustrates the trade-offs of different dynamic pricing programs. Default flat rates are
the mechanism with lower complexity and lower incentives. Among the many options shown in
Figure 2, the most risk-averse customers would likely go with a flat rate, which remains constant
regardless of the volatility in their load profiles or their electricity prices.

Figure 2. Comparison of different dynamic pricing programs

@ RTP
@ Q VveP

cpp

More incentives for demand-

side Participation

I
14

Most Complex

Source: Prepared by the authors, adapted from Faruqui and Bourbonnais (2020)

4. Acufa et al. (2016), compared ToU schemes with Day-Ahead Real-Time Pricing (DA-RTP) and found that ToU implementation led to bigger cost

savings than DA-RTP.
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Price-based DR mechanisms increase in complexity as they increase their incentives to
consumers’ participation (Figure 2). ToU has lower incentives, complexity, and consumer risk
than the presented price-based mechanism. CPR presents low complexity and high incentives
to entice consumers’ adoption. Low complexity can be explained probably due to adherence to
flat rates. High incentive levels can be related to consumers never paying a higher price in that
modality. Indeed, they receive a discount due to demand reduction during peak hours.

Critical Peak Pricing (CPP) has the same rates with the same level of incentives as CPR rates,
but a more complex implementation and operation. Variable Peak Pricing (VPP) and Real-Time
Pricing (RTP) rates are the most complex price-based DR mechanisms. Risk-taking customers
would likely go with a RTP rate that, on average, would probably give them a lower average price.
Each of these rate options presents a unigue trade-off between the tariff savings that customers
would experience and the risk they would be exposed to in the form of tariff volatility.

RTP and VPP rates require more advanced metering infrastructure for constant communication
between system operators and customers. In contrast, ToU, CPP, and CPR rates are calculated
and communicated ahead of time and are simpler to implement (Hale, 2018). CPR mechanisms
carry much lower informational burdens that can be satisfied by installing interval electricity
consumption meters and sending customers electronic messages about electricity prices
through SMS, web portals, or apps.

2.2 Contract incentive-based programs

A contract incentive-based program is a more ‘explicit’ form of demand response (DR).
Consumers, directly or through an intermediary (such as an aggregator), commit to changing
the demand behavior given a specific compensation pre-set by the contract incentive-based
program (European Commission, 2016). As a result, this type of DR program is easier to track.

Contract incentive-based DR programs can be set up through bilateral contracts or regulated
auctions of capacity, ancillary services, or emergency response. In all cases, there is an ex-ante
commitment to comply with the program and a set of penalties in case of non-compliance.

Consumers generally receive a discount to change their demand load baselines, adhering to the
program’s system requirements. Incentives are included in a contract and are ‘explicit’ in these
programs. Thus, operators can better predict load impacts since the nature of the contracts
often involves penalty clauses for noncompliance.

Like price-based DR programs, contract incentive-based programs also require a high level of
investment in digitalization. Contract incentive-based programs can also demand investment in
remote monitoring and controlling tools to control electrical appliances owned by the consumer,
such as heaters and air conditioners. As such, these programs allow fast response and flexibility,
as seen in the shimmy and shed load impact models described above. It also allows the operator
to have deeper control over the system.

Since there is an aspect of direct control ingrained in incentive-based programs, data specificity
data gains significant importance. The US Department of Energy (US DOE, 2006) and the
European Commission (EC) (2016) point to response timescale as a crucial issue for system
operators and policymakers. The closer the commitment of loads is to real-time, the greater
avoided value and the need for accurate price signals and system operator control reliability
(European Commission, 2016). Such a level of information can be obtained at different times
for different areas of operation. It can be implemented over time in order to even out need for
investment.

12



Whnat are the
expected benefits
of demand
response’?’

Demand response (DR) aims to reduce the operational costs that stem from the variability of
the electricity load curve. The load curve comprises the total electricity used by consumers
connected to a national or sub-national electricity system. This load curve is specific to the set of
circumstances, customs, and traditions of every country or region, and daily behavior patterns.

Since electricity is challenging to store under current technological constraints, electricity
generation must ideally match consumption instantly. Otherwise, it creates system disruptions,
such as blackouts, brownouts, or losses that hinder network performance and whose costs
accumulate over time.

Therefore, DR is mainly a mechanism to decrease costs associated with net demand load curve
variation. Net demand curve is the difference between the demand for electricity minus the non-
dispatchable electricity sources, which operators cannot control, such as wind power and solar
photovoltaic (PV).

Dispatchable electricity generation needs to vary in response to variation in net electricity
demand. However, the cost structure of electricity generation is discontinuous. Electricity
generation is most often produced by a portfolio of power plants. These plants have different
cost structures, which means they have different fixed and variable costs.

For some power plants, it is more efficient to have the power plant running most of the time.
These are called base load plants. In contrast, there are also peak load plants. Peak load power
plants have a faster starting-up system and higher operational cost. Therefore, they are normally
dispatched only for a few hours, typically during peak hours. In other words, peak load power
plants are used to cater to net demand peaks, and they are started up whenever there is a spike
in demand. They stop when demand recedes.

13



Therefore, variation of net demand may lead to increased short-term system costs, mainly due to:

* Additional starting-up costs: Before a thermal plant can feed electricity to the grid,
it has to be started up, i.e, ramped up, at least to the minimum generation level.
That usually comes at a cost, independent of how much output is produced. It is a
kind of quasi-fixed cost. The size of these quasi-fixed costs stemmming from wear and
tear and the fuel required to heat the steam cycle depends on the type and size of
a particular plant. The higher the demand variation, the higher the costs and risks
associated with starting up. The expected increase of the net demand variation has
increased these costs and risks in different power systems®.

* Higher marginal costs of peak load plants: An electric system has power plants
with different cost structures. The electricity dispatch process identifies which plants
will be dispatched and how much electricity they should generate. This process is
based on a merit order, ranking available sources based on the ascending order of
marginal costs or prices®. In both cases, it is expected that plants with higher marginal
costs are the last to be brought online’. Peak load implies that power generation with
the highest marginal cost is dispatched, which increases the short-term system cost.
Moreover, in most cases, peak plants tend to run on fossil fuels and have a lower level
of energy efficiency. Consequently, they tend to have a higher level of CO2 emissions.

The expected value of net peak demand also impacts long-term costs. Both generation
portfolios and network systems are built to face peak demand. Consequently, grid size and
available capacity need to be reliable in response to peak demand, independently of peak
demand length. Higher peaks requiring expensive infrastructure will be less used, generating a
large idle capacity. It means that decreasing peaks may mean an increase of service higher than
investment requirements and costs.

Decreased costs resulting from implementing DR programs will impact different players,
depending on electricity market design and regulation. In ideal scenarios, decreased costs are an
economic benefit of Demand Response programse,

Depending on the specificities of each context, DR programs can offer a range of financial and
economic benefits for electricity markets: direct benefits, which are experienced by consumers
who carry out demand response; and indirect (or collateral) benefits, which are enjoyed by a
segment of market-wide participants. These benefits are perceived and shared depending on
regulation and business models. Key benefits of demand response are described in the following
five groups:

5. For more information about the impact on risks and costs associated with demand variability, see Stoft (2002), Vazquez et al. (2017), and Shill
et al. (2017).

6. For the market-based systems, it is assumed that prices reflect the order of marginal costs of production.

7. Sometimes, generating units must be started out of merit order, due to transmission congestion, system reliability, or other reasons.

8. In cases in which consumers answer to price variation individually, it is not easy for market operators to estimate the impact of DR programs and
their respective benefits. Consult Rodas-Gallego and Mejia-Giraldo (2020) for more context in this regard. The authors simulated the evaluation of
DR program impact on electricity costs in Colombia. Their results indicate that the daily economic benefit of this DR program could range between
44 and 381 million.



1. Participant financial benefits are the monetary reward enjoyed by those
customers who respond to the economic signal by adjusting their electricity
demand.

2. Market-wide financial benefits result from lower use of peak-load power plants
and lower network capacity requirements.

3. Reliability benefits are operational security and adequacy savings that result
from reduced consequences of forced outages.

4. Market performance benefits refer to demand response’s value in mitigating
suppliers’ ability to exercise market power, so that DR programs avoid power
prices rising significantly above production costs.

5. CO, emissions reduction: Shifting demand from peak to valley avoids generation
through speed-dispatchable power plants that rely upon fossil fuels. That allows
more efficient use of intermittent renewable energy sources and the drop of CO -
intensive electricity supply.

The U.S. Department of Energy (2006) groups benefits resulting from demand response
programs into participant financial benefits, market-wide financial benefits, reliability
benefits, market performance benefits, and market performance benefits. The authors of
this paper would add environmental benefits, which are increasingly vital in the context of
climate change and its impacts.

Historically, while initial DR efforts aimed to prevent generation outages and improve
resource efficiency and affordability, advanced DR programs seek wider impacts beyond the
electricity market. In recent years, DR programs have been a possible solution to provide a
more flexible demand load compatible with variable renewable source expansion (such as
solar and wind power) and CO2 emissions mitigation goals (IEA, 2021; Gagne et al., 2018;
Dranka & Ferreira, 2019). The rise of variable renewable sources, which frequently have zero
variable costs, is expected to increase the variability of the marginal costs of electricity. In this
context, the maximum marginal electricity cost will be defined by the highest net demand
peak, which combines the highest demand and lowest participation of renewable energy. In
contrast, the lowest marginal costs will be defined by the lowest net demand points, lowest
demand, and the highest participation of renewables generation in the mix. The interaction
of both curves can substantially increase the differences of peaks and valleys, leading to the
growth of economic value of demand flexibility.

Goldenberg et al. (2018) analyzed DR strategies as a path to enhance renewable integration in
the ERCOT market (Texas’ electricity system). The study found that demand response programs
could lower peak demand net of renewables by 24% and reduce the average magnitude of
multihour generation ramps by 56%. The authors concluded that demand response programs
are cost-effective compared to new gas-fired generation. According to the modeled system,
those programs would avoid approximately $1.9 billion of annual generator costs and 20% of
total annual CO2 emissions (Goldenberg et al., 2018).

[EA (2021) expects DR mechanisms to bring 500 GW of demand response onto the market
by 2030. In a net-zero emission scenario, those mechanisms will shift up to 15% of average
annual demand by 2050. However, DR’s potential is far from being explored fully. At present,
demand response represents less than 3% of the flexibility requirement, and most adopters
are industrial or large commercial consumers. The demand-side flexibility provision should
increase as adoption of batteries and electric cars grows (IEA, 2021). According to IEA (2021),

15



introducing DR programs combined with batteries will be an important arbitrage power for
consumers, especially residential ones®.

Although demand response is estimated to grow most rapidly in advanced economies, it will
be present in developing countries, too. As IEA (2021) shows, demand response mechanisms
in developing economies will be responsible for around 14% of electricity system flexibility in
2030, assuming a net-zero scenario. Some developing countries in Latin America are already
adopting important measures to increase demand response uptake. Chile launched a power
system flexibility strategy focused on market design, regulatory frameworks, and system
operation. Colombia extended tax incentives to non-conventional energy sources and energy
efficiency projects, including smart metering and demand response. However, as [EA (2021b)
expects AC stocks in Latin America and the Caribbean to increase more than sixfold, an
AC energy efficiency strategy combined with a demand response program could be an
interesting solution to the electric system’s affordability and sustainability.

Dranka and Ferreira (2020) expect that DR potential in Brazil will double, increasing from 12.8
GW in 2017 to almost 25.6 GW by 2050. Most of that potential is in the industrial sector. Still,
the authors identify a huge potential in the residential sector, especially from air conditioning
systems between 10 p.m. and 6 a.m. The study estimates that the highest value for demand
response potential in the residential sector to be 5.5GW at 10 p.m. for the entire power system.

The next section will discuss the application of DR programs in the residential sector and the
results of pilot projects developed in that sector.

9. An example of analysis for Mexico can be found in Castro Abril (2020).
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Demand response
orograms applied to
the residential sector

DR policies in LAC have been implemented generally for industrial consumers with flexible
electricity consumption. Factories can organize production schedules in low-cost hours to
minimize electricity costs while obtaining the same outcome. Factories are easier to monitor, since
they are equipped with more sophisticated meters to track consumption. However, Advanced
Measuring Infrastructure (henceforth, AMI) has reduced costs in recent years, signifying its
feasibility for household applications.

In most LAC countries, the consumption peak occurs after business closes, when citizens return
to their dwellings (Sanchez et al., 2021). Enticing these users to adopt DR programs has enormous
potential to shift the load curve, lowering structural costs of the system to make electricity a
more affordable service.

The active consumer’s participation is made possible by enhanced grid digitalization and
continuous cost reduction ofadvanced metering infrastructure (AMI) and monitoring technologies.
In this context, home energy management systems or building energy management systems are
essential. HEMS can focus on automatic control devices for specific appliances like electrical
water heaters and HVAC (heating, ventilation, and air conditioning). These systems are essential
in price-based DR, automating the decision of price signal responses and connecting advanced
meters of small-scale consumers to load aggregators.

More targeted DR tariffs also rely upon the remote control of certain dwelling appliances, such
as heaters or air conditioners (two of the most energy-intensive dwelling appliances). However,
occupants’ electricity price sensitivity levels significantly impact cost-savings (Wang et al., 2018),
so DR program adoption allows identification of activities that the consumer considers flexible.

Identifying flexible energy service demand, such as heating and air conditioning, is especially
challenging in lower-income households with more stringent budget limitations. Lower-income
households see the electricity bill as a heavy budget burden. Thus, DR programs can be an
alternative for low-income families, increasing the affordability of their electricity services. With a
DR program, these families may use these services during off-peak hours due to a lower rate. A



DR program can alleviate the burden of electricity bills and contribute to reducing energy poverty
and deprivation of energy services. It is worth noting that families with the lowest income often
do not have access to many appliances, especially the most flexible. It is vital to develop a more
detailed analysis of the reaction of different households in this context®.

Box 1. The role of AMI’s in residential Demand Response programs

Residential Demand Response programs require some degree of improvement
over the very metering and monitoring of electricity consumption. Although some
programs require more frequency of metering and communication, not all programs
stand at the exact requirements of complexity. Some programs require only the
identification of the current day’s consumption periods.

Residential Demand Response programs are facilitated by installing advanced metering
infrastructure (AMI). AMI is especially important in the case of dynamic systems. AMI
includes a smart metering system and a telecommmunication system. A smart metering
system is an electronic system that can measure energy consumption, providing more
information than a conventional meter. Smart metering is normally associated with
telecommunication systems that retrieve electricity consumption data and share it with
the utility in the frequency required by the tariff. Similarly, AMI enables customers to
access their electricity consumption data (Borenstein et al., 2002).

Advanced meters and telecommunication systems are essential elements of
successful Real-Time Pricing - RTP and Variable peak pricing - VPP mechanisms.
These systems record usage on a specific time interval, upload the data from the
customer site to a central data processing center, and permit customers to access
their usage data. These systems should be adaptable enough to allow differential
rates of data uploading and display commensurate with the tariff for the customer.

According to the Federal Energy Regulatory Commission (FERC, 2018), 78.9 million
advanced meters were operational in 2017 out of 152.1 million meters, indicating a 52%
penetration rate in all USA regions and an increase of approximately 5% from 2016
to 2017. Around 200 million smart meters were expected to be installed in Europe
by 2021 (Jansen et al., 2020). According to Eid et al. (2016), the installation cost of
a smart meter in Europe is, on average, between 235-293 USD. Several technologies
can be used to deploy smart meters, including wireless and wired solutions.

Current trends in the smart grid application for DR research are explored in numerous
smart grid labs worldwide. For instance, 57 laboratories are conducting extensive
research on DR, and 35 are conducting research on AMI (Jansen et al, 2020),
underscoring how DR policies depend on the development of some hardware
applications. In addition, AMI expands opportunities for better network management,
resulting in more affordable costs to the consumer.

DR brings electricity consumers greater agency, knowledge, and management over their
consumption in response to supply conditions. DR empowers consumers, centering
their ability to make their consumption affordable and the system more efficient. In
this way, DR mechanisms should be part of a country’s energy policy because they can
contribute to economic efficiency, and to improving reliability and security of electricity
supply sustainably. More active participation of DR can prevent supply crises, which raise
prices and operating costs. For these benefits to accrue, an adequate infrastructure with
communication in real-time must be in place for DR implementation.

10. Further studies and measurements are necessary regarding the capacity of low-income groups to answer to price variations.
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4.1 Examples of general residential demand response programs in LAC

The authors wish to share a few examples of pilot and commercial projects applied to the
residential sector. Residential programs are mainly focused on price-based DR programs. Time-
of-use (ToU) and Critical Peak Pricing (CPP) are the most common models applied in residential
experiments.

LAC countries have already presented some voluntary-adoption time-of-use tariff modalities
for the residential sector. Adoption has not been significant, however. Brazil, Uruguay, and Costa
Rica are examples of LAC countries that have commercial DR programs for the residential sector.
Adoption is limited. No publicly available comprehensive study evaluates these programs.

The Brazilian Residential ToU plan (also known as Tarifa Branca) has been available since 2018.
The program had 51,138 household adopters as of September 2021. The number of adopters
underscores the fact that this is only a first step, which needs to be further analyzed to understand
the program’s advantages and challenges. Areas of potential study include assessing information
about the DR program that reached consumers; level of financial incentive (considering discount
and risks); and behavior and cultural barriers. The program’s peak tariff is almost double the
flat tariff. The off-peak tariff represents a discount of around 20% compared to the flat tariff.
By adopting the ToU plan, the consumer takes an important risk: the potential of a substantial
increase in their electricity bill. This can be an important barrier to adopting a new program.

4.2 Examples of pilot projects for residential demand response programs

Pilot programs for residential demand response programs raise some interesting points, especially
concerning the heterogeneity of results.

Faruqui and Sergici (2013) developed a study based on the Arcturus database of price-based
DR programs containing 163 samples, which encompassing seven countries. The study found a
discrepancy in results for demand response applied in the residential sector, which varies from
O to 58% in terms of peak reduction. At first glance, there is little consistency in these results,
with significant variation among pricing types. Due to their tendency to have higher energy price
ratios than TOU rates, CPP and PTR rates could show a tendency to result in higher customer
response. This hypothesis was justified using high price ratios for these rates.

However, Farugui and Sergici’s (2013) analysis found that much of the discrepancy in results
is eliminated when DR is expressed as a function of the peak to off-peak price ratio because
customers respond to rising prices by lowering their peak demand consistently in order to
keep expenses affordable. This finding supports the case for the rollout of dynamic pricing
wherever advanced metering infrastructure is in place. Consumers have more control of energy
consumption inside their residential dwelling. Filtering by rate type and enabling technologies,
it is possible to see that enabling technology appears to increase DR adoption levels, which
underscores the central role of digitalization in this process.

Farugui and Sergici (2013) defined the treatment as a unigue combination of a time-varying pricing
design and enabling technology. However, the variation in demand response can be attributed to
the rate types applied to each specification of market and demand. The rest is potentially due to
other factors, such as differences in socio-demographic characteristics and climate conditions.

The impact of rate type in the demand response effectiveness depends on the rate itself and
the risks associated with financial incentives. There is a challenging threshold and design to
incentivize the customer to change from something they know to something they do not know.
The incentive must be high enough and with low perceived risk for consumers to adopt the DR
plan and change their consumption in the short-term (Lujano-Rojas et al., 2012).
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The customer’s perception of the demand response model is also critical for its success. Ttariff
models should have an interface that allows users easy access, allowing them to correctly interpret
information provided to react as requested. Models should also be flexible and compatible with
the routines in people’s lives. Experiments had higher impacts and achieved more significant
electricity consumption reduction when households had information feedback about their
electricity usage. This feedback concerns daily profile load and time series of tariff prices. In
several studies, smart metering appliances were installed in households to ease the tariff model’s
adoption. Results indicate that access to real-time electricity prices and information on their
continuous consumption levels is important to encourage the customer’s response (Erickson,
2011; Stokke et al., 2010).

Still, considering the impact of the relationship between demand response and people’s
routines, Walker and Hope (2020) showed some barriers to behavior change in an
experiment with 33 households. According to the authors, the responsibility of managing
multiple activities during the night disturbed many household respondents. Customers
argued that it was not feasible to deal with multiple tasks in a short period of time, and the
economic compensation was not worth the effort. This challenge needs to be considered
when designing the program and the required digital automatization tools to minimize the
need for actual behavior change.

DR programs focusing on electricity services, such as lighting, air conditioning, dishwashers, and
other appliances, can be more user-friendly or easier to understand by household consumers. A
good example is a variable-peak pricing (VPP) program launched in Oklahoma. Nearly 90,000
customers there have chosen to adopt the VPP. Most agreed to install a smart thermostat
provided by the utility in order to control their temperature according to the electricity price
(FSR, 2020).

Asadinejad et al. (2016) show that appliance-based elasticity and customer classification
reduce peak prices while increasing off-peak prices, greatly reducing price variation. In
their pilot project with more than 1,400 households in the United States, Asadinejad et al.
(2016) concluded that load reduction through direct control of the heating, ventilation, and
air conditioning (HVAC) thermostat tends to be more effective than other devices. This is
because HVAC often is the largest portion of the aggregate load, and it tends to be flexible
in the short-term. Results, however, are mixed. In a large-scale online survey, Shi et al. (2020)
showed a trade-off associated with the willingness of households to let third parties control
their appliances. A survey of 1,575 North American households investigated residential
customers’ engagement in household activities, energy consumption habits, and willingness
to participate in incentive-based demand response programs. The study considered two DR
programs: an incentive-based one with automatic control of the thermostat temperature
setting of HVAC and hot water usage; and a price-based one involving manual curtailment
behavior. The study showed the resistance of households to have their appliances controlled.
Moreover, challenges were observed for programs where a thermostat controller was installed
in rented dwelling units with seniors or babies sensitive to temperature changes.

Another element that needs to be considered is weather conditions, especially with respect
to air conditioning and heating management. According to Bartusch et al. (2011), households
experienced an electricity cost reduction two times higher in summer than in winter.
Experiments showed that load shifting was more effective for regions with well-defined
seasons, especially during the summer.

In sum, residential DR programs are quite heterogeneous, as are their results. The household’s
circumstances, its appliances, and the program design matter. Price incentives can work, but
they need to be conceptualized and marketed in a way that's acceptable to consumers. For
instance, residential consumers tend better to understand the conceptualization of peak/
off-peak duality to make decisions. DR programs tend to be more successful in the residential
sector if they bring significant incentives to the residential consumer, lower risk perception,

20



rely on user-friendly AMI tools, have a good communication campaign to explain potential
program benefits to consumers, include tips on how to change energy consumption patterns
to respond to electricity price signals, or provide additional HVAC temperature control
instruments.

After reviewing the specific applications of demand response to the residential sector and
different pilot experiences that have been implemented, the study now turns its attention to
provide evidence for the potential adoption of those programs and what the preferences and
characteristics of a LAC consumer open to demand response programs are. Understanding
how to engage residential customers and encourage their voluntary adoption is crucial to the
success of a residential DR program. The engagement question is the focus of the experiment
developed in the study, whose methodology is presented in the next section.
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This section aims to contribute to the design of potential DR policies with experimental insights.
This section will discuss the following guestions: How can policymakers and energy distribution
firms better engage with households to encourage a better understanding of DR incentives?
What are the preferred DR plans offered to consumers by utilities? What are the perceptions of
these plans? The experiment uses lessons from the literature on psychological interventions to
inform and motivate conscious decision-making concerning DR programs.

5.1 The theoretical background of the methodology

Recent scientific research (Costa, 2012; Gunther et al., 2010; Gustafsson & Gyllensward, 2005;
Holmes, 2009; Langevin et al., 2013; Wada et al., 2012, Dillahunt & Mankoff, 2014) has provided
initial evidence of the effeicacy of psychological interventions to optimize households’ energy
consumption rates. For instance, researchers have provided information and feedback to
consumers through visualizations, termed eco-feedback (Holmes, 2009). Interventions based on
energy consumption feedback (Vassileva et al,, 2012) have had a significant role in raising energy
awareness, reducing energy consumption by around 10%, relative to the control condition.

The current study uses behavioral theory and methods to test existent (Paunesku et al., 2015;
Sherman et al., 2013) and novel psychological interventions to reduce energy consumption
among middle- and low-income consumers. Behavior change interventions are tools to achieve
behavior change, developed by researchers to help policymakers and practitioners identify and
design successful campaigns. Behavioral science insights in the hands of expert practitioners
can help people make better choices than they would make on their own. Interventions like
those follow the vantage point or a practitioner who has identified specific behavioral goals,
such as reducing energy consumption (Cohen & Andrade, 2018).

Recent research stipulates that for behavior change to be initiated and sustained from a
behavioral perspective, the advocated behavior must reach adequate accessibility, desirability,
and feasibility levels. Figure 3 summarizes the biggest influences of behavior change based
on Andrade (2015).
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Figure 3. Influences of Behavior Change
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Source: Prepared by the authors; adapted from Andrade (2015).

This work aims to understand how low- and medium-income consumers react to DR plans after
receiving full information about their purposes and benefits. The tested behavioral interventions
canbe appliedin several DR strategies: services’ pricing/promotion, product portfolio, advertising/
campaigns, or communications between these firms and their clients.

5.2 Experimental design

The main study follows one factor (peak-hours/off-hours plan) between-subjects design, relying
on self-reported measures. The procedure was designed in Qualtrics and, thus, followed an
online approach. Participants accessed the study through the Qualtrics link and participated
at their convenience. Participants were informed that their personal information would be kept
confidential.

5.2.1 Sample

As is often the case with behavior studies, a third-party company recruited participants for
this study. The company focused on recruiting low- and mid-low-income consumers from its
database of participants in 11 countries. The company follows the countries’ socioeconomic
criteria for defining participants who can be more willing to accept DR programs.

A total of 5,298 subjects from 11 LAC countries (Argentina, Bolivia, Brazil, Chile, Colombia, Costa
Rica, Mexico, Panama, Paraguay, Peru, and Uruguay) participated in the survey. Table 1 shows the
sample’s breakdown per country. The survey was conducted digitally via internet. Given this, the
survey biases the sample toward consumers with access to electricity and the internet. However,
as DR programs require the existence of electricity and probably the internet, that bias does not
seem to be a big issue.

For the sake of granting high external validity of the study’s findings, participants who did
not complete the study’s main dependent variables and/or did not pay at least part of their
household electric bill were excluded (a total of 801 and 561 participants, respectively). Their
exclusion also helps ensure an accurate gauge of the electricity cost burden. In general, most
interviewees came from urban areas, which is also precisely where DR policies can be applied
most effectively.
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The final sample was composed of 3,936 participants who reached the end of the study. The
sample is approximately evenly distributed among countries, with percentages ranging from
4.41% (Mexico) to 11.92% (Brazil). Therefore, the sample seems heterogenic, with a robust number
of participants per country. Table T summarizes those numbers.

Table 1. Sample by Country

Argentina 89.05% 84.79% 10.32%
Bolivia 500 463 92.60% 399 86.18% 10.12%
Brazil T 639 82.24% 470 73.55% 11.92%
Chile 477 435 91.19% 382 87.82% 9.69%
Colombia 514 493 95.91% 450 91.28% 11.41%
Costa Rica 457 411 89.93% 289 70.32% 7.33%
Mexico 247 221 89.47% 174 78.73% 4.41%
Panama 510 464 90.98% 392 84.48% 9.94%
Paraguay 388 329 84.79% 286 86.93% 7.25%
Peru 427 390 91.33% 351 90.00% 8.90%
Uruguay 462 412 89.18% 343 83.25% 8.70%

Source: Authors’ design based on experiment data
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Table 2 presents the sample’s demographic characteristics. The average age of the respondents
was 32.38 years, and 57.96% were female. About two-thirds of the respondents declared
themselves non-white, and only 34.45% were officially married. With respect to income, the
recruiting process selected only low- and mid-low-income consumers ".

Table 2. Summary Statistics

Observations Mean or % SD Min Max

Age 3,353 32.38 9.87 18 85

Gender (Male) 3,356 42.04% 0 1

Race (White) 3,356 33.10% 0 1

Marital Status (Married) 3,356 34.45% 0 1

Source: Authors’ design based on experiment data

5.2.2 Main goals and predictions

This study draws on concepts from decision sciences (Abrahamse et al., 2005; Cohen & Andrade,
2018; Karlan et al.,, 2010) to explore ways to trigger consumers’ willingness-to-shift activities and
reduce their electricity consumption during peak hours. The success of time-of-use pricing,
where consumers are charged higher rates during peak usage, depends on many factors. The
goal was to test which type of time-of-use-based plan could lead to targeted consumers’ higher
likelihood of adoption. This study predicts that plans with clear and salient goals for reducing
electricity bills will be preferred among the sample of low- to mid- income consumers.

Consumers must manage their consumption to successfully reduce or avoid increasing their
electricity bills under a time-of-use-based plan. This study also tested interventions to make
consumers more equipped to handle their consumption and deal with the increased (reduced)
electricity tariff during peak (off-peak) hours. More precisely, the experiment relies upon different
types of behavioral intervention (e.g. reminders, information about consumption price) to
assess which interventions would make consumers more likely to change their consumption
from peak to off-peak hours. Participants are expected to report being more likely to switch
consumption in accordance with DR incentives when they receive reminders with information
about electricity service costs (i.e., cost of the use of an appliance for a period) or their actual
electricity consumption, compared to when receiving only reminders of the peak time-hours.

1. The results show that the study has a good representation in the sample of low- and mid-low-income participants. For example, in the case
of Brazil, the socioeconomic profile of the sample is quite similar to the socioeconomic profile of the Brazilian population of the National House-
holdBudget Survey in Brazil for the years 2017-2018. The comparison allows us to decide that the sample is robust and capable of representing
low- and medium-income households. In this study, participants declared an average income per capita of USD 200/month, which is compatible
with the 3rd-4th decile of the Brazilian population according to the Brazilian Family Budget Survey. In addition, participants replied that they would
pay USD28 per month for their electricity bill and it would only be equivalent to the amount paid for the 5th decile of the Brazilian population, also
according to the Brazilian FamilyBudget Survey. Finally, in terms of education, 5% of the sample have not studied or have less than a high school
education; 60% completed or are completing high-school; and 25% already completed or are completing undergraduate studies. These results
reflect that the sample presents a socioeconomic profile compatible with the profile of households with lower and middle incomes. Therefore,
the sample seems robust with respect to representing the target audience of the study - lower- and middle-income households. More details are

available in Annex Al
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Electricity suppliers and policymakers need to be aware of consumers’ sensitivity to peak-hours
price increases if they aspire to design a more effective plan. In addition, the ratios between
peak-hours and off-peak hours rate and the flat rate are also important to mitigate peak hours
consumption. For that reason, the questionnaire seeks to assess consumers’ price sensitivity to
peak-hours tariffs by addressing the following question: How much increase is needed to make
consumers more willing to reduce peak hours consumption? The authors assume that even a
small increase in the peak-hours tariff will increase the reported intention to switch consumption
when the increase is salient for consumers. The study thus anticipates that consumers’ reported
intention to switch consumption will not parallel growth with the peak-hours tariff increase.

The paper also aimed to explore the psychological impacts on consumers’ price sensitivity.
For that reason, the gquestionnaire assessed consumers’ perception of fairness of a higher tariff
during peak hours, and whether this increases their willingness to adjust consumption. Although
the sample comprises mid- and low-income consumers, the study also aims to test potential
interactions of consumers’ income and the main outcomes of interest.

5.2.2.1 Target hours for demand management

In order to adjust the treatments of the experiment, the distribution of peak hours of every
country was examined based on data from national operators. Below, Figure 4 shows how every
country has a particular interval where potential demand response policies should target shifting
the load more effectively. As shown below, the weekday load profile of every country is similar,
but its patterns vary slightly.

Figure 4: Relative Distribution of Electricity Consumption across the Day
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Source: Authors’ design, using available data from national grid operators

Since the experiment aims to identify potential adopters of DR programs, the hours targeted
were adjusted to encompass the top three-hour consumption period during a weekday in each
country. While peak hours interval time extended beyond the three hours, the focus was around
the peak hour and the prior and posterior hour to lower the load’s crest. Additionally, a choice
was made to focus on hours traditionally associated with residential sector consumption and the
period where the hours could be selected disregarded the mid-day consumption rise related to
industrial and commercial establishments.
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The selected hours for each country were: Argentina, 20-23; Bolivia 18-21; Brazil 17-20; Chile, 20-
23; Colombia, 18-21; Costa Rica, 18-21; Mexico, 19-22; Peru, 18-21; Panama, 17-20; Paraguay, 19-22;
Uruguay, 19-22. In each country, hours were selected according to the highest concentration of
electricity consumption'.

5.2.2.2 Experiment Procedure

The procedure was a quantitative approach with an exploratory, experimental design and survey,
relying on behavioral interventions and self-reported measures. The decision to run a study with
experimental behavioral methods provided high methodological robustness. Even with financial
and time constraints, the indication is the experimental approach. Experiments aim to measure
the relationship of the independent variable to the dependent variable (Wilson et al, 2010).
Scientific research often aims to study the effect of one variable on another one. The variables in
a study of a cause-and-effect relationship are called the independent and dependent variables.
The independent variable is the cause, the dependent variable is the effect, and its value depends
on changes in the independent variable. In experimental research, the researcher manipulates
or changes the independent variable to measure the effect of this change on the dependent
variable (Wilson et al., 2010).

In the experiment, members of the sample frame were invited to participate in a study on
residential electricity consumption. They were informed that the Inter-American Development
Bank was conducting that experiment for academic and public policy purposes in partnership
with academic researchers. Individuals who agreed to participate would make hypothetical
decisions in an online survey and provide information about themselves. Participants took around
ten minutes to complete the entire study. Those who did not complete the study were excluded
from the sample because they did not reply to the controls employed in each analysis.

This study aimed to assess the behavior of those in charge of household electricity payment
decisions. Therefore, the questionnaire also asked other questions about the value of
respondents’ electricity bills (i.e., “How much is the average monthly electricity bill in your
household?”; “How much was the lowest electricity bill you have ever paid?”, “How much
was the highest electricity bill you have ever paid ?”) and the appliances they have at home
(i.e., electric heater, air conditioning, fan, computer (laptop, notebook, tablet), smartphone,
internet access, access to electricity from the grid, own electricity meter). Participants who
indicated not paying any share of their electricity bill were also excluded from the data analysis.
Participants responded whether they pay their electricity bill, and how much they contribute
(e, 0%, 1% to 49%, 50% or 51% to 100%).

After responding to these questions, participants responded to one question to assess their
perception of fairness of a higher tariff for peak hours. Participants were informed that there
are periods when energy suppliers have additional costs to fulfill clients’ use. Those periods are
known as peak times. The questionnaire then asked them to judge whether they perceive it as
fair that an energy supplier charges a higher tariff during peak times if they provide a discount
during off-peak times.

After this question, the questionnaire tested participants’ sensitivity to a peak-hours price
increase. The experiment asked participants how likely they were to change their peak times
consumption to off-peak times if the tariff is 20% higher during peak times compared to off-peak
times. The same question is asked for a peak-hours tariff increase of 40, 60, 80, and 100% to test
participants’ price sensitivity.

12. Colombia’s hours were selected based on information published on the national operator’'s website, XM.
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Participants also responded to questions that tested their current knowledge of peak hours
tariffs (i.e., "Do you know the electricity peak times in your region?” and “Do you know how
much more expensive the tariff by kWh charged by your energy supplier during peak times is
relative to off-peak times?”) and their current electricity plan (i.e., “Does your energy supplier, in
your current energy plan, charge you a higher fee for the use of electric appliances during peak
times?”). The experiment then informed participants about the peak hours in their region and
asked them to respond whether these matched the days/times they use more electricity in their
household. 44.8% of the participants indicated when the hours were where most electricity was
consumed in their region. Still, only 35.8% knew if their provider was charging them a higher tariff
during that period of consumption.

At this point in the survey, the participant had to choose between two types of plans: a flat-tariff
plan or a Demand Response plan (DR plan). The manipulation was which time-of-use-based
plan. Whereas the flat-tariff plan was always the same for all participants, the survey randomly
assigned participants to one of five different DM plans.

Figure 5 shows what those participants read for each tariff plan. The texts in the treatments
are translations of those offered in the survey. The original texts can be found at the end of
this document (Annex A.2). The original survey was conducted in Spanish and Portuguese. The
experiment then presented the differences between the flat-tariff plan (control option) and DM
plans (condition options).

In the flat-tariff plan, which was characterized as a control plan and was shown as an option
for all participants, the electricity tariff is the same for all day-time hours. Most Latin American
household consumers have their electricity consumption billed based on a flat-tariff plan.
Regarding DM plans, there were five conditional options. Each participant was exposed to only
one DM plan, and they were compelled to decide between that DM plan and the flat-tariff plan.
Figure 5 shows how the plans were presented to participants. The five DM plans are described
below:

¢ Condition 1 - The Peak-hours Tariff Plan: The rate is more expensive during three
peak hours and cheaper during the other 21 off-peak hours each day. As in Australian
DM plans®, the peak hour rate is almost triple the off-peak rate and 80% higher than
the flat tariff, and the off-peak tariff is 30% lower than the flat tariff. Considering a
consumer whose monthly electricity consumption is equal to 150 kWh/ month and
whose demand is equal to 500 W/h during the peak hours and 167 W/h during the
off-peak hours, a reduction of 33% in electricity consumption during peak hours
would result in a reduction of up to 21% in the total electricity bill (in the case the
consumer only decides to reduce consumption). Suppose the consumer decides to
move 33% of their peak-time consumption to an off-peak period. In that case, that
plan will reduce the total electricity bill by 21%.

¢ Condition 2 - The Brazilian Peak-hours Tariff Plan: The rate is more expensive
during three peak hours and cheaper during the other 21 off-peak hours each day.
This plan is similar to the previous Peak-hours Tariff Plan, even though this one
replicates the condition of the Brazilian DM plan instead of those of the Australian
DM plans. Therefore, the peak hour rate is almost triple the off-peak rate and double
the flat tariff, while the off-peak tariff is 20% lower than the flat tariff. Considering a
consumer whose monthly electricity consumption is equal to 150 kWh/ month and
whose demand is equal to 500 W/h during the peak hours and 167 W/h during the
off-peak hours, a reduction of 33% in the electricity consumption during peak hours
would result in a discount of up to 4% in the total electricity bill (in the case the
consumer only decides to reduce consumption).

13. A more detailed account of the Australian DM plans is available at https:;/www.energymadeeasy.gov.au/.
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¢ Condition 3 - AC Control Plan: The consumer who decides to join this plan allows
the distributor to turn off their AC (if necessary) during the three peak hours of each
day. As compensation, the consumer receives a discount of 21% on their electricity
bill. Based on the Brazilian Household Budget Survey survey 2017-2018 (IBGE,
2020), households who own an air conditioning unit declared a monthly electricity
consumption between 185 kWh/month and 333 kWh/month. Also, concerning the
data from IBGE (2020), a simple bottom-up model was built in order to estimate
the participation of each piece of equipment in the total electricity consumption as
to understand the average power and time of use of each domestic appliance. As a
result, the authors estimate that air conditioning is responsible for 33% of electricity
consumption during peak hours. Turning off the air conditioning during peak hours
would reduce peak-hour consumption by 33%. Therefore, the AC Control Plan has the
same result as the Peak-hours Tariff Plan. This plan was offered as a condition in the
experiment only for the air conditioning consumer.

¢ Condition 4 - Heater Control Plan: The consumer who decides to join this plan
allows the distributor to turn off their heater (if necessary) during the three peak
hours of each day. As compensation, the consumer receives a discount of 21% on
their electricity bill. Considering that the heater consumes electricity similarly to
air conditioning, the authors estimated that the heater is responsible for 33% of
the electricity consumption during peak hours. As a result, turning off the heater
during peak hours would reduce peak-hour consumption by 33%. Therefore, the
Heater Control Plan produces the same results as the Peak-hours Tariff Plan. The only
difference is the way the plan is explained to the client. This study assumes that the
explanation of the reduction of heater use during peak times, as an example, makes
it easier for consumers to understand the pros and cons of the plan. This plan was
offered as a condition in the experiment only for the participant/consumer with a
heater.

¢ Condition 5 - Peak-hours Saving Goal Plan: The consumer who adopts this plan
faces an explicit challenge. If they manage to reduce their high-end consumption
by 33%, they receive a 21% discount on their monthly electricity bill. Suppose they
maintain the same level of consumption or reduce consumption but fail to reach the
consumption reduction target during peak hours. In that case, their consumption
continues to be billed at a flat rate. However, suppose there is an increase in peak
hour consumption during. In that case, the consumer’s monthly electricity bill may be
subject to a penalty of up to 8%. The creation of this condition aimed to assess how
consumers reacted to the existence of a goal to be pursued. In other words, the idea
was to analyze if the presence of a goal could make the plan more transparent and
more attractive to the client and increase the adhesion to a DM program.

After opting for one of the plans in one of the above five conditions, participants indicated which
information would be more beneficial for their household to reduce consumption during peak
times. Subsequently, they responded to items that tapped into their perceptions of the quality of
the electricity supply to their household and why they might be interested in reducing electricity
during peak hours. The randomized treatment was applied. The remainder of the questions were
applied in the same order to every surveyed person.

Before they finished the survey, participants responded to some demographic questions,
including: racial background, gender identity, age, educational attainment, place of residence,
individual and household gross monthly income, civil status, occupation, and what portion of
their total monthly income is devoted to paying their energy bill. Afterward, participants receive
a thanks message.

The next section will evaluate the different responses based on the randomized condition, the
plan selection that every person was exposed to concerning other control variables.
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Figure 5. Experimental Conditions
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Condition 5 - Peak-hours saving goal plan

Suppose you reduce consumption by 33% during peak times. In this case, you can receive a discount of up to 21% on your
monthly electricity bill. If you do not change your consumption, your electricity bill will continue to be the same. However,
your bill will be more expensive if you increase your consumption during peak times.
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This section explores the experiment results through statistical analysis and is divided into five
parts. At first, it looks at the composition of the experiment participants. The second examines
the role of consumers’ perception over DR acceptability and likelihood of adopting behavioral
changes with respect to electricity consumption. The third evaluates price sensitivity to see how
keen these users might be to change their consumption as DR policies might increase prices
at some times of the day. The fourth looks at the likelihood of adopting communication tools,
which are essential to a successful DR policy. Finally, a brief section profiling the participants who
accepted the demand response plan in the experiment is included.

6.1 Main Experiment: Preferred peak-hour plan

The authors analyzed the likelihood of participants opting for a DR time-of-use tariff-based
electricity plan when a non-DR flat-tariff plan was available. Each participant needed to choose
between two types of plans. The manipulation was based on the DR type of time-of-use and
utility-based plans presented in the last section. Whereas the flat-tariff plan was always the same
for all participants, the survey randomly assigned participants to one of five different DR-based
plans . Figure 6 summarizes the choices interviewees faced.

14. The authors have run all tests, including demographics as control variables, to provide further robustness to results, and to prevent any demo-
graphic differences among treatment conditions. The results seem to be guarded against cultural or country variations because they are robust
even after controlling for country differences and participants’ demographic differences.
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Figure 6: Summary of Experimental Conditions
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Time-of-use tariff plan

CONDITION 1: Flat-tariff plan vs. Peak-hours tariff plan (was shown to n=1,059 participants)
CONDITION 2: Flat-tariff plan vs. Brazilian Peak-hours Tariff Plan* (shown to n=842)
CONDITION 3: Flat-tariff plan vs. Peak-hours saving goal plan (shown to n=1,018)
CONDITIONS 4 & 5: Flat-tariff plan vs. Peak-hours AC or heater control plans

(shown to n=668 &amp; 356 = 1,024)

Answers were coded as one (1) if the respondent preferred the time-of-use-based-plan, or zero
(0) if the consumer opted for the flat rate. The chi-square test showed that adoption of the
alternative plan is not distributed equally among conditions (y2 (4) = 60.19, p<0.001). The chi-
square test evaluates whether at least one condition is different from the others, but does not
show which conditions are different. Figure 7 shows the main results.

The peak hours saving goal plan was more frequently chosen (57.2%) by consumers willing to
reduce their electricity bill, ranking as the proposed DR plan with the highest level of acceptability
in this study. The peak hours plan (2) inspired by the Brazilian Peak-hours Tariff Plan was chosen
less frequently. These differences are, in all cases, statistically significant in accordance with
customarily required levels indicated in the literature (p<0.001).

Figure 7: Main Results from Experiment
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The authors ran logistic regressions using the peak hours plan as the baseline comparison among
other time-of-use plans to provide further statistical robustness to this finding with respect to the
most acceptable DR plan. The advantage of the logistic model compared to the chi-square is the
inclusion of controls, which reduce possible alternative explanations and deliver a more robust
result. Controls are variables reported by participants (e.g., participants’ income, race, gender,
percentage of the electricity bill they usually pay) that can be used to minimize the exogenous
effects on dependent variable changes (i.e., the decision regarding a time-of-use plan). With the
controls, it is possible to explain only by the independent variables (i.e., the type of a time-of-use
plan). Compared to the chi-square test, logistic regression allows for comparing all alternatives
individually rather than grouped.

There were two models: one ‘controlled’ the participants’ country and demographics; the other
did not identify the country of residence as a control. The dependent variable Choice of plan
would be assumed as “1” if the interviewee chose the DR plan, and “O” if the interviewee chose to
remain with a flat-tariff plan. Thus, the model estimated is as follows:

Choice of plan= a+B_1 White Tariff+B_2 Goal+B_3 AC+B_4 Heater+X'§+0+¢
in which B.1,8 2,8 (3)and B4 are the coefficients of interest, and X'§is the vector of control variables
(natural logarithm of household income in dollars, perceived electricity burden, age, and dummies

for males, marital status, and those who pay half or more of the bill). The coefficient 8 denotes
the country effects in the second model. Table 3 presents the results.

Table 3. Logistic Regression Results

Without country controls With country controls
BrazilianPeak -0.290%* -0.297#*
Hours Tariff (0.708) (0.109)
Saving Goal 0.376%** 0.376%**
(0.099) (0.100)
AC Control 0.183 0.172
(0.116) (0.117)
Heater Control 0.144 0.142
(0.135) (0.136)
Observations 3,045 3,045
Pseudo-R? 0.0109 0.0152
Controls Yes Yes
Country Controls No Yes

Source: Authors’ design, using experiment data
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Even after controlling for participants’ demographics only (Model 1) and participants’ country of
residence (Model 2), the Saving Goal Plan remains the preferred DR plan by consumers in Latin
American countries over a flat plan. The Peak Hours DR Plan (2) remains less likely to be chosen
by consumers in these countries than the other DR time-of-use-based and appliance-based
plans. These results are robust even after the inclusion of demographic and country controls.
In summary, consumers prefer the DR Saving Goal Plan over the alternative. They significantly
dislike the DR Brazilian Peak Hours Tariff Plan. Regarding DR AC or Heater Control options,
consumers seem not to have particular likes or dislikes, which suggests that the plans could
gather support if they are promoted well.

6.2 Psychological perception of the sense of agency and moderation effects

With these results in mind and with the role of agency mentioned in past sections regarding the
efficacy of DR, the variables of the five plans offered are sorted into two categories: (1) those
where the user has control over their goals (i.e., the peak hours plan and the Brazilian White
Tariff plan), and, thus, have a higher sense of agency, and (2) those in which there is a sense of
others’ agency, in which the electricity supplier suggests the goals or exerts external control
over consumption (i.e., the goal plan and the HVAC control plans). Hence, there is a dummy
variable called “agency,” which assumes the value of one (1) if consumers control and define their
reduction goals under the plan, and zero (O) if the electricity provider sets the reduction goal
or the use of HVAC to meet the reduction in bill value. The dependent variable is a dummy for
adopting the alternative plan compared to the flat-rate plan. Thus, the baseline logistic regression
is as follows (which is very similar to the previous specification):

Choice of plan= a+fAgency+X'6+60+¢

The authors also tested interactions of this effect with the income variable, the perceived
electricity burden (i.e., % of the electricity bill over the household income), and the fairness of
peak hours measure (i.e., a variable that assesses consumers’ perception that charging a higher

rate during peak hours is fair). Results are presented in Table 4, below.

Table 4. Results from Agency Logistic Regressions

Model 1 Model 2 Model 3 Model 4
Agency -0.396%+* -0.51 2% -0.428xx -0.51 2%
(0.074) (0.134) (0.1700) (0.135)
Agency x Fairness 0.049
(0.048)
Agency x Perceived Burden 0.153
(0.318)
Agency x Income 0.049
(0.048)
Observations 3,045 3,045 3,045 3,045
Controls Yes Yes Yes Yes
Country FE Yes Yes Yes Yes
Pseudo-R? 0.01 0.01 0.01 0.01

Source: Authors’ design using experiment data
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The first coefficient shows that plans in which the provider sets reduction goals or HVAC
temperature performs better than those in which agency lies with the consumer. In other words,
consumers are less (vs. more) likely to choose the plan when consumers (vs. the provider) exert
control over it. None of the interactions were significant, which shows a very homogeneous
effect of those types of plans among different demographics.

Unlike the Shi et al. (2020) survey results, this experiment found that consumers are interested
in plans that offer the utility the ability to control consumers’ electricity consumption across all
models. This preference becomes clearer still when controlling for fairness and burden perception.
When considering the consumers’ income, consumers preferred tariff plans controlled by the
provider over flat plans. This result points toward the need to explore other plans that reduce
consumers’ necessity to manage their plan consumption, providing solutions guided by electricity
providers when designing DR policies. The difference observed with results of a survey in the US
points out the need to further explore whether cultural elements play a role in the willingness of
households to opt into automatic control programs'™.

6.3 Price sensitivity

Price sensitivity is key to understanding how effective DR programs might be, as well as to
assessing price calibration once implemented to achieve expected results. Five scenarios were
tested in which prices during peak hours are 20%, 40%, 60%, 80%, and 100% higher than off-
peak hour pricing. The likelihood of reducing consumption during peak hours was assessed using
a seven-point Likert scale ®. This study then estimated OLS models using the fairness of peak
hours measure, the perceived electricity burden, and the household income’s natural logarithm
in US dollars. This part of the experiment aimed to understand the full self-perceived behavior
modification resulting from different pricing plans applied to consumers’ current electricity costs.

Experiment participants had, on average, reported a perceived burden of the electricity bill of
about 9.4% of their income. The sampled countries with the lowest relative burden were Chile, at
9.03%, and Brazil, at 9.08%. The highest relative burdens were recorded in Bolivia, at 9.65%, and
Costa Rica, which also registered as 9.65%. These figures are reflected in Figure 8, below. The
survey measured the standard deviation followed by Colombia.

Figure 8. The average percentage of income dedicated to paying the electricity bill

Chile
Brasil
Uruguay
Argentina
Colombia
Mexico
Paraguay
Peru
Panama
Costa Rica

Bolivia

8,60% 8,80% 9,00% 9,20% 9,40% 9,60% 9,80%
Source: Authors’ design using experiment data
15. Such is the case of the Brazilian White Tariff (Tarifa Branca, in Portuguese), which favored standard peak hours pricing and that by their own
account. The study points out that, if reformulated, the White Tariff could have more adopters and bring more benefits to the electric system.

16. Defined as the following levels: extremely improbable, moderately improbable, slightly improbable, nether probable nor improbable, slightly

probable, moderately improbable, and extremely probable.
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As shown below in Figure 9, 17% of participants were likely to reduce consumption if the price
increased by 20%. In comparison, 26% of participant consumers declared that they would likely
change their consumption patterns if the price doubled.

Figure 9. Likelihood of Changing Consumption Time
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Source: Authors’ design using experiment data

In this case, an Ordinary Least Square (OLS)"” model was estimated to explain how the variation
of the Likelihood of Reducing Consumption is explained by the fairness perception, perceived
burden of the electricity bill, and income. The specification is formulated below and regression
results are shown in Table 5.

Likelihood of Reduction= a+p_1 Fairness+p_2 Perceived Electricity Burden+{_3 In (Income)+X'6+6+¢

Table 5: Results from Price Sensitivity

Fairness 0.128#xx 0.136%* 0.142%x 0127 % 0.70T %+
(0.021) (0.023) (0.024) (0.025) (0.025)
Perceived Burden 0.424%x 0.552%xx 0.444* -0.343~* 0.037
(0.151) (0.150) (0.159) (0.169) (0.182)
Income 0.033* 0.027~* 0.016 0.026 0.010
(0.014) (0.014) (0.015) (0.015) (0.017)
Observations 3,020 2,933 2,929 2,907 2916
Controls Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes
R? 0.03 0.03 0.03 0.02 0.01

Source: Authors’ design using experiment data

17. The Ordinary Least Square (OLS) model was chosen instead of a logistic regression because the dependent variable was a 7-point scale rather

than a dummy variable. It required moving away from dummy variables to capture the full variability of the subjects at tcurrent sampling levels.
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The perception of the fairness of the peak hours extra charge (or off-peak hours discount) is
heavily correlated to the likelihood of reduced consumption. People who perceive the DR tariff
as fair tend to reduce consumption moreThis highlights the importance of making consumers
understand the purpose of DR programs, since understanding might signify support and efficacy.

The situation is reversed when looking at the perceived participation of the electricity bill over
the income. In other words, people who use a higher percentage of their income to pay their
bills are less likely to reduce energy usage during peak hours. This effect seems to be caused
because this measure captures the effect of income. People with lower incomes are also those
with a greater percentage of their income paying their energy bills. Recruitment for this study
focused on engaging low- and mid-income participants. Low-income people are in the lower-
income deciles, and those higher in income are not wealthy, but middle-income (except for a few
outliers). The authors thus interpret those with lower vs. higher income in the sample. Those with
lower income in the sample (i.e., very poor) may not have much to change in their consumption;
therefore, they have less room to reduce their consumption in peak hours. In other words, they
have less “discretionary” energy consumption to reduce.

Most people with more income in the sample are not wealthy (and price is important for them),
and they might have more room to change when compared to those participants in the sample
who have lower incomes. Participants reported the percentage of their salary used to pay their
electricity bill (i.e., Perceived Electricity Burden). This paper assumes that the lower the income,
the higher the Perceived Electricity Burden. In other words, the lower the income, the higher the
percentage of salary that goes toward paying their electricity bill. Hence, an inverse relationship
would be confirmed by analyzing a regression with Perceived Electricity Burden as a dependent
variable and participants’ income as an independent variable. The direct correlational effect is
significant (P<.005). Therefore, the experiment has evidence that the higher the income, the
lower the Perceived Electricity Burden. In conclusion, the authors infer that Perceived Electricity
Burden is also a proxy for participants’ income: i.e., lower the perceived burden and higher income.

Inline with thisrationale, Table 5 shows the effect of Perceived Burden and Income on the Likelihood
of Reducing Consumption. The negative impact of Perceived Burden on price sensitivity is in
line with the interpretation that those with higher Perceived Burden have lower income. The
increase of the Perceived Burden decreases price sensitivity because higher Perceived Burden is
associated with lower income. Those poor might have less “discretionary” energy consumption
to reduce’®.

The significant effect of income is on the first increase level (20%) and second increase level
(40%) (Table 5). Effect of income does not seem to impact further increases significantly. In the
sample, families with higher income seem to be more sensitive to price and change behavior in
this initial increase.

Households with lower income in the sample seem to be unable to change their consumption
because their electricity consumption is already the minimum necessary to meet basic electricity
requirements for subsistence. This means they have less room to reduce their consumption more
in peak hours. Meanwhile, participants with more income in the sample (those who are not
wealthy and are probably part of a middle-income class) respond better to changes in prices,
having a little more room to change their behavior when compared to those with lower income
in the sample. This means that even a smaller increase of 20% can reduce energy consumption
in middle-income households during peak hours.

Since the source of the change seems to differ, this suggests that differently applied policies and
programs could be marketed to consumers segmented along these demographic lines. In Annex
A.3, you can find a discussion about the effect of participants’ income, perceived fairness of peak

hours tariffs, and perceived electricity burden on their price sensitivity.

18. Further studies considering household appliances are necessary to explore better this hypothesis.
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6.4 Effect of reminders

The presence of informational strategies might help consumers better change their behavior to
maximize their savings and, by extension, improve the efficacy of the DR policy in accordance, an
outcome that would be congruent with findings from the literature. Five possible interventions
were analyzed on a five- point Likert scale)® two of which provided only reminders, and three that
provided reminders with information. Table 6 shows five different reminders. The intervention
reveals the preferred method of communication to the consumer, enabling them to enact some
form of real-time decision-making over which electricity-consuming activities perform. Options
ranged from a more simplistic form of communication to a more dynamic one. The aim here was
to help inform potential DR design decisions when communicating with residential consumers.
A paired t-test analysis was also performed comparing the pure reminders to reminders with
price information. The paired t-test allows comparison of the means of two conditions, in
this case, the pure reminders to the reminders with information. Results showed that, indeed,
when participants receive information, they declare that they are more likely to reduce energy
consumption ([Mean)_info=3.79, [Mean)_remider=3.68, t(3841)=9.44, p<0.001). There was also a
comparison between app notification versus significant text messages (t=21.30, p<.0001). The
app proved to be better suited than text messages to obtain informational awareness of shifting
prices generated by DR policies.

Table 6: Mean Effect of Different Consumptions Reminder

Pure A text message with 3,343
reminder areminder when Peak
Hours begin and end
Pure A text message with 3,342 3.63 1 5
reminder a reminder when electricity
price reaches a threshold
Text
message Reminder with A text message with info 3,353 374 1 5
price information | on the electricity price paid
for the most electricity-
consuming appliances
Reminder with A text message with 3,339 3.82 1 5
price information | information on current
and forecasted
consumption
Reminder with App notification with 3,339 4.00 1 5
App price information | information on current
notification and forecasted
consumption

Source: Authors’ design using experiment data

19. According to Preedy and Watson (2010), a five-point Likert scale is a type of psychometric response scale in which responders specify
their level of agreement with a statement, typically in five points: (1) Strongly disagree; (2) Disagree; (3) Neither agree nor disagree; (4) Agree;
(5) Strongly agree.
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6.5 Who are those more accepting?

One of the questions about promoting DR to residential users is what type of consumer, with
which type of electricity consumption behavior, would be most likely to participate in DR plans.
The operating hypothesis was that consumers with high electricity-consuming appliances,
such as HVAC, would be more aware of electricity costs and, consequently, propose adopting
a DR plan. To the surprise of the study’s authors, there was no significant difference between
the appliances and the energy sources of DR- accepting participants and non-DR accepting
participants. However, this paper includes that data since this material composition can be
important when devising potential policies and might interest policymakers. 26.9 % of DR
accepting participants had AC.

Analogously and under the same hypothesis, the survey investigated the different fuels used for
cooking, heating, and water warming. Results were likewise non-significant, but the distributions
can be found in Table 7 below.

Table 7: Profile of Fuels Used by Experiment
Participant by the Preference of DR

Heating 43.55% 11.73% 44.72% 43.2% 10.99% 45.81%
Cooking 18.54% 71.21% 10.25% 17.9% 74.04% 8.06%
Warming water 41.97% 37.98% 20.05% 44.62% 33.85% 21.53%

Source: Authors’ design using experiment data
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Consumer empowerment is one of the radical transformations digitalization can bring to the
electricity sector. Historically, consumers (especially small consumers) have been considered
price takers, especially in the short-term. In the context of the energy sector, consumers were
not expected be empowered in their daily decisions.

Due to this history, regulators and policymakers assume that clients cannot react to short-
term price variations. It has also been assumed that costs are higher than the value that
households’ responses can bring to the system. Consequently, regulations and policies
hinder short-term price signals (and sometimes forbid them) to protect consumers. However,
these kinds of assumptions can lead to a vicious cycle. Without price signals, consumers do
not change their behavior, which justifies regulators’ assumptions about the passive role of
consumers. Meanwhile, consumers usually do not know about changes in electricity costs,
nor that it could be possible to pay less if they change their behavior. Historically, this logic
has been justified by the high transaction costs associated with demand response.

So, what has changed (or is changing)? First, digitalization and advanced metering
infrastructure (AMI) allow utilities and consumers to track their electricity consumption in
real-time and to make pre-set decisions based on prices/costs. AMI| substantially decreases
the transaction cost associated with demand response. Second, the growth of variable
renewables increases the difference of peak and off-peak electricity costs substantially. It
means the potential of economic savings associated with demand response increases. In
the energy transition process in which renewables need to increase exponentially over the
next few decades, the value of demand flexibility will increase. Third, the combination with
other technologies that allow price arbitrage, such as storage and electromobility, empowers
consumers and increases their potential to deliver the flexibility the electricity system requires.

In this context, demand response (DR), enabled by the electricity sector’s digitalization, is
part of the future of the electricity sector. DR can increase system efficiency in dealing with
variability while increasing affordability.

Incentives for DR programs can be based on prices (price-based DR programs) or contracts

(contract incentive-based DR programs). The price-based DR programs normally consider
differentiated electricity rates per day-time, also known as Time-of-Use (ToU) tariffs. In this
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case, while tariffs during peak times are higher in order to cover the supply costs, the tariff is
even lower during off-peak times than the conventional flat rate. Therefore, in DR programs
with price-based incentives, consumers can naturally react to different electricity rates.
Conversely, in contract incentive-based DR programs, the consumer signs a contract that
gives the distributor the right to impose consumption limits during some hours of the day
in exchange for a discount on the electricity tariff or total bill. Contract incentive-based DR
programs can provide discounts on the electricity tariff or bill if the consumer achieves a pre-
defined target of consumption reduction.

Demand response policies have been shown to be successful in commercial and industrial
settings. Implementing DR programs for industrial and commercial sectors has already taken
root in several LAC countries. Results from cost evaluations in Jamaica have shown how
beneficial these incentives can be to reduce the exposure of factories and businesses to
unaffordable electricity costs.

The success of DR programs can be replicated in the residential sector, especially with
advances in AMI. In the residential sector, voluntary-adoption price-based DR programs tend
to be more common due to their simplicity. LAC countries such as Brazil, Costa Rica, and
Uruguay, have already implemented some DR programs for households. Most of those DR
programs are based on ToU tariffs and voluntary consumer adoption. In other words, the
consumer can choose to move from a flat tariff program to a ToU tariff program. Such a
program has limited adoption, however. Understanding barriers and potential mechanisms to
overcome them is key to improving adoption.

Based on our analysis, the success of the DR programs is expected to increase exponentially
over the years. However, the experiment reinforced that the success of those programs
will depend on the existence of significant incentives to the residential consumer. Success
will also rely on user-friendly AMI tools, a good communication campaign to explain the
program’s potential benefits to consumers, the inclusion of tips on how to change energy
consumption patterns to respond to electricity price signals, or the provision of additional
HVAC temperature control instruments. In addition, the dissemination of DR programs with
incentive-based contracts could further increase adoption and the efficacy of DR programs
in the residential sector because this type of DR program seems easier for the consumer
to understand and more attractive due to its clear discount on the electricity tariff/bill, as
pointed out by past experiences.

In order to analyze the likelihood of lower- and middle-income households adopting a DR
plan in LAC, this study developed an experiment giving the consumer a choice to move to
a DR plan with a sample of consumers from 11 countries: Argentina, Bolivia, Brazil, Chile,
Colombia, Costa Rica, Mexico, Panama, Paraguay, Peru, and Uruguay.

The main results of the experiment estimate that households could have good acceptance
and understanding of DR programs. Most interviewees understand that it would be fair
to cover supply costs if electricity rates were higher during peak times. More than 50% of
interviewees would be willing to switch to a DR plan in some experimental conditions. Those
conditions included DR programs with targeted or limited incentives, such as the Peak Hour
Saving Goals and the Peak Times HVAC Control.

Viewing the results through the lens of income, middle-income consumers tend to have a
higher sensitivity to variations in electricity prices, reacting to even very low tariff increases.
Even modest variations in price (20% during peak hours) are effective in shifting electricity
consumption behavior for middle-income consumers. However, lower-income consumers
perceive a higher burden of electricity. With these insights in mind, it is logical to think that
DR programs are an interesting opportunity to reduce electricity bill burden in lower-income
households. At the same time, however, lower-income households also have less flexibility
to reduce their consumption during peak times since they are bound to more essential
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activities. DR policies and regulations need to take these findings into account to capture
this positive potential market without introducing or exacerbating burdens of lower-income
consumers. In the next steps, the authors suggest analyzing the potential residential market
for DR programs and developing DR plans according to electricity consumption blocks to
capture the heterogeneity of energy consumption patterns.

It is important to highlight the importance of an awareness campaign to inform energy
customers about the benefits and reasoning behind the DR policy as a means of increasing
its success. Interviewees in this study demonstrated high acceptance of informational
instruments (such as text reminders and notifications from an app that allowed them to
track their electricity consumption). Consumer participants demonstrated a preference
for digitalization and, specifically, the use of apps, to track their consumption; however,
the findings do not exclude the value of text messages. Implementing these informational
instruments would improve consumers’ perceived fairness of the DR programs and their
awareness about their electricity consumption behavior during the day/month/year, as well
as associated costs. In other words, those instruments could help consumers manage their
electricity consumption better and be more engaged in consumption pattern changes. The
implementation of informational instruments might contribute significantly to the adoption
and efficacy of DR programs.

In summary, this study has provided insight into how to devise DR policies to increase their
acceptance by potential residential consumers. The information shared herein included
experimental data, literature reviews, and policy precedents. LAC has seen some DR policies
enacted, aimed at different sectors. As varied DR designs and precedents in other regions
suggest, there is potential to further develop DR in new LAC countries and sectors. DR
programs must be considered a potential and effective solution to reduce LAC electricity
service costs and increase their affordability in the short- and medium-term.
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A.1 Average per capita income and household electricity bill cost:

A comparison between the sample results
and the Brazilian household budget survey

This is the socioeconomic profile of the experiment’s sample from Brazil, excluding outliers® .
(a) Monthly Per capita income (entire household)

10% of the sample: earn less than USD20 - > equivalent to the Ist income decile
of the Brazilian Household Budget
Survey 2017-2018.

25% of the sample: earn less than USD40 - > equivalent to the Tst income decile
of the Brazilian Household Budget
Survey 2017-2018.

50% of the sample: earn less than USD80 - > equivalent to the 2nd income decile
of the Brazilian Household Budget
Survey 2017-2018.

75% of the sample: earn less than USD130 - > equivalent to the 3rd income decile
of the Brazilian Household Budget
Survey 2017-2018.

90% of the sample: earn less than USD230 - > equivalent to the 5th income decile
of the Brazilian Household Budget
Survey 2017-2018.

Mean = earn USD200 -> between the 3rd and the 4th income
decile of the Brazilian Household
Budget Survey 2017-2018.

The monthly per capita income per Brazilian household decile is shown below (Table All). The
data is from the Brazilian Household Budget Survey 2017-2018% .

20. The household overall income mean seems to be elevated because of some outliers. More precisely, a very small group of participants in
the sample reported an extremely high household income (e.g., around 10-15 participants reported household income from USD30k to 100k),
and it is very likely that they included digits by mistake. Therefore, a small number of participants is impacting the mean income, pushing it
higher than it would be otherwise. However, as income was an open-ended question, the study considers the possibility that respondents
could have included a O or ,00 by mistake. Household income higher than USD20k represented around 5% of the sample.

21. The exchange rate was 3,22 reais per dollar from the Brazilian Central Bank for the day of January 15, 2018, available at: http:/www.ipea-
data.gov.br/ExibeSerie.aspx?serid=38590&module=M
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Table A.11. Per capita Income per Brazilian Household Decile, 2018.

Decil 1 S 50.75 S 17.26 S - S 76.21
Decil 2 S 96.98 S 11.70 S 76.21 S 116.50
Decil 3 S 13714 S 11.68 S 11652 S 1567.34
Decil 4 $ 17813 S 12.43 S 15734 S 200.30
Decil 5 S 22642 S 14.90 $ 20031 S 251.42
Decil 6 S 217 S 15.32 S 25142 S 304.34
Decil 7 $ 33993 S 21.15 S 30436 S 378.45
Decil 8 S 43447 $ 35.33 $ 37846 S 502.53
Decil 9 S 61848 S 77.87 S 50254 S 77792
Decil 10 $ 1,766.66 $ 1911.39 S 77794 §  74396.94

* Values in Dollars (December 15th, 2020)

Source: Brazilian Household Budget Survey - POF 2017-2018.

(b) Household Monthly Electricity Bill Cost (entire household)

10% of the sample: pay less than
USD12 (R$60) on average per month ->

25% of the sample: pay less than
USD18 (R$90) on average per month ->

50% of the sample: pay less than
USD24 (R$120) on average per month ->

75% of the sample: pay less than
USD36 (R$180) on average per month ->

90% of the sample: pay less than
USD50 (R$250) on average per month ->

Mean = pay USD28 (R$140)
on average per month ->

equivalent to the 2nd income decile of the Brazilian
Household Budget Survey 2017-2018.

equivalent to the 3rd income decile of the Brazilian
Household Budget Survey 2017-2018.

equivalent to the 4th income decile of the Brazilian
Household Budget Survey 2017-2018.

eqguivalent to the 6th income decile of the Brazilian
Household Budget Survey 2017-2018.

equivalent to the 8th income decile of the Brazilian
Household Budget Survey 2017-2018.

equivalent to the 5th income decile of the Brazilian
Household Budget Survey 2017-2018.
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The cost of the Brazilian household electricity bill is presented per decile (Table Al12.).

Table A.1.2. Average Monthly Electricity Bill Cost per Household Decile, 2018

Decil 1 S 7.81 S $ 0.75 S 1152
Decil 2 S 14.50 S 1.68 $ 11.53 S 1707
Decil 3 S 19.54 S 1.38 § 17.08 S 2193
Decil 4 S 24.55 S 1.49 $ 2194 S 2713
Decil 5 S 29.84 S 1.66 § 2713 $ 3283
Decil 6 S 36.84 S 1.90 § 3283 S 39.29
Decil 7 S 43.25 S 2.50 S 39.29 S 4789
Decil 8 S 53.61 S 3.42 S 4790 $  59.99
Decil 9 S 69.10 S 6.34 S 60.00 $ 8245
Decil 10 S 12112 S 47.73 § 8245 S 56865

* Values in Dollars (December 15th, 2020)



A.2. Experiment questionnaire in original format
Start of Block: Consentimento

consent_form DOCUMENTO DE CONSENTIMIENTO INFORMADO
Comportamiento de consumo eléctrico residencial

El propdsito de esta investigacion es conocer su opinion y habitos de consumo eléctrico. Se lleva
a cabo con fines académicos y de politica publica cuyos datos serdn analizados como parte de
una colaboracion con el Banco Interamericano de Desarrollo (BID).

Si participa, tomara decisiones hipotéticas en una encuesta en linea y proporcionard cierta
informacidén sobre usted.

Responder el cuestionario le puede tomar unos 10 minutos.

Sus datos serdn confidenciales y sus respuestas siempre serdn analizadas de forma andnima,
junto con las respuestas de otros encuestados, nunca de forma individual. Su participacion
es totalmente voluntaria y no implica riesgos anticipados. Si en algun momento tiene dudas
sobre la investigacion o su participacion, puede contactar a los investigadores: Jorge Jacob
(Investigador): jorgejacob@gmail.com, Rodrigo Leite: rodrigo.de.oliveira.leite@gmail.com, Jesus
Montuenga (BID): JESUSCHU®@iadb.org, Mariana Weiss (BID): MARIANAWE@iadb.org

part_consent ¢Estd de acuerdo en participar en este estudio?
O Si (4)

| No (5)

Skip To: End of Survey If éEsta de acuerdo en participar en este estudio? = No
End of Block: Consentimento

Start of Block: partic_billshare
partic_billshare
Gracias por participar. iVamos a empezar!

Comenzaremos con algunas preguntas sobre el uso actual de electricidad en su hogar.
dQué porcentaje de la factura de electricidad total de su hogar paga al mes habitualmente?

O 0% - No pago nada de la factura. (1)
O 1% a 49% - Pago menos de la mitad de la factura. (4)
O 50% - Pago la mitad de la factura. (5)
O 51% a 100% - Pago mas de la mitad de la factura. (6)

End of Block: partic_billshare

Start of Block: partic_billvalue
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partic_billvalue_avg

dCudl es el valor promedio de la factura de electricidad de su hogar por mes?
(Considerando los ultimos dos afos)

[Responda solo en nimeros, en su moneda local. No incluya centavos (gj .: 150).]

partic_billvalue_hig

dCual fue el valor méaximo gue pagd por su factura de luz eléctrica?
(Considerando los ultimos dos anos)

[Responda solo en nimeros, en su moneda local. No incluya centavos (ej .: 150).]

partic_billvalue_low

dCual fue el valor minimo que pagd por su factura de luz eléctrica?
(Considerando los ultimos dos afos)

[Responda solo en nimeros, en su moneda local. No incluya centavos (gj .: 150).]

Page Break
partic_appliances Indigue si tiene o no los siguientes articulos en su hogar:

Si(h No (2)
Calentador eléctrico (49) O O
Aire econdicionado (66) | O
Ventilador (68) | O
Computadora (laptop, notebook, tableta) (28) O O
Celular con acceso a internet (Smartphone) (37) O O
Servicio de internet (44) O O
Acceso a la red eléctrica (45) | O
Contador eléctrico particular (69) O O
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End of Block: partic_billvalue

Start of Block: timeofusetariff fairness

timeofusetariff_fair
Lea atentamente la siguiente informacion:

Los proveedores de electricidad son empresas que suministran electricidad a los hogares.
Por lo general, cobran la misma tarifa por cada unidad de electricidad utilizada (kWh),
independientemente del tiempo de uso.

Sin embargo, en algunas horas del dia la utilizacion de electricidad por los hogares en una ciudad
es la mas alta (las horas punta). Durante estos horarios, los proveedores de electricidad tienen
costos adicionales para cumplir el uso de sus clientes.

part_timeofuse_fairn Teniendo eso en mente, por favor, marque los siguientes elementos:

Es justo que un proveedor de electricidad cobre una tarifa mas
alta durante las horas de pico (pico). (4)

Totalmente en Desacuerdo (18)

En Desacuerdo (19)

Algo en Desacuerdo (20)

Ni de Acuerdo Ni en Desacuerdo (21)
Algo de Acuerdo (22)

De Acuerdo (23)

Totalmente de Acuerdo (24)

Ooooooon

Page Break

part_timeofuse_sensi En caso de que un proveedor de energia cobre a su hogar una tarifa por la
electricidad mas alta durante las horas pico.

dQué posibilidades hay de que reduzca su consumo en horas de pico a horas de donde gue no
sean pico si su tarifa es?:

20% mas durante las horas

de pico, en comparacion con

las horas donde no se da el pico. (1) Extremadamente Improbable (32)
Moderadamente Improbable (33)
Ligeramente Improbable (34)

Ni probable Ni Improbable (35)
Poco Probable (36)
Moderadamente Probable (37)

Muy Probable (38)

Ooooooon
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40% mas durante las horas de pico,
en comparacion con las horas donde
no se da el pico. (4)

Ooooooon

Extremadamente Improbable (32)
Moderadamente Improbable (33)
Ligeramente Improbable (34)

Ni probable Ni Improbable (35)
Poco Probable (36)
Moderadamente Probable (37)
Muy Probable (38)

60% mas durante las horas de pico,
en comparacion con las horas donde
no se da el pico. (5)

Ooooooon

Extremadamente Improbable (32)
Moderadamente Improbable (33)
Ligeramente Improbable (34)

Ni probable Ni Improbable (35)
Poco Probable (36)
Moderadamente Probable (37)
Muy Probable (38)

80% mas durante las horas de pico,
en comparacion con las horas donde
no se da el pico. (6)

Ooooooon

Extremadamente Improbable (32)
Moderadamente Improbable (33)
Ligeramente Improbable (34)

Ni probable Ni Improbable (35)
Poco Probable (36)
Moderadamente Probable (37)
Muy Probable (38)

Precio 100% mas alto (el doble) durante
las horas de pico, en comparacion con las
horas donde no se da el pico. (7)

End of Block: timeofusetariff _fairness

Ooooooon

Extremadamente Improbable (32)
Moderadamente Improbable (33)
Ligeramente Improbable (34)

Ni probable Ni Improbable (35)
Poco Probable (36)
Moderadamente Probable (37)
Muy Probable (38

Start of Block: timeofusetariff awareness
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part_timeofuse_awa .

Si (30)

No (31

dSabe a qué hora es la hora
de pico de uso de electricidad
en su region? (2)

¢Sabe cuanto mas caro cobra

su proveedor de energia la tarifa
por kWh durante las horas de pico
en relacion con las horas fuera

de pico? (3)

{Tiene su ciudad o regidon una tarifa
con valores que diferencia cuando
realiza uso eléctrico en horario de
pico y fuera de éI? (1)

End of Block: timeofusetariff _awareness

Start of Block: peaktime_info

peaktime_info La hora de picos de uso de electricidad en su region es:

De 7 hasta 10h de la noche (= 3 horas al dia)

Teniendo en cuenta eso, responda las siguientes preguntas.

partic_time_mostuse éCorresponde este periodo de horas de pico a la hora del dia en que su

hogar consume mas electricidad (por ejemplo, electrodomésticos)?
O Si. Usamos maés electricidad durante esta hora de punta. (4)

O Si, EN PARTE. Usamos tanta electricidad dentro del horario

de pico como fuera de el. )

O NO. No utilizamos mas la electricidad durante esta hora de pico. (6)

End of Block: peaktime_info

Start of Block: cond_heater
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cond_heater Imagine que su proveedor de electricidad ofrece estos dos planes para su hogar.
cQué plan elegirias?  [Horas pico en su region: 7 hasta 10h de la noche] Duracion total = 3 horas

O Plan A Tu tarifa es la misma independientemente de la hora del dia. (2)
O Plan B Durante las horas de pico, permites que tu proveedor de electricidad

apague tu calentador (solo si tu proveedor lo necesita) y tienes un descuento
de hasta un 21% en tu factura total de la luz.  (4)

End of Block: cond_heater

Start of Block: cond_horasdepico

cond_horasdepico Imagine que su proveedor de energia ofrece estos dos planes para su hogar.

<Qué plan elegirias?

[Horas pico en su region: 7 hasta 10h de la noche] Duracion total = 3 horas

O Plan A Tu tarifa es la misma independientemente de la hora del dia. (1)

O Plan B Su tarifa es mas cara durante las horas de pico y mas barata fuera de estas
horas pico. La tarifa de las horas de pico es casi el triple que las horas de menor actividad.

Si reduce su uso en un 33% durante las horas de pico, su factura total de la
luz se reduce enun 21%. (2)

End of Block: cond_horasdepico

Start of Block: cond_goal
cond_goal Imagine que su proveedor de electricidad ofrece estos dos planes para su hogar.
<Qué plan elegirias?
[Horas pico en su region: 7 hasta 10h de la noche] Duracion total = 3 horas
O Plan A Tu tarifa es la misma independientemente de la hora del dia. (1)
O Plan B Si reduce su uso en un 33% durante las horas de pico, su tarifa disminuira
y su factura total de la luz se reducira hasta en un 21%. Sin embargo, si continla

con su consumo eléctrico la factura total de la luz se mantiene, pero si aumenta
su uso durante las horas de pico ,su factura total de la luz aumenta. )

End of Block: cond_goal

Start of Block: cond_peakhours_Brazil
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cond_peakhours_Brazi Imagine gque su proveedor de electricidad ofrece estos dos planes para
su hogar. ¢Qué plan elegirias?

[Horas pico en su region: 7 hasta 10h de la noche] Duracion total = 3 horas
O Plan A Tu tarifa es la misma independientemente de la hora del dia. (1)

O Plan B Su tarifa es mas cara durante las horas de pico y mas barata fuera de estas
horas pico. La tarifa de las horas de pico es casi el triple que las fuera de estas horas pico.
Si reduce su uso en un 33% durante las horas de pico, su factura total de la luz
se reduce en hasta 4%. (2)

End of Block: cond_peakhours_Brazil

Start of Block: cond_AC

cond_AC Imagine que su proveedor de electricidad ofrece estos dos planes para su hogar.
<Qué plan elegirias?

[Horas pico en su region: 7 hasta 10h de la noche] Duracion total = 3 horas

O Plan A Tu tarifa es la misma independientemente de la hora del dia. (1)

O Plan B Durante las horas de pico, permites que tu proveedor de electricidad apague
tu aire acondicionado (solo si tu proveedor lo necesita) y tienes un descuento
de hasta un 21% en tu factura total de la luz. )

End of Block: cond_AC

Start of Block: DV_prefered_reminder

DV_prefered_interven

Ahora, imagine que le gustaria reducir el consumo de electricidad de su hogar durante las horas
de pico.

dQué tipo de informacion proporcionada por el proveedor de electricidad cree que seria mas
eficaz para que su hogar redujera el consumo durante las horas de pico?

Mensajes de texto con informacion sobre
qué electrodomésticos suelen consumir
mas electricidad y cuanto se paga
aproximadamente por ellos. (33) Definitivamente No (23)
Probablemente No (24)
Tal Vez (25)
Probablemente Si (26)

Definitivamente Si (27)

Oooooao
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Mensajes de texto recibidos cuando

comienzan y termina las horas de pico. (34) O Definitivamente No (23)
O Probablemente No (24)
O Tal Vez (25)
O Probablemente Si (26)
O Definitivamente Si (27)

Un mensaje de texto cuando el precio

de la electricidad es superior a un limite

estimando el horario pico. (35) O Definitivamente No (23)
O Probablemente No (24)
O Tal Vez (25)
O Probablemente Si (26)
O Definitivamente Si (27)

Un mensaje de texto con tu consumo

actual y prevision de la factura de la luz

a final de mes. (36) O Definitivamente No (23)
O Probablemente No (24)
O Tal Vez (25)
O Probablemente Si (26)
O Definitivamente Si (27)

Una aplicacion para el celular con

notificaciones de tu consumo

de electricidad y él pronostican

el costo final de su factura de la luz. (37) O Definitivamente No (23)
O Probablemente No (24)
O Tal Vez (25)
O Probablemente Si (26)
O Definitivamente Si (27)

End of Block: DV_prefered reminder

Start of Block: manp_check
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manipulation_check En esta investigacion mostramos dos planes hipotéticos de consumo de
luz. ¢Cual de los siguientes planes era uno de ellos?

O Si reduce su consumo electrico en un 33% durante las horas de pico,
su factura total de luz puede reducirse hasta en un 21%. (21

O Si reduce su consumo electrico en un 33% durante las horas de pico,
su factura total de luz puede reducirse hasta en un 4%. (22)

O Si reduce su consumo electrico en un 33% en horas pico, su tarifa disminuye
y su factura total de luz se puede reducir hasta en un 21%.
Si no altera su consumo su factura de la luz no cambia. (23)

O Si deja que su proveedor de electricidad apague su aire acondicionado
o calentador en los horarios de pico, obtendra un descuento
de hasta el 21% en su factura total de luz. (24)

End of Block: manp_check

Start of Block: partic_consumption_motives

partic_consumption_m

Indigue en qué medida estd de acuerdo o en desacuerdo con los siguientes puntos:

Me gustaria reducir consumo

de electricidad en mi hogar por
cuestiones medioambientales. (1) Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

OOooooon

Me gustaria reducir consumo
de electricidad en mi casa para
ahorrar dinero. (2) Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

OOooooon
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Me gustaria reducir el consumo de
electricidad en mi casa, pero es muy
dificil porque tengo que educar a otras
personas gue viven conmigo. (3)

Ooooooon

Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

He tenido dificultades en los ultimos
anos para pagar mi factura de luz. (5)

Ooooooon

Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

Normalmente evito usar dispositivos
electrénicos debido al costo
de la electricidad. (6)

Ooooooon

Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

Me gustaria usar el aire acondicionado
o la calefaccion con mas
frecuencia en mi casa. (7)

Ooooooon

Totalmente en Desacuerdo (11)

En Desacuerdo (12)

Algo en Desacuerdo (13)

Ni de Acuerdo Ni en Desacuerdo (14)
Algo de Acuerdo (15)

De Acuerdo (16)

Totalmente de Acuerdo (17)

part_perc_use_same En comparacion con personas con el MISMO nivel socioecondmico que el
tuyo, écodmo crees gque es tu consumo de electricidad?

O SUPERIOR al consumo promedio de los demas. (1)
O IGUAL al promedio de los demés. (13)
O INFERIOR al consumo promedio de los deméas. (2)
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part_perc_use_high En comparacion con personas con el nivel socioecondmico SUPERIOR que

el tuyo, écomo crees que es tu consumo de electricidad?

O SUPERIOR al consumo promedio de la gente como yo. (1)
O IGUAL al promedio de la gente como yo. (13)
O INFERIOR al consumo promedio de la gente como yo. (14)

partic_elect_supplie éCual es el nombre de su proveedor de electricidad?
(Si no recuerda, déjelo en blanco)

partic_electr_source éCudl es la principal fuente de energia que utiliza en su casa para

Energia Eléctrica (1)
Gas Canalizado (4)
Bombona de Gas (5)
Leha (7)

Otros (8)

Ninguno (9)

Calentar la casa (1)

OoOoooon

Cocinar (2) Energia Eléctrica (1)
Gas Canalizado (4)
Bombona de Gas (5)
Leha (7)

Otros (8)

Ninguno (9)

OoOoooon

Calentar Agua (3) Energia Eléctrica (1)
Gas Canalizado (4)
Bombona de Gas (5)
Leha (7)

Otros (8)

Ninguno (9)

OoOoooon
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partic_Interr_freq
Respecto al suministro de energia eléctrica en su hogar el afio pasado ...
En promedio, {con qué frecuencia ha tenido cortes de electricidad?

Diario (11

4-6 veces por semana (12)
2-3 veces por semana (13)
Una vez por semana (14)
Una vez al mes (15)

Nunca (16)

OoOoooon

partic_Interr_durati .

En promedio, ¢cuadnto duraron
las interrupciones y apagones
del suministro eléctrico? (1) o

1-3min (2)
4-15min (3)
16-40min (4)
41-59min (5)
1-3h (6)

4-10h (7)

1-23h (8)

1-2 dias (9)

3-5 dias (10)

6 dias o mas (11)

OO0OoOoO0O0Ooooon

dCuanto duro el apagon eléctrico
o corte de luz mas largo? (2) om

1-3min (2)
4-15min (3)
16-40min (4)
41-59min (5)
1-3h (6)

4-10h (7)

1-23h (8)

1-2 dias (9)

3-5 dias (10)

6 dias o mas (11)

OO0OoOoO0O0Ooooon
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partic_interr_conse Sobre los costos asociados a estos apagones eléctricos o cortes de luz:

¢Se dand algun equipo? (1) O
O
O

Si (1)
No (2)
No tuve interrupciones (3)

dHa recibido una compensacion
econdmica por la interrupcion

del servicio eléctrico? (7) O si
O No (@)
O No tuve interrupciones (3)
dHa recibido una compensacion
econdmica por el equipo daflado
por el corte de luz? (8) O si
O No (@)
O No tuve interrupciones (3)
¢Fue necesario contactar al
distribuidor o regulador para
solucionar el problema? (9) O si
O No (@)
O No tuve interrupciones (3)

Page Break

End of Block: partic_consumption_motives

Start of block: demographics

todelete_13 Antes de terminar, responda a estas preguntas demogréaficas:

race ¢Cual es su origen racial?
V Asiatico (5) ... Prefiero no contestar (9)

gender ¢Cual es su identidad de género?

V¥ Masculino (1) ... Otro (13)

age ¢Cudl es tu edad? (En afos | solo nimeros enteros)

V¥ 18 (1) ..850mas (68)

education

¢Cual es el nivel educativo mas alto que ha alcanzado?
V Educacion Basica Incompleta (1) ... Prefiero no contestar (10)
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nacionalidad ¢Donde vive actualmente?
V Argentina (7) ... Otro (110)

state_live ¢En qué ESTADO/PROVINCIA vive actualmente?

Page Break

*

partic_income ¢éCual es su ingreso total en un mes antes de impuestos? [Responda

numeros, en su moneda local. No incluya centavos (ej .: 150).]

solo en

partic_incomeshare b

¢Cuanto de su ingreso mensual total se dedica a pagar su factura de energia? [Responda solo en

numeros, en su moneda local. No incluya centavos (ej .: 150).]
V¥ 5% o menos (7) .. 101% o mas (18)

*

partic_income_hh ¢Cudl es el ingreso total de TODOS los miembros de su hogar en un mes antes

de impuestos? (Incluidos sus ingresos y los de otros miembros de su familia).
en numeros, en su moneda local. No incluya centavos (ej .. 150).]

[Responda solo

partic_residents_hh ¢Cudntas personas en total viven o se quedan en su casa?
V1(1)..120mas (15)

Page Break

*

civil_status éEsta casado, viudo, divorciado, separado o nunca se caso?
V¥ Casado (1) ... Nunca Casado (5)
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*

work
¢Qué enunciado describbe mejor su situacion laboral actual?
V Trabajando (Trabajo Asalariado) (1) ... Sin trabajo (Otro) (10)

End of Block: demographics

Start of Block: Thanks

Thanks iMuchas gracias por su participacion!

End of Block: Thanks
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A.3 The effect of participants’ income, perceived fairness of peak hours tariffs,
and participants’ perceived electricity burden on their price sensitivity

First, the paper examined the effect of participants’ income (Table A.31), perceived fairness
of peak hours tariffs (Table A.3.2), and participants’ perceived electricity burden (Table A.3.3)
on their willingness to reduce consumption during on-peak hours (a proxy for their electricity
consumption-related price sensitivity). The effect of each one of these variables was analyzed
separately. Then, these three variables were assessed together in the same regression (Table
A.3.4). All these regressions control for variations in consumers’ demographics.

When analyzed separately, participants’ income impacts their price sensitivity, especially an initial
price increase (Table A.31). Participants’ perceived fairness of peak hours tariffs (Table A.3.2)
and participants’ perceived electricity burden (Table A.3.3) also impact their price sensitivity and
almost all price increase levels. Comparing the tables, participants’ income (Table A.3.1) has a less
stable impact on participants’ price sensitivity relative to participants’ perceived fairness (Table
A.3.2) and participants’ perceived electricity burden (Table A.3.3), since these two variables
impact participants in more price increases.

To check the final effect on the price sensitivity of each one of these variables, the paper relies
on regression models including all these three variables together (Table A.3.4). Table A.3.4 shows
that participants’ income significantly affects participants’ price sensitivity, but only on the first
price increase. For the remaining levels of increase, the effect of income does not appear to reach
significance when these other variables are considered. Thus, income had a less stable effect on
their price sensitivity when compared to the effect of fairness and perceived electricity burden,
that more consistently impacted participants’ price sensitivity.

Table A.3.1. Impact of Income on Willingness of Reducing Consumption During Peak Hours

Price increase Model 20% Model 40% Model 60% Model 80% Model 100%

DV: Willingness to reduce consumption during peak hours (more price sensitive)

Income 0.037# 0.025 0.020 0.022 0.008
(0.013) (0.013) (0.014) (0.014) (0.015)

Controls1 Yes Yes Yes Yes Yes

# Observations 3,078 2,988 2,985 2,961 2,969

R-squared 0.019 0.018 0.011 0.011 0.008

Notes: Standard errors in parentheses, *** p<0.01, ** p<0.05,
1 Controlled for consumers' age, gender, race, social status, country, and % of the bill paid
Source: Authors' design, using experiment data
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Table A.3.2. Impact of Fairness on Willingness to Reduce Consumption

During Peak Hours (more price-sensitive)

Fairness 0.140%*x 0.130%** 0.134#xx 0.113#xx 0.100%**
(0.020) (0.020) (0.022) (0.023) (0.025)
Controls1 Yes Yes Yes Yes Yes
Observations 3,699 3,603 3,593 3,570 3,577
R-squared 0.026 0.023 0.019 0.015 0.011

Notes: Standard errors in parentheses, **+ p<0.01, ** p<0.05,
1 Controlled for consumers' age, gender, race, social status, country, and % of the bill paid

Source: Authors' design, using experiment data

Table A.3.3. Impact of Perceived Burden of the Electricity Bill on Willingness
to Reduce Consumption During Peak Hours (more price-sensitive)

Perceived Burden -0.37 2% -0.57 2% -0.459%+x -0.389% -0.127
(0.140) (0.141) (0.149) (0.157) (0.169)

Controls1 Yes Yes Yes Yes Yes

# Observations 3,552 3,464 3,455 3,432 3,442

R-squared 0.016 0.018 0.011 0.009 0.006

Notes: Standard errors in parentheses, *** p<0.01, ** p<0.05,
1 Controlled for consumers' age, gender, race, social status, country, and % of the bill paid

Source: Authors' design, using experiment data



Table A.3.4. Impact of Income, Fairness and Perceived Burden of the Electricity Bill
on Willingness to Reduce Consumption During Peak Hours (more price-sensitive)

Fairness 0.128#xx 0.136%** 0.142%x 0.127##x 0.107##x
(0.023) (0.023) (0.024) (0.025) (0.027)
Perceived Burden -0.424%xx -0.552xx -0.444xx -0.343#* -0.037
(0.151) (0.151) (0.159) (0.169) (0.182)
Income 0.033#* 0.027 0.016 0.026 0.010
(0.014) (0.014) (0.015) (0.015) (0.017)
Controls1 Yes Yes Yes Yes Yes
Observations 3,020 2,933 2,929 2,907 2,916
R-squared 0.033 0.035 0.026 0.020 0.013

Notes: Standard errors in parentheses, *** p<0.01, ** p<0.05,
1 Controlled for consumers' age, gender, race, social status, country, and % of the bill paid

Source: Authors' design, using experiment data

69



OIDB



	Empowering-electricity-v4



