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Two critical steps for reaching lower carbon economies are associated with the performance

of electricity markets. First, at the generation level, it is essential to advance in the decarbonization

of the electricity mix. Second, at the consumption level, it is fundamental to incentivize a

shift from fossil fuels to electricity use within the transportation, industrial, commercial, and

residential sectors. Also, the study of these markets in developing economies is essential because

nearly all the growth in energy demand is forecasted to come from those countries (Wolfram et

al. (2012)). My dissertation consists of three essays related to electricity provision in developing

countries.

The first essay is about demand-side management programs among poor households in

Colombia. I evaluate how low-income households in a major Colombian city respond to an

unexpected hybrid price/non-price energy-saving policy. Using hourly household electricity

consumption data I find that, on average, households reduce electricity consumption by 4.5% as

a result of the policy. It is striking is that even low-income households, who consume relatively

small amounts of electricity, respond to energy-saving policies and can engage in conservation

behaviors in the short term, helping the electricity sector avoid blackouts. The effect is stronger



the higher the household pre-treatment electricity consumption levels and smaller among poorer

households. However, the heterogeneity in terms of income level vanishes once I control for

household pre-program electricity consumption levels.

The second one is related to the cost of regulation in wholesale electricity markets and

provides evidence for the Chilean market. The paper concerns the side effects of price controls

in regulated industries: I unveiled inefficiencies associated with cost-based offer prices -offers set

administratively- in wholesale electricity markets. Using variation in the competitive environment

introduced by a major transmission interconnection between the Southern and the Northern

regions in Chile, I show that with the commissioning of the new transmission line, the difference

in the average cost-based offer prices between coal generating units of both areas increased

by 20%. This finding is puzzling because theory suggests that an electricity interconnection

should increase the extent of competition faced by electricity suppliers at both ends of it, which

should imply that their offer prices tend to converge. This unexpected result directly results from

manipulating the main cost parameter firms report to the regulator: the coal price. I argue that

what explains this behavior is the existence of a regulatory distortion inherent to cost-based offer

price wholesale market designs that compensate generating units that operate with losses, such

that they will always receive a payment for the electricity they sell at least equal to their cost-

based offer price, which, under certain circumstances, lead them to inflate their reported cost

parameters. The adverse effect of this regulation increases in an abundance of renewable-based

electricity, such as solar or wind-based ones, as is the case of the Chilean electricity market.

The main implication on market outcomes associated with the opportunistic behavior I found,

compare to a situation in which the coal price is imputed by the regulator, is an increase of the



wholesale market price of 2.9% for the six months after the interconnection. The increase in the

wholesale market price would imply a transfer from consumers to producers of US$ 88 MM in

a period of one year, equivalent to 2.9% of the total revenue of the system and 6.7% of the total

cost of generation.

The third essay is about the role of governance and management in Latin American and

Caribbean countries electric utilities’ performance. The paper empirically analyzes the role

of governance and management of electricity distribution utilities in the quality of the service

provided and their profitability. To measure the quality of service, we use a customer satisfaction

index and two standard measures of electricity service interruption -SAIDI and SAIFI. For the

profitability variables, the analysis is made on the EBITDA and assets rate of return. Using

data from 17 Latin America and Caribbean countries and 150 electricity distribution utilities,

we found that establishing instances of governance and managements controls, investing in their

commercial strategy, and improving the technical and operational capacity to reduce losses will

result in a better service for their customers and higher returns for their investors. Moreover,

the paper found that governance and management variables explain, in a not lesser percentage,

the high heterogeneity observed among companies in their quality-of-service and profitability

indicators.
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José Manuel Eguiguren Cosmelli

2022



Acknowledgments

I want to express my most profound appreciation to Professors Anna Alberini and James

Archsmith, whose advice, support, and encouragement have been invaluable throughout this

journey.

ii



Table of Contents

Acknowledgements ii

Table of Contents iii

List of Tables vi

List of Figures viii

Chapter 1: Responsiveness of Low-Income Households to Hybrid Price/Non-Price Policies
in the Presence of Energy Shortages: Evidence from Colombia 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Context and Policy Background . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.1 Colombia was Threatened by Energy Blackouts . . . . . . . . . . . . . . 4
1.2.2 The Policy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.2.3 Electricity Supply in Cali . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 The Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.3.1 General Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.3.2 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.3.3 Missing Values . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.3.4 Randomness of the Missing Values . . . . . . . . . . . . . . . . . . . . . 16
1.3.5 More Data to Check Robustness of the Results to Missing Values . . . . . 19

1.4 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.4.1 First Empirical Approach . . . . . . . . . . . . . . . . . . . . . . . . . . 21
1.4.2 Second Empirical Approach . . . . . . . . . . . . . . . . . . . . . . . . 22

1.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
1.5.1 Main Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
1.5.2 Heterogeneous Effects . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
1.5.3 Missing Values Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

1.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

Chapter 2: The Cost of Regulation: Evidence from an Electricity Interconnection 34
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.2 Institutional Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.2.1 The Chilean Wholesale Electricity Market . . . . . . . . . . . . . . . . . 43
2.2.2 Renewables Penetration and Operation with Losses . . . . . . . . . . . . 46
2.2.3 Coal Generating Units Operating with Losses . . . . . . . . . . . . . . . 50

iii



2.2.4 Compensatory Payment for the Losses . . . . . . . . . . . . . . . . . . . 51
2.2.5 Opportunities for Strategic Behavior . . . . . . . . . . . . . . . . . . . . 52
2.2.6 Interconnection and Change in the Market Environment . . . . . . . . . . 55

2.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
2.4 Theoretical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

2.4.1 Stylized Economic Model . . . . . . . . . . . . . . . . . . . . . . . . . 60
2.4.2 Expected Profits . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.4.3 Expected Profits with Compensatory Payment . . . . . . . . . . . . . . . 63
2.4.4 Compensatory Payment Regulation and Optimal Reporting Behavior . . . 64
2.4.5 Effect of the New Transmission Line on Optimal Reporting Behavior . . 67

2.5 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
2.5.1 Predicted Counterfactual . . . . . . . . . . . . . . . . . . . . . . . . . . 71
2.5.2 Identification Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

2.6 Empirical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
2.6.1 Evidence of the Change in Behavior . . . . . . . . . . . . . . . . . . . . 75
2.6.2 Impact on Reported Coal Prices . . . . . . . . . . . . . . . . . . . . . . 78

2.7 Counterfactual Policy Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
2.7.1 Effect of Inflating the Cost-based Offer Price . . . . . . . . . . . . . . . 82
2.7.2 Measuring the Effect of Cost-based Offer Price Inflation . . . . . . . . . 86
2.7.3 Counterfactual Scenario . . . . . . . . . . . . . . . . . . . . . . . . . . 90

2.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

Chapter 3: Role of Governance and Management in Electric Utilities’ Performance:
Evidence for Latin America and the Caribbean 94

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
3.2 Performance Indicators of Electric Utilities and their Determinants . . . . . . . . 99

3.2.1 Service Quality and Profitability Indicators . . . . . . . . . . . . . . . . 100
3.2.2 Determinants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

3.3 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
3.4 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

3.5.1 Estimated Coefficients . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
3.5.2 Effects of Governance and Management on Quality and Profitability . . . 119
3.5.3 Decomposition of the Coefficient of Determination . . . . . . . . . . . . 121

3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

Appendix A: Chapter 1 Appendix 126
A.1 Appendix 1. Example of an Electricity Bill. . . . . . . . . . . . . . . . . . . . . 126
A.2 Appendix 2. Alternative Empirical Approach . . . . . . . . . . . . . . . . . . . 127
A.3 Appendix 3: Additional Figures and Tables . . . . . . . . . . . . . . . . . . . . 128

Appendix B: Chapter 2 Appendix 131
B.1 Table Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

B.1.1 Regression Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
B.1.2 Descriptive Statistics Tables . . . . . . . . . . . . . . . . . . . . . . . . 136

iv



B.2 Figure Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
B.3 Modeling the Coal Price Predicted Counterfactual . . . . . . . . . . . . . . . . . 140

B.3.1 Reporting Coal Price Process . . . . . . . . . . . . . . . . . . . . . . . . 140
B.3.2 Reported Coal Price Identity . . . . . . . . . . . . . . . . . . . . . . . . 143

B.4 Simulation Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

Appendix C: Chapter 3 Appendix 157
C.1 Correction for Missing Observations . . . . . . . . . . . . . . . . . . . . . . . . 157
C.2 Robustness of the Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

Bibliography 166

v



List of Tables

1.1 Price Structure on March 2016 . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.2 Sample Distribution across Comunas . . . . . . . . . . . . . . . . . . . . . . . . 11
1.3 Cali Household Characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.4 Pre-Treatment Average Hourly Electricity Consumption (kWh) . . . . . . . . . . 13
1.5 Daily Total Consumption by Day of the Week (kWh) . . . . . . . . . . . . . . . 14
1.6 Consumption and Appliance Ownership for the Population of Cali . . . . . . . . 15
1.7 Number of Observations and Percentage of Missing Values . . . . . . . . . . . . 15
1.8 Percentage of Missing Values for Different Categories . . . . . . . . . . . . . . . 18
1.9 Table 9: Percentage of Missing Values for Deciles of Pre-Treatment Consumption 18
1.10 Number of Observations in the Supplemental Data Set . . . . . . . . . . . . . . . 20
1.11 Decline in Hourly Consumption . . . . . . . . . . . . . . . . . . . . . . . . . . 24
1.12 Heterogeneous Effects by Consumption and Income Level . . . . . . . . . . . . 28
1.13 Estimated Coefficients of Policy by % of Missing Values . . . . . . . . . . . . . 30
1.14 Estimated Coefficients of Policy by Supplemental Data Status . . . . . . . . . . . 31
1.15 Estimated Coefficients of Policy with Supplemental Data . . . . . . . . . . . . . 32

2.1 Effect of Reporting Behavior (US$ per Ton) . . . . . . . . . . . . . . . . . . . . 80

3.1 Service Quality Indicators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
3.2 Profitability Indicators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
3.3 General Characteristics Indicators . . . . . . . . . . . . . . . . . . . . . . . . . 106
3.4 Governance and Management Indicators . . . . . . . . . . . . . . . . . . . . . . 107
3.5 Governance and Management Indicators . . . . . . . . . . . . . . . . . . . . . . 110
3.6 Performance Indicator Determinants . . . . . . . . . . . . . . . . . . . . . . . . 116

A.1 Decline in Hourly Consumption . . . . . . . . . . . . . . . . . . . . . . . . . . 130

B.1 Placebo Tests (US$ per Ton) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
B.2 Effect on Reporting Behavior (US$ per Ton)

Northern Units I - Leaving one Generating Unit Out . . . . . . . . . . . . . . . . 132
B.3 Effect on Reporting Behavior (US$ per Ton)

Northern Units II - Leaving one Generating Unit Out . . . . . . . . . . . . . . . 132
B.4 Effect on Reporting Behavior (US$ per Ton)

Northern Units II— - Leaving one Generating Unit Out . . . . . . . . . . . . . . 133
B.5 Effect on Reporting Behavior (US$ per Ton)

Southern Units - Leaving one Generating Out . . . . . . . . . . . . . . . . . . . 133

vi



B.6 Effect on Reporting Behavior (US$ per Ton)
Northern Units - Leaving one Plant Out . . . . . . . . . . . . . . . . . . . . . . 134

B.7 Effect on Reporting Behavior (US$ per Ton)
Southern Units - Leaving one Plant Out . . . . . . . . . . . . . . . . . . . . . . 134

B.8 Effect on Reporting Behavior (US$ per Ton)
Northern Units - Leaving one Firm Out . . . . . . . . . . . . . . . . . . . . . . . 135

B.9 Effect on Reporting Behavior (US$ per Ton)
Southern Units - Leaving one Firm Out . . . . . . . . . . . . . . . . . . . . . . . 135

B.10 Coal Generating Units - General Information . . . . . . . . . . . . . . . . . . . . 136
B.11 Coal Generating Units - Descriptive Statistics . . . . . . . . . . . . . . . . . . . 137
B.12 Guacolda Coal Power Plant Final Coal Price . . . . . . . . . . . . . . . . . . . . 143
B.13 Reported Coal Price Determinants . . . . . . . . . . . . . . . . . . . . . . . . . 146

C.1 Performance Indicator Determinants with Network as a Size Variable . . . . . . . 160
C.2 Performance Indicator Determinants with Billing as the Size Variable . . . . . . . 161
C.3 Performance Indicator Determinants with Country-year Fixed Effects . . . . . . 162
C.4 Performance Indicator Determinants Without Missing Imputation . . . . . . . . . 163
C.5 Excluding Turnover from the EBITDAM Regression . . . . . . . . . . . . . . . 165

vii



List of Figures

1.1 Hydroelectric Generation, of the Total . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Policy Timeline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.3 Cali’s Location and Metropolitan Area . . . . . . . . . . . . . . . . . . . . . . . 10
1.4 Estimated Percentage Changes (In Absolute Value) . . . . . . . . . . . . . . . . 25
1.5 Change in Average Consumption . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.1 Wholesale Market Equilibrium . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
2.2 Wholesale Market Equilibrium

Low and High Net Demand Scenarios . . . . . . . . . . . . . . . . . . . . . . . 47
2.3 Wholesale Market Equilibrium

The Problem in Low Net Demand Scenario . . . . . . . . . . . . . . . . . . . . 49
2.4 Coal Based Generation Units Operating in the Reds . . . . . . . . . . . . . . . . 50
2.5 Average Spot Market Price ($/MWh)

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
2.6 Pre-Interconnection Hourly Generation in GWh . . . . . . . . . . . . . . . . . . 57
2.7 Cost-based Offer Price ($ per MWh)

Coal Generating Units - June 2018 to February 2020 . . . . . . . . . . . . . . . 60
2.8 Reported, Predicted and Deviation Coal Price

Weekly Average - Jun. 2018 to Feb. 2020 . . . . . . . . . . . . . . . . . . . . . 76
2.9 Effect of Inflating the Cost-based Offer Price: High Demand Scenario . . . . . . 83
2.10 Effect of Inflating the Cost-based Offer Price: Low Demand Scenario 1 . . . . . 84
2.11 Effect of Inflating the Reported Marginal Cost: Low Demand Scenario 2 . . . . . 86

3.1 Effects of Governance and Management on Quality . . . . . . . . . . . . . . . . 120
3.2 Effects of Governance and Management on Profitability . . . . . . . . . . . . . . 121
3.3 Decomposition of the Coefficient of Determination (R2) . . . . . . . . . . . . . . 123

A.1 Photo of a Bill from EMCALI . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
A.2 Predicted Consumption for Each Day after the Treatment . . . . . . . . . . . . . 128
A.3 Percentage Changes by Pre-Consumption Decile . . . . . . . . . . . . . . . . . . 128
A.4 Percentage Changes by % of Missing Values . . . . . . . . . . . . . . . . . . . . 128
A.5 Number of Light-days-Hours . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
A.6 Estimated Coefficients by Income Level . . . . . . . . . . . . . . . . . . . . . . 129

B.1 Reported Marginal Cost of Operation
Weekly Average - Jun. 2018 to Feb. 2020 . . . . . . . . . . . . . . . . . . . . . 138

viii



B.2 Reported Marginal Cost of Generation ($ per MWh)
Natural Gas Generating Units - June 2018 to February 2020 . . . . . . . . . . . . 139

B.3 Standard Deviation in Spot Market Price per Day . . . . . . . . . . . . . . . . . 139
B.4 Available Shipments and Coal Consumption . . . . . . . . . . . . . . . . . . . . 142
B.5 Time Between Buying and Consuming the Coal . . . . . . . . . . . . . . . . . . 148
B.6 Time Between Buying and Consuming the Coal . . . . . . . . . . . . . . . . . . 150
B.7 Representation of the First Algorithm . . . . . . . . . . . . . . . . . . . . . . . 154

C.1 Decomposition of the Coefficient of Determination (R2) Without Missing Imputation164

ix



Chapter 1: Responsiveness of Low-Income Households to Hybrid Price/Non-

Price Policies in the Presence of Energy Shortages: Evidence from

Colombia

1.1 Introduction

In developing countries, aggregate demand for electricity often grows faster than the infrastructure

necessary to provide it, which leaves little room to cope with energy shortages (e.g. Brazil 2000,

Chile 1998, Colombia 1992 and Nepal 2012). Also, countries, both developing and developed,

are sometimes affected by temporary shortfalls in electricity supply or huge changes in energy

prices (e.g. 1970s oil shocks, California’s electricity crisis in 2001, gas crisis in Chile in 2006,

among others), which generally require an immediate response from the authorities or a flexible

enough regulatory framework to cope with the situation.

Ways in which countries circumvent these situations include scheduled power cuts (e.g.

Chile 1998 and Colombia 1992), price de-regulation (e.g. California 2000), rebates to customers

for successful conservation (e.g. New Zealand 2003), and public exhortations about responsible

electricity use (e.g. Brazil 2000, California 2000, New Zealand 2003 and Arizona 2004). Which

of these is more effective will depend critically “on the time to prepare before the shortfall arrives,

the anticipated duration of the shortfall, and the structure of the electricity markets” (International

1



Energy Agency, 2005).

During the first quarter of 2016, the Colombian Electricity System was already in a tight

situation due to El Niño phenomenon when one of the most important power plants in the system

had to be shut down due to a technical problem. To deal with this emergency, the government

launched a policy based on a (i) mass-media social responsibility campaign to promote energy-

saving behavior and (ii) a monetary incentive to reward/punish responsible/irresponsible) electricity

usage. In this paper, I evaluate how low-income households in the city of Cali responded to

this hybrid price/non-price policy in the short term.1 The emergency may have also encouraged

the adoption of energy-efficient technologies in the home, but such a long-term response is not

examined here.

The social responsibility mass-media campaign was a non-price policy that sought to create

awareness of the importance of saving electricity to avoid potential blackouts. There is evidence

that non-price energy-saving policies have been effective (Allcott and Mullainathan (2010)).

Reiss and White (2008), based on a media campaign implemented during California’s 2001

crisis to promote voluntary conservation, show that “conservation appeals and informational

programs can produce sustained reductions in energy demand.” Allcott (2011) found that non-

price energy conservation programs, in which a company mails customers letters that compare “a

household’s energy use to that of similar neighbors and provide energy conservation tips,” were

a cost-effective way of promoting energy conservation. The existence of other factors beyond

prices to explain electricity consumption was also reported by Jessoe, Rapson and Smith (2014).

However, Andor et al. (2017) replicated the experiment evaluated by Allcott (2011) in Germany,

found that the intervention had a small effect on electricity consumption, and argued that one of
1Cali is the third largest city in Colombia, with a population of around 2,500,000 people.
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the reasons for this result has to do with lower electricity consumption levels in Germany. This

last fact is an important point to consider because the present research concerns the behavior of

low-income households from a country with electricity consumption levels that are lower than

the ones in Germany and in the US.

The monetary incentive is basically a change in the price of electricity to incentivize

consumption reduction. Price should negatively affect electricity consumption in both developed

countries (e.g. Alberini and Miller (2016) and Gillingham et al. (2009)), and developing countries

(Agostini et al. (2009), Filippini and Pachauri (2004), Shi et al. (2012), McRae (2015) and

Medina and Morales (2008)). In terms of the comparison between economic incentives and

moral suasion, Ito et al. (2017) finds, for an experiment in Japan, that moral suasion is more

effective in the short-run while economic incentives induce larger treatment effects, especially

for longer time horizon periods.

In terms of the heterogeneity of these effects, the literature finds that the impact of the

treatment varies with pre-treatment levels of electricity consumption. Allcott (2011) and Reiss et

al. (2008) report that non-price energy policies are more effective for those with higher levels of

pre-treatment electricity consumption. In regard to the heterogeneity of price elasticities, Alberini

et al. (2011) in a study done for the U.S. found that the coefficients “are slightly higher among

the poorest households,” while Shi et al. (2012), using data from China, found the opposite.

It is important to note that the policy evaluated herein was implemented in a developing

country.2 Wolfram et al. (2012) establish that nearly all the growth in energy demand is forecasted

2Colombia has a population of 49,000,000 people and a GDP per capita (PPP) of 14,158 USD (WB 2016), with
27.8% of the people living in poverty (WB 2014) and high levels of inequality (a Gini coefficient of 53.5 (WB 2013)).
The economic conditions in Cali, in terms of per capita income, poverty rates and inequality levels are similar to the
country’s average.
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to come from developing countries, making the role of household electricity consumption in the

developing world a hot topic in the debate about the best policies to deal with the consequences of

climate change. This paper, in addition to providing evidence on the effect of a hybrid price/non-

price policy, contributes to this debate.

Theoretically, the two components of this policy, (i) the mass-media campaign and (ii)

the monetary incentive, should negatively affect households’ electricity consumption, so the

effect of the policy as a whole should be a reduction in electricity consumption. Indeed, I find

that on average low-income households in Cali reduce their electricity consumption by 4.5%

as consequence of the policy. This effect is heterogeneous by level of pre-treatment electricity

consumption: I observe a larger effect among those households with higher levels of pre-treatment

consumption. In terms of heterogeneity by income group, I find a larger effect for the higher level

socioeconomic group, but once I control for pre-treatment electricity consumption levels, that

difference disappears. This paper is organized as follows. In Section 1.3, I describe the policy

and the context in which it was implemented. In Section 1.4, I describe my data. In Section 1.5,

I explain the empirical strategies I use to identify the effect of the policy, and in Section 1.6 I

present the main results of the paper. Finally, in Section 1.7, I present the main conclusions.

1.2 Context and Policy Background

1.2.1 Colombia was Threatened by Energy Blackouts

Between the last quarter of 2015 and the first of 2016, Colombia faced one of the most

severe El Nino phenomena since 1950, which brought long periods without rain. This compromised
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Colombia’s electricity generation, since more than 70% of its installed capacity comes from

hydroelectricity.

Figure 1 shows the share, in terms of electricity generation, of hydroelectricity in Colombia

during 2015 and 2016. Due to the lack of rains, between August and October of 2015, the share

of hydroelectric generation as a proportion of total electricity generation dropped from around

0.75 to 0.55, which drove the country’s electric system into a tight situation. In spite of this, until

mid-February of 2016 the situation was relatively under control. The weather forecast at that

moment established that the El Niño phenomenon was in the last part of its cycle and would soon

be over.

Figure 1.1: Hydroelectric Generation, of the Total

However, in the second half of February 2016, there was unexpected damage to one of the

most important hydroelectric plants of the system. Figure 1 clearly shows a drop in the share of

hydroelectricity after the second dashed line. This significant failure, along with others minor
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issues in other power plants, created a critical situation. That is why, at the beginning of March

2016, the authority in charge of the Colombian National Interconnected System suggested that

the government implement scheduled power cuts during the following six weeks. Instead, the

government decided to launch, on March 7, 2016 (solid vertical line in Figure 1), an energy-

savings policy known as “Apagar Paga,” which means “It Pays to Turn Off.”

It is important to mention that the main reason why the situation in Colombia went back to

normal in May of 2016 was the fact that El Niño phenomenon ended, and the rains returned. This

is noteworthy, as the policy was devised not as a way to solve structural problems, but in order to

avoid blackouts during the time in which the situation was going to be critical.

1.2.2 The Policy

The intervention had the objective of reducing electricity consumption throughout the

whole country. It was based on a two-pronged policy:

1. An aggressive mass media energy-savings campaign that was focused on raising awareness

about the critical moment that the country’s electricity system was experiencing and on

exhorting people to engage in energy-saving behavior. The following measures, among

others, were implemented:

• Daily balances made by the Colombian President about the evolution of the situation

and the evaluation of the campaign itself, which were covered by the main media of

the country.

• Television, radio and newspaper advertisements, giving tips on how to reduce useless

electricity consumption.
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• Many private companies and public institutions committed to the campaign. Generally,

they issued different kinds of messages to encourage their customers to be more

efficient in the use of electricity.

• The government made a hotline available to allow people to report wasteful behaviors

of others.

2. A monetary incentive (disincentive) based on a premium (charge) of 0.15 USD for each

kWh extra that a household saved (consumed) compared to how much they consumed in

the month before the policy was implemented.3 For example, if a household consumed 80

kWh before the policy, 100 kWh after the policy and the price of electricity was 0.17 USD

per each kWh, that household would have paid 100 x $0.17 USD plus a charge of 20 x

$0.15 USD, for a total of $20 USD. By contrast, if the household consumed 60 kWh after

the policy, it would have paid 60 x $0.17 USD minus 20 x $0.15 USD, which is a total of

$7.20 USD.4

The timeline of the policy is shown in Figure 2. Three aspects of the policy are noteworthy.

First, the policy was not announced in advance: it was announced on March 7, 2016 and

started that day. Second, the people were aware that the policy was going to last for a short

period but

3Technically, the benchmark corresponds to the amount of consumption reported in the last bill before March 7,
2016.

4Given that Colombia has an increasing block, two-part price structure for low-income households, this
incentive/disincentive represents a different percentage of the actual price depending on the household’s
socioeconomic group. The block pricing structure is explained below.
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Figure 1.2: Policy Timeline

1.2.3 Electricity Supply in Cali

In Cali, all of the residential electricity is distributed by “Empresas Municipales de Cali”

EMCALI, a municipality-owned utilities company that also provides water and telecommunications

services. EMCALI uses the national socioeconomic scale to price its services. In Colombia,

households are divided into six different socioeconomic groups, where group 1 has the lowest

standards of living while group 6 has the highest. Generally, households in groups 1 through 3

are considered low-income and have an increasing two-part block price structure. These lower

3 groups pay a subsidized price for the first 173 kWh of consumption, and beyond that they pay

the unit price of electricity (0.17 USD per kWh in March of 2016). Households that are part of

group 4 pay exactly the unit cost per kWh, while households in groups 5 and 6 pay 1.2 times the

unit cost of each kWh. Table 1 shows the pricing structure for the city of Cali in March 2016,

where the first block corresponds to the first 173 kWh of electricity consumption.

Each month, every household receives a bill (see Appendix 1 for a photo of the typical

bill), which lists the consumption charges for each public service the household has used during

the previous month. Additionally, the bill states clearly the amount of electricity consumed in
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previous periods, the non-subsidized price per kWh, and the amount of subsidy (in Colombian

Pesos) received by the households.

Table 1.1: Price Structure on March
2016

Prices
Group

<173 kWh >173 kWh
Group 1 0.07 0.17
Group 2 0.09 0.17
Group 3 0.14 0.17
Group 4 0.17 0.17
Group 5 0.21 0.21
Group 6 0.21 0.21

Source: Emcali

In terms of the way the electricity consumption is measured, 95% of the households served

by EMCALI have a conventional metering system while the remaining 5% have smart meters

and are therefore able to track their consumption in real time. My sample is comprised solely

of households with smart meters. The results reported in this paper should be interpreted as

applicable to the segment of the population with a smart meter, which I describe in more detail

in the next section.

1.3 The Data

1.3.1 General Characteristics

My data set has 7,611 households from the metropolitan area of Cali, for which I have

hourly electricity consumption for 14 days before and 14 days after the policy was implemented.

Therefore, the time span of my data allows me to conduct an impact evaluation of the policy

around the implementation day. While this means that I do not have information on electricity
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consumption for the entire month before the policy and thus cannot compute baseline consumption,

this does not affect my analysis around the policy implementation day.

The city of Cali is divided into 22 comunas and the dataset is comprised of information

coming from households located in seven different comunas (comunas 7, 13, 14, 15, 18, 19 and

21).5

Figure 1.3: Cali’s Location and Metropolitan Area

Households in the sample are located in two different areas of Cali (Figure 3). Table 2

shows that 70% of the sample comes from the eastern part of the city of Cali and 21% is from the

south-west region of the city of Cali. Finally, the remaining 9% of the sample data lacks specific

household location.
5Cali is a City as well as a municipality. In Colombia, cities or municipalities are divided in administrative areas

or segments called comunas. This classification only applies to the urban areas of each municipality.
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Table 1.2: Sample Distribution across Comunas
Area Comuna Observations Percentage of total
East 7 303 4.18
East 13 517 7.13
East 14 1,754 24.19
East 15 281 3.88
East 21 2,197 30.30
Southwest 18 761 10.50
Southwest 19 752 10.37
Others - 686 9.46
Total 7,251 100.0

Importantly, all households in my sample are low-income and belong to either group 1 or

group 2 of the Colombian socioeconomic scale. As I mentioned before, Colombian households

are divided into six different socioeconomic groups, where group 1 corresponds to the lowest

standards of living and group 6 the highest. These groups are mainly determined by the kind

of neighborhood where a household is located. It is worth mentioning that even though these

groups are not defined based on their income, the correlation between group classification and

level of income is high. Therefore this paper uses the terms ”low-income household” and ”low-

socioeconomic group household” interchangeably. The sample is comprised of 2,570 households

from group 1 and 4,681 from group.

Table 3 presents the population distribution of the different socioeconomic groups in Cali,

according to Colombia’s National Household Survey (GEIH).6 Column 2 shows that 23.34% of

the people in Cali are from group 1, 30.26% from group 2 and so on. In columns 3 and 4 we see

that lower-income households have fewer rooms in their homes and more household members,

respectively.

6Gran Encuesta Integrada de Hogares.
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Table 1.3: Cali Household Characteristics
Group % People No. of Rooms Household Members
1 23.34 3.07 3.25
2 30.26 3.43 3.27
3 32.19 3.69 3.06
4 6.13 3.75 2.44
5 6.31 4.67 2.78
6 1.77 5.54 2.94
Total 100 3.56 3.11

Source: GEIH 2016; Note: Number of rooms includes Bedrooms,
Living Room and Dining Room

1.3.2 Descriptive Statistics

Table 4 reports descriptive statistics about electricity consumption in the sample, calculated

using the information from the 14 pre-policy days. Five important facts can be surmised from

the information in table 4. First, the table shows that the average hourly electricity consumption

per household is 0.177 kWh, which is equivalent to a monthly consumption of 127 kWh, and an

annual consumption of 1551 kWh.7 Second, as expected, we observe that the average hourly

consumption is higher for households in group 2, which is consistent with the fact that, on

average, people in group 2 have higher standards of living than people in group 1. Third, the

last column of Table 4 shows the percentage of households in each comuna that are in group

1. About 34% of the sample is from group 1, though this proportion varies significantly across

comunas.
7The average hourly consumption multiplied by 720 (24 x 30) in the case of monthly consumption and by 8,760

(24 x 365) in the case of annual consumption.
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Table 1.4: Pre-Treatment Average Hourly Electricity Consumption (kWh)
Comuna Mean S. Deviation Percentile 5 Percentile 50 Percentile 95 % Group 1
7 0.148 0.104 0.001 0.134 0.379 99.7
13 0.196 0.124 0.013 0.173 0.426 31.5
14 0.219 0.127 0.048 0.197 0.468 0.0
15 0.136 0.077 0.026 0.129 0.257 100.0
18 0.153 0.100 0.017 0.139 0.330 59.7
19 0.142 0.088 0.002 0.135 0.304 99.7
21 0.185 0.105 0.036 0.171 0.370 19.7
Others 0.123 0.072 0.015 0.117 0.235 3.2

Group 1 0.151 0.100 0.009 0.139 0.327 -
Group 2 0.191 0.115 0.037 0.171 0.405 -

Overall Average 0.177 0.112 0.023 0.159 0.384 34

Fourth, in terms of mean consumption there is variation across comunas, with some comunas

having an average hourly electricity consumption of 0.22 kWh and others 0.14 kWh. Part—but

not all—of this difference is explained by the socioeconomic composition of the comunas. Note

that, for example, comuna “13” has a higher proportion of group 1 household than comuna “21”

but the average household consumption in comuna “13” is higher than in comuna “21.” Fifth,

there is an important number of households (almost 20%) with very low levels of average hourly

electricity consumption - less than 2.4 kWh of daily consumption (see the figures for percentile

5). This is because approximately 8% of the observations in the sample have zero electricity

consumption for some hours of the day. It is difficult to imagine that there may be households

that during a given hour consume 0 kWh since one would think that at least they need to have

their refrigerators plugged in. However, these are poor households, which in many cases do not

own refrigerators or electric appliances (see Table 4 below). Also, given the context of Cali, it is

also plausible that many of the poor households that do own a refrigerator do not use it constantly
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as they buy their food on a daily basis, in which case they do not need to have their appliance

plugged in all the time.8 Table 5 shows information about daily electricity consumption for

different days of the week.9 In general, we see that consumption is higher on Sundays, declines

gradually during the week, and starts increasing again on Saturdays.

Table 1.5: Daily Total Consumption by Day of the Week (kWh)
Group Mon Tue Wed Thu Fri Sat Sun Total
1 3.67 3.54 3.55 3.51 3.48 3.50 3.83 3.58
2 4.57 4.64 4.57 4.52 4.46 4.50 4.59 4.55
Overall Average 4.27 4.24 4.21 4.16 4.12 4.15 4.32 4.21

Table 6 shows information about household electricity consumption and appliance ownership

from other sources of information. Column 2 shows the share of the total residential electricity

consumption in Cali that each group is responsible for. As expected, even though the three lowest

socioeconomic groups represent more than 90% of the population (Table 2), they count for less

than 70% of the city’s total residential electricity consumption.

In Column 3 of table 6 we see that the daily average (Daily kWh) consumption is higher, the

higher the socioeconomic group. Specifically, we see that the sample is comprised of low-income

households that have low consumption levels even when we compare them with households from

their same socioeconomic group. Indeed, we see that this is the case when we compare the

actual monthly consumption reported in Table 5 with the estimated monthly consumption from

the sample (last column of Table 2). Columns 6 and 7 show the penetration of air conditioning

and refrigerator per group, respectively.

8EMCALI officials’ suggested explanation.
9The average hourly consumption multiplied by 24.
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Table 1.6: Consumption and Appliance Ownership for the
Population of Cali

Group
Consumption Appliances Ownership

% Residential Daily (kWh) % AC % Refrigerator
Group 1 16.1 4.89 0.58 89.03
Group 2 24.7 5.12 1.11 91.98
Group 3 29.8 5.04 2.02 94.14
Group 4 12.4 5.53 7.69 98.17
Group 5 10.3 7.14 24.2 98.58
Group 6 6.7 12.62 49.37 100
Total 100 6.71 4.00 92.92

Source: Cali en Cifras 2015 and GEIH 2016.

1.3.3 Missing Values

For my sample to be a balanced panel, there should be 672 (=24 hours 28 days) observations

per household. In practice, my dataset is not a balanced panel. Table 7 shows the number of

households by percentage of missing observations. For example, we see that 5,073 households

have less than 5% of missing observations, which means that out of a total of 672 observations,

these household are missing between 7 and 34 observations. Fortunately, more than 90% of

households have less than 10% of their observations on electricity usage missing.

Table 1.7: Number of Observations and Percentage of
Missing Values

% of Missing Values Total Percent Cumulative
≤5 5,073 69.96 69.96
>5 and ≤ 10 1,574 21.71 91.67
>10 and ≤ 20 468 6.45 98.12
>20 136 1.88 100
Total 7,251 100

Source: Cali en Cifras 2015 and GEIH 2016.

There are two types of missing values in the sample. The first type of missing value in the

data are those in which a blank space can be observed instead of a number. I call this situation
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a “structural missing value” because it follows a pattern that is related to the way that the utility

company collects the information. This first type of missing values represents 2.23% of the

sample, and about half of them come from the first eight hours of each Monday. The second type

of missing value is the one in which I observe codes that mean that the meter did not read the

consumption at a certain given hour. This kind of missing value does not follow a clear pattern

and represents 2.33% of sample.

1.3.4 Randomness of the Missing Values

Before discussing the level of randomness of the missing values in the sample, it is important

to clarify some concepts related to missing-data mechanisms. Missing data can be classified into

three classes (Little and Rubin (2002)): (i) missing completely at random (MCAR), (ii) missing

at random (MAR), and (iii) missing not at random (MNAR).

Define the vector of variables as V = [E,X,U ], where for each household we have that

E is a vector of average hourly electricity consumption, X is a vector or a matrix of observable

variables, and U is a matrix of unobservable variables. Also, define M as the percentage of

missing values for each household. In this context, the missing-data mechanism is characterized

by the conditional distribution of M given V, that is f(M |V, ), where is an unkown vector of

parameters. The data is called MCAR when

f(M |V, ) = f(M |θ) for all (V, θ)

That is, we have a MCAR missing-data mechanism if the distribution of the missing

observations does not depend on the values (or some component) of V , such as the household’s

16



socioeconomic group or comuna, which are observable characteristics that pertain to X . The

missing data has a MAR underlying mechanism when

f(M |V, ) = f(M |Vobs, θ) for all (Vmiss, θ)

where Vobs denotes the observed component of V while Vobs denotes its missing component. In

this case we are assuming that only components of Vobs determine whether we have a missing

value or not. That is, the sample has an MAR missing-data mechanism if the percentage of

missing values is related to another observed variable (or variables) in the sample, but not to the

electricity usage that would have resulted, had that value not been missing.10

Finally, the mechanism is NMAR if the distribution of M depends on Vmiss, as is the case if

the distribution of the missing values is related, for example, to the hypothetical hourly electricity

consumption measure that is missing. By definition vector U is unobservable, so if the level of

missing values is related to some household unobservables, we will be in the presence of a NMAR

missing-data mechanism. This is likely to be the type of missing-data mechanism that my sample

contains.

Table 8 shows some descriptive statistics on the percentage of missing values for the

different comunas in the sample as well as for the two socioeconomic groups. The entire sample

has 4.4% missing values, which represent 5.8% and 4.7% of the observations from group 1 and

group 2, respectively. There is also variation regarding the percentage of missing observations

across comunas: while in Comuna “15” the average percentage of missing values is 9.9%, in

Comuna “7,” it is 2.2%.
10Baraldi and Enders (2010).
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Table 1.8: Percentage of Missing Values for Different Categories
Comuna Mean S. Deviation Percentile 5 Percentile 50 Percentile 95
7 2.2 8.1 1.3 1.4 2.3
13 3.0 5.4 1.3 1.7 5.2
14 4.7 9.4 1.6 3.0 13.1
15 9.9 0.6 7.6 9.1 12.8
18 7.8 5.1 3.9 7.5 12.2
19 2.1 6.8 1.3 1.4 2.3
21 5.8 8.7 1.9 3.9 12.4
Others 4.9 6.7 1.3 4.7 8.3

Group 1 5.8 7.8 1.3 1.6 12.4
Group 2 4.7 8.2 1.7 3.2 8.9

Overall Average 5.1 8.1 1.3 3.0 11.4

Table 1.9: Table 9: Percentage of Missing Values for Deciles of Pre-Treatment
Consumption

Decile Mean S. Deviation Percentile 5 Percentile 50 Percentile 95
1 4.5 5.0 1.3 3.0 10.6
2 4.8 6.1 1.3 4.0 11.1
3 4.7 0.6 1.3 3.7 1.1
4 4.6 0.5 1.3 3.2 10.3
5 4.5 4.6 1.3 3.2 10.1
6 4.3 0.4 1.3 3.0 10.9
7 4.5 5.8 1.3 3.0 11.4
8 4.2 3.9 1.3 3.0 10.2
9 4.5 6.4 1.4 3.0 10.6
10 7.5 11.7 1.4 3.3 30.3

Overall Average 5.1 8.1 1.3 3.0 11.4
Overall Average 5.1 8.1 1.3 3.0 11.4

Table 9 illustrates the percentage of missing values of electricity consumption but this

time with respect to different deciles of electricity pre-policy consumption. Although there is

less dispersion of the mean percentage of missing values across the different pre-policy deciles

than the one we observed when comparing across comunas, we still have statistically significant
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differences in many cases.

To see if the percentage of missing values depends on observable characteristics, I check if

the shares of missing meter readings differ by comuna, across the income groups or pre-policy

consumption deciles. These simpler tests generally reject the null of no difference.

1.3.5 More Data to Check Robustness of the Results to Missing Values

Given that I am likely in the presence of a NMAR missing-data mechanism, I use supplemental

information on electricity consumption for the same households. Before describing this new

dataset, I will explain how the data collection process through smart meters works. A smart meter

measures the cumulative electricity consumption of a given household. This cumulative measure

is usually known as the meter “reading.” Every hour, EMCALI collects the hourly change of the

smart meter “reading,” which corresponds to a household’s hourly electricity consumption. This

is the measure of household electricity consumption I use throughout this paper. Sometimes this

“reading” fails, but the smart meter is still able to record cumulative consumption.

This is indeed the information I exploit in my supplemental dataset. My new dataset is

comprised of smart meter readings for three Sundays around the policy implementation day: two

of these Sundays are prior to the policy’s start (February 21 and March 6) and the other Sunday

is 13 days after the day the policy was implemented (March 20.). With these observations I

can calculate the total electricity consumption for the two pre-treatment weeks and for the two

post-treatment weeks.

This new data set also has some missing observations, but the nature of these missing values

is different. Specifically, there are four possibilities: i) the three Sundays’ consumption levels are
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observed; ii) one measure of electricity consumption before and one after are available, iii) there

is a missing observation before and after, or (iv) there is a missing observation before or after. If

I observe cumulative consumption before and after, then I classify the household as “in” my final

sample, while any other combinations result in the household being classified as “out.” Table 7

shows that this supplemental data set is comprised of 6,694 households; that is, I am missing the

information for 7.68% of the original sample.

Table 1.10: Number of Observations in the Supplemental Data Set
% of Missing Values in the hourly meter readings dataset Out In Total % Out
≤5 357 4,716 5,073 7.04
>5 and ≤10 134 1,440 1,574 8.51
>10 and ≤20 27 441 468 5.77
>20 39 97 136 28.68
Total 557 6,694 7,251 7.68

Although this new dataset also contains some missing values, the households with missing

observations don’t generally overlap with those that have missing observations for the hourly

meter readings. This is summarized clearly in table 10. This feature of the data allows me to

check whether the results are robust to changes in the composition of households, in terms of

valid observations, in the sample.

1.4 Empirical Strategy

The policy was a nationwide policy in which all regulated consumers were affected. Therefore,

no gold-standard control group is available, as all households were treated simultaneously and no

exceptions were made. However, I have hourly electricity consumption data for many households,

which allows me to measure how the consumption of electricity changed around the day the
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policy was implemented. Technically, the identification strategy rests on the assumption that the

consumption of electricity, after controlling for some covariates such as temperature, day of the

week or hour of the day, should not change suddenly (under the assumption that no policy was

implemented) from one moment of time to the other, that is:

E(ei,t|Zi,t) = E(ei,t+s|Zi,t+s) for s sufficiently small

where ei,t is consumption of electricity at time t of household i, and Zi,t is a vector of covariates

and fixed effects.

I follow two empirical approaches. In both of them I estimate the model for different

window sizes around the policy implementation day. Specifically, I run the regressions with

observations for 1 day before and 1 day after, 2 days before and 2 days after, and so on, through

14 days before and 14 days after. In all estimations, I drop the observations from the day the

policy was implemented.

1.4.1 First Empirical Approach

The first model I estimate is the following:

eiwdh = δ · T + αidh +Xwdh · β + εiwdh

where eiwdh is the electricity consumption of household i for week w day t at hour h where

w ∈ 1, .., 4, d ∈ 1, .., 7 and h ∈ 1, .., 24. For example, w = 2 represents the week just before the

policy implementation day, and w = 3 represents the week just after the policy implementation
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day, while d = 1 is a Monday, and d = 7 is a Sunday. Variable T is an indicator that takes on a

value of one if the observation corresponds to a period after the day the policy was implemented,

and the value of zero otherwise, and δ is the parameter of main interest. I also include household-

day-of-the-week-hour-of-the-day fixed effects, αidh.

Finally, the matrix Xwdh includes temperature, relative humidity and wind speed at the

hourly-time level. It is important to mention that a full set of time fixed effects cannot be included

because the T variable is built based on time considerations. However, the same regression was

run for different window sizes, to check how the effect of the policy changes for different numbers

of days around the policy implementation day.

The main problem of the model with the full set of fixed effects is that it is not possible to

estimate the coefficient of main interest, δ, for window sizes of 1, 2 and 3 days. This is because

once household-day-of-the-week-hour-of-the-day fixed effects are introduced, I am introducing

N1
FE = N7 + 24 fixed effects, which makes it impossible to estimate regression with less than

7 days of observations. This is why I can only estimate it for window sizes of at least 4 days.

For this reason, when I wish to examine the results from a 3-day, 2-day or 1-day window size, I

follow a second (simpler) empirical approach, which I describe bellow.

1.4.2 Second Empirical Approach

The second model estimated is the following:

eiwdh = δ · T + αi + αh +Xwdh · β + εiwdh

where eiwdh, T and Xwdh are the same variables as in the previous approach. However,
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here I introduce household and hour-of-the-day fixed effects instead of household-day-of-the-

week-hour-of-the-day fixed effects, which means that now, I am dealing with N2
FE = N + 24

fixed effects instead of N1
FE = N7 + 24 fixed effects. This will allow an estimation of δ for any

window size.

This specification does not include day-of-the-week fixed effect to allow me to examine

different windows around the event. To see why, consider the 2-day window estimation. Because

the policy was launched on a Monday, the 2-day window estimation includes the Sunday and

Saturday before, and the Tuesday and Wednesday after. It is clear that we cannot have αSAT ,

αSUN , αTUE , αWED, and T in the regression because there is perfectly collinearity between

αTUE , αWED, and T . Therefore, adding the day-of-the-week fixed effect would complicate the

interpretation of δ since it would vary with the window size I choose. In contrast, even though

omitting the day-of-the-week fixed effect is not the perfect solution, it makes the interpretation

of δ easier because, for any window size, it measures the difference in consumption between the

days before and after the policy, after controlling for household fixed effect, hour-of-the-day fixed

effect, and weather variables.

1.5 Results

In this section I present the main results of the paper. First, I present general results for the

two empirical approaches described above or variations thereof to see if there are heterogeneous

effects by pre-treatment consumption and income levels. Finally, I show that these results are

robust to samples with different percentages of missing observations, and I analyze how missing

values may affect the final conclusions.
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1.5.1 Main Results

Table 11 shows that the estimate of the coefficient of main interest, , for the two empirical

approaches and different window sizes, is negative and statistically significant at the 1% level

or better. Ignoring the estimates for the 1-day window size, we observe that the policy had, on

average, a negative effect on the hourly electricity consumption between 0.00577 and 0.00886

kWh, which is equivalent to a drop by 3.3%-5% with respect to average hourly consumption

Table 1.11: Decline in Hourly Consumption
Window Size Model 1 Model 2
1 Day -0.0171***
2 Days -0.00791***
3 Days -0.00699***
4 Days -0.00618*** -0.00656***
5 Days -0.00577*** -0.00609***
6 Days -0.00692*** -0.00711***
7 Days -0.00798*** -0.00810***
8 Days -0.00850*** -0.00862***
9 Days -0.00886*** -0.00888***
10 Days -0.00839*** -0.00843***
11 Days -0.00833*** -0.00827***
12 days -0.00804*** -0.00808***
13 days -0.00833*** -0.00830***
14 days -0.00783*** -0.00777***

Note: Regression for those households with less
than 10% of missing values (for all the subsamples
see Table 12); *** denotes p<0.001

Figure 4 shows the same coefficients of Table 3 but in percentage changes (in absolute

value) with respect to the average hourly consumption. First, we observe that the estimated

coefficients for both empirical approaches between the 4-day and the 14-day window size are

very similar, especially for window sizes between 6 and 14 days. Second, ignoring the 1-day

window size estimation result, the estimates imply a reduction in electricity consumption between
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3.3% and 5%, with slightly greater variation for window sizes between 6 days and 9 days. These

results are in line with what I theoretically expected.

Maddock (1992) and McRae (2015) finds that the electricity consumption price elasticities

for the two lower socioeconomic groups in Colombia is around -0.175, which will imply that

we would need an increase in the price of electricity between 18.9% and 28.6% to observe the

reduction in consumption by 3.3%-5% found here.

Figure 1.4: Estimated Percentage Changes (In Absolute Value)

It would be ideal to be able to disentangle the effects of the exhortation and economic

(dis)incentive components. However, my data do not allow me to do that. Nonetheless, the results

are still very interesting because they show that even low-income households, which already

consume small amounts of electricity, respond in the short term to energy-saving policies, at least

in the presence of potential blackouts.

As I mentioned in the introduction, there is evidence of non-price and price energy policy
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interventions incentivizing energy conservation, but the experience with short-term policies (between

one day and nine weeks) is less common. However, the results of similar policies are in line with

what I have found here. For example, in Sweden (2001) a cold weather wave led the electricity

system into a very tight situation in which, according the forecasts at the time, there was one day

that was going to be critical. To cope with that situation, the authority requested through a mass-

media energy-saving campaign that all electricity consumers reduce or postpone consumption.

The result was a reduction in electricity consumption of around 4% on the critical day. Similarly,

in Arizona (2004), a fire burned parts of a key transformer facility; the situation became critical

and the authorities, through public exhortations for energy conservation, managed to reduce

consumption by about 6% during the six-week shortage period. In the case of the policy I am

analyzing, the results reported by the central authorities in Colombia establish that the energy-

savings policy reduced the consumption of electricity by around 6%, but the new information I

am providing here is that low-income households too responded to the government’s call.

Given the difficulties of estimating the effect for small window sizes around the implementation

day, I used an auxiliary empirical approach to show the consistency of my results (see Appendix

2). With this alternative approach, I found slightly lower point-estimates of the policy’s impact,

though these are completely in line with my main estimates.

1.5.2 Heterogeneous Effects

The previous results show us that on average the policy reduced electricity consumption.

However, it is interesting to know whether or not the effect was homogeneous across households

with different characteristics. Given the available information in my sample, I estimate heterogeneous
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effect by pre-treatment consumption level and by socioeconomic group.

One would expect that under a shortage situation, households with wasteful energy habits

could more easily reduce their overall energy consumption than households with energy-preserving

behaviors. By eliminating wasteful habits such as leaving unused lights on or running the

dishwasher half-full, household members can significantly reduce their energy consumption without

hindering their daily well-being. Therefore, it is interesting to explore if the policy had a heterogeneous

effect by level of pre-treatment wasteful electricity consumption. Since my data do not allow me

to observe whether a household is energy preserving or not, I assume that households with higher

levels of pre-policy electricity consumption are more likely to engage in wasteful energy use and

hence have more room for reducing their total electricity consumption by avoiding wastage.

To explore this possibility, I divide the pre-treatment consumption level (hourly average for

the 14 pre-treatment days) into deciles, where the 1stdecileistheonewithlowestconsumptionlevelandthe10thdecileistheonewiththehighest, foreachofthesocioeconomicgroups.F igure5showshowtheaveragehourlyconsumptionbydecilechangesbetweenthetwoweeksbeforethepolicyimplementationdateandthetwoweeksafter.Itisclear, withtheexceptionofthefirsttwodeciles, thattherewasareductionintheaverageelectricityconsumptionduringthetwoweeksafterthepolicyand,moreimportantly, thatthereductionishigher(atleastinabsoluteterms)forhigherlevelsofpre−

treatmentconsumption.

Figure 1.5: Change in Average Consumption
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Although Figure 6 gives visual insight about the heterogeneity benefit of the policy by pre-

treatment consumption level, the graphs are just a comparison of means for different groups, so

it is important to carry out an analysis in which I control for through hour-of-the-day, day-of-the-

week, household fixed effect and weather variables.

Table 1.12: Heterogeneous Effects by Consumption and Income Level
Deciles Consumption (kWh) All Sample Group 1 Group 2
1 0.0758 0.00554*** 0.00527*** 0.00578***
2 0.1044 -0.00200*** -0.00211*** -0.00193***
3 0.1276 -0.00352*** -0.00190*** -0.00438***
4 0.1481 -0.00499*** -0.00492*** -0.00504***
5 0.1697 -0.00647*** -0.00782*** -0.00569***
6 0.1957 -0.00872*** -0.0103*** -0.00796***
7 0.2088 -0.00875*** -0.00936*** -0.00848***
8 0.2261 -0.0109*** -0.0125*** -0.0102***
9 0.2705 -0.0178*** -0.0162*** -0.0182***
10 0.3849 -0.0242*** -0.0245*** -0.0241***

Note: Consumption (kWh) is the pre-treatment average hourly electricity consumption ;
*** denotes p<0.001

Table 12 shows results of the 7-day window regression for different pre-treatment consumption

levels and socioeconomic groups.11 We observe, in column 3, that the effect of the policy is

negative for all deciles between the 2nd and 9th and, more importantly, that the effect grows

larger (in absolute value) as the pre-treatment consumption level increases, as was posited above.

In terms of heterogeneous effect by socioeconomic group, I initially found that the policy’s

effect was larger for households in group 2 (see Table A.3.1 in Appendix 3). However, once I

control for pre-treatment electricity consumption the differential impact disappears. This results

are in line with what we should theoretically expect. The effect of income on the magnitude of

treatment effect is ambiguous because of three reasons. First, the higher the income, the greater

11The results are similar for all window sizes but I chose the 7-day window estimations because this is the smallest
window size that has all the days of the week on each side of the policy implementation day.
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the electricity consumption and the room to reduce unneeded electricity consumption. Second,

given that the monetary incentive is the same for everybody, the marginal savings of reducing

consumption, in terms of extra household income, should be higher for low-income households.

This happens because each household gets $0.15 USD for each kWh of saved electricity, and this

amount is relatively higher for low income households. Finally, it is not clear how household

income level would affect the social responsibility effect (the effect of the campaign on the

marginal benefit of consuming electricity).

Finally, I found that the policy had a heterogeneous effect by comuna, though I do not

report these results because I do not have socioeconomic information at the comuna level that

would allow me to link this heterogeneity to comuna-specific characteristics. Nonetheless, it is

noteworthy to mention that the standard errors of all my previous estimations are clustered at the

comuna level.

1.5.3 Missing Values Issues

In terms of the relevance of the missing values, the problem I have in my data set is that I

do not observe the hourly electricity consumption for all 24 hours of the 28 days in the sample,

so the panel is unbalanced. As I already showed, there are two sources of missing observations,

and I cannot conclude that they are missing at random. Moreover, Table 8 suggests that there is a

selection in the sample at least by socioeconomic group and comuna.

However, the results for groups of households with different percentages of missing values

are very similar and, more importantly, they go in the same direction. Table 8 shows the results for

the regression with all the observations and the regression with the observations from households
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with less than 20% missing values, less than 10% and less than 5% of values missing.

Table 1.13: Estimated Coefficients of Policy by % of Missing Values
Deciles Consumption (kWh) All Sample Group 1 Group 2
1 0.0758 0.00554*** 0.00527*** 0.00578***
2 0.1044 -0.00200*** -0.00211*** -0.00193***
3 0.1276 -0.00352*** -0.00190*** -0.00438***
4 0.1481 -0.00499*** -0.00492*** -0.00504***
5 0.1697 -0.00647*** -0.00782*** -0.00569***
6 0.1957 -0.00872*** -0.0103*** -0.00796***
7 0.2088 -0.00875*** -0.00936*** -0.00848***
8 0.2261 -0.0109*** -0.0125*** -0.0102***
9 0.2705 -0.0178*** -0.0162*** -0.0182***
10 0.3849 -0.0242*** -0.0245*** -0.0241***

Note: Figure 9 in Appendix 2 shows the estimated percentage changes by% of missing
values ; *** denotes p<0.001

Figure A.3.2 in Appendix 3 shows the coefficients of Table 13 but in percentage changes.

We observe that the estimated coefficients, for samples with different percentages of missing

values, follow the same pattern. However, visual inspection suggests that the estimates for the

sample with less than 5% of missing values are different for the three smallest window size

estimations. This fact suggests that there is likely to be some sample selection in my data, but the

effect of the policy is qualitatively and quantitatively similar, regardless of how heavy the missing

value problem is.

I further check the robustness of these results by taking advantage of the supplemental data

presented in section 3.5. As I show in Table 10, I have the electricity consumption for the two

weeks before and the two weeks after the implementation day, and classify the households into

those that are “in” and those that are “out” of the final supplemental data set sample.

One way to check the robustness of my results would be to see if there are substantial

differences between the estimates of two separate regressions—one for each group. Table 14
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shows the results for the 14-day window size estimation, and we observe that for both groups,

the estimated coefficients are very similar, which suggests that the missing households in the

supplemental data set are quite similar (in terms of the policy’s effect on them). This result

suggests that the way the missing data are generated is not correlated in a significant way with

the result of the policy.

Table 1.14: Estimated Coefficients of Policy by Supplemental Data Status
Deciles Consumption (kWh) All Sample Group 1 Group 2
1 0.0758 0.00554*** 0.00527*** 0.00578***
2 0.1044 -0.00200*** -0.00211*** -0.00193***
3 0.1276 -0.00352*** -0.00190*** -0.00438***
4 0.1481 -0.00499*** -0.00492*** -0.00504***
5 0.1697 -0.00647*** -0.00782*** -0.00569***
6 0.1957 -0.00872*** -0.0103*** -0.00796***
7 0.2088 -0.00875*** -0.00936*** -0.00848***
8 0.2261 -0.0109*** -0.0125*** -0.0102***
9 0.2705 -0.0178*** -0.0162*** -0.0182***
10 0.3849 -0.0242*** -0.0245*** -0.0241***

Note: Estimations for the 14-day window size. The results are similar for other window
sizes; *** denotes p<0.001

Another way to check the correlation between the effect of the policy and the percentage

of missing observations is to estimate the effect of the policy using the supplemental data set

and see if the effect of the policy changes in a significant way with the percentage of missing

values present in the sample. Table 15 shows that this is not the case. We observe that with the

supplemental data set the effect of the policy is a little bit higher than 5% (in absolute value)

but that this estimate does not change when we run the regressions for samples with different

percentages of hourly missing values. The point estimates here are higher than the one we found

in the previous section, but this is likely due to the nature of the data (aggregate hourly two-

week average consumption vs. hourly consumption), and at any rate the two sets of results are
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completely in line with each other.12

Table 1.15: Estimated Coefficients of Policy with Supplemental Data
Deciles Consumption (kWh) All Sample Group 1 Group 2
1 0.0758 0.00554*** 0.00527*** 0.00578***
2 0.1044 -0.00200*** -0.00211*** -0.00193***
3 0.1276 -0.00352*** -0.00190*** -0.00438***
4 0.1481 -0.00499*** -0.00492*** -0.00504***
5 0.1697 -0.00647*** -0.00782*** -0.00569***
6 0.1957 -0.00872*** -0.0103*** -0.00796***
7 0.2088 -0.00875*** -0.00936*** -0.00848***
8 0.2261 -0.0109*** -0.0125*** -0.0102***
9 0.2705 -0.0178*** -0.0162*** -0.0182***
10 0.3849 -0.0242*** -0.0245*** -0.0241***

Note: *** denotes p<0.001

1.6 Conclusion

In March 2016 the Colombian government implemented an energy-saving policy, which

had three special features: (i) it combined non-price and price instruments to incentivize energy-

saving behaviors among citizens, (ii) it was implemented in the context of an electricity shortage,

and (iii) it lasted only six weeks. In this paper, I evaluate the impact of the policy using hourly

smart meter readings from a sample of low-income households in Cali, Colombia’s third largest

city. I estimated the policy’s impact by using a regression model with a rich set of fixed effects

(household-by-day-of-the-week-by-hour) and “windows” of different lengths around the event

day - i.e., the day the policy was announced and started. I found that the policy reduced energy

consumption by around 4.5%. I further found that even low-income households, who consume

relatively small amounts of electricity, respond to energy-saving policies and engage in conservation

behaviors – at least in the presence of potential blackouts. I explore heterogeneous impacts
12The hourly two-week average consumption is the total consumption of the two weeks before/after the policy

implementation day, divided by 336 (14x24) hours.
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and find that the effect was larger (in absolute value) for households with larger pre-treatment

electricity consumption and higher income levels.

My results are in line with the majority of the earlier available empirical evidence, which

suggests that the effects of both policy components—the mass-media campaign and the monetary

incentive—on electricity consumption are negative. Furthermore, my point estimates are similar

to those from earlier studies and occurrences at other locales. The International Energy Agency

edited a book called “Saving Electricity in a Hurry,” which analyzes the case of various situations

in which governments have had to implement a package of demand-side energy-saving tools in a

short period of time due to some unpredicted event, such as a more-severe-than-expected drought

period or technical damage to electricity system equipment. They found that the effect of the

energy-savings policies they evaluated ranged between 0.5% (France 2003) and 20% (Brazil

2001).

Finally, it should be kept in mind that this work has its limitations. First, due to the lack of

data I was not able to disentangle the social responsibility effect from the monetary incentive

effect. Second, as I did not have much information on household characteristics, I was not

able to investigate potential heterogeneous effects by household size, home square footage, and

other relevant characteristics that are commonly included in studies of household demand for

electricity. Much of that is however captured into household fixed effects. Finally, I documented

short-term effect, and one interesting question is whether the program in Colombia actually

encouraged households to adopt energy-efficient technologies in the home.
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Chapter 2: The Cost of Regulation: Evidence from an Electricity Interconnection

2.1 Introduction

This paper is about the side effects of price controls in regulated industries. I focus the

analysis on wholesale electricity markets. In them, an Independent System Operator (ISO)

dispatches electricity from the lowest to the highest offer price until supply meets demand, where

the wholesale market price is determined. Most wholesale electricity markets have bid-based

designs, where firms arbitrarily submit offer prices and quantities for each hour of the day to the

corresponding ISO. However, given the possibility for firms to exert market power (S. Borenstein,

J. Bushnell, C. R. Knittel 1999; MacKay, Mercadal 2021), many countries have adopted cost-

based designs instead (F. A. Wolak 2003; Cramton 2017; S. D. McRae 2020; L. E. Gonzales,

K. Ito, M. Reguant 2022), in which generating units’ offer price is set administratively by the ISO

according to their self-reported cost parameters, such as fuel price or non-fuel variable costs. The

regulation seeks that the offer price for each particular generating unit equals its actual marginal

cost of operation and thus prevents generating units from taking advantage of their position in

the market and shading their offer price upwards. The paper discusses the opportunities and

incentives cost-based designs give to exploit the regulation.

I answer three specific questions based on the Chilean experience of having a cost-based
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wholesale electricity market design. First, I study if the legislation gives incentives to manipulate

cost parameters firms report to the ISO. Based on a stylized economic model and focusing the

analysis on the existence of a regulatory distortion that compensates generating units operating

with losses, I show that there are incentives to distort the reported cost parameters. Second, I ask

if this has happened in practice. Using variation in the competitive environment introduced by

a major transmission interconnection between the Southern and the Northern regions in Chile, I

show that with the commissioning of the new transmission line, the difference in the average cost-

based offer prices between coal generating units of both areas increased by 20%. This finding

is puzzling because theory suggests that an electricity interconnection should increase the extent

of competition faced by electricity suppliers at both ends of it, which should imply that their

offer prices tend to converge (Borenstein et al. 2000; Wolak 2015; Ryan 2021). This unexpected

result directly results from manipulating the main cost parameter they report to the ISO: the coal

price. Finally, I study if this opportunistic behavior has had aggregate adverse effects on market

outcomes. The main finding, compare to a situation in which the coal price is imputed by the

regulator, is an increase of the wholesale market price of 2.9%. The increase in the wholesale

market price will imply a transfer from consumers to producers of US$ 88 MM in a period of

one year, equivalent to 2.9% of the total revenue of the system and 6.7% of the total cost of

generation.

In Section 2.2, I describe essential aspects of the Chilean market for understanding firms’

behavior and their reaction to the regulations’ incentives. The Chilean legislation establishes

that generating units’ offer price is calculated according to their self-reported marginal cost

parameters, and the offer price is the same for an entire day. In particular, they report their
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fuel costs, heat rate, and non-fuel variable cost to the ISO.1 These parameters are audited by

the ISO. In the case of non-dispatchable renewables (NDR) units, such as wind, solar, or run-

of-river hydropower units, the cost-based offer price used in the dispatch program is zero.2

For hydroelectric dam plants, the ISO runs a dynamic optimization problem to determine the

opportunity cost of water to calculate these units’ cost-based offer prices. Based on the cost-based

offer price and the installed capacity of each generating unit, the ISO minimizes the system’s total

cost. Then, it issues generation instructions in ascending order of the cost-based offer price until

sufficient supply balances demand. Owners operate their generating units, but the ISO determines

its operation’s timing and generation level. This feature implies that generation companies,

besides investment decisions, within a cost-based regulatory setting, have few margins of action.

The most relevant is reporting their marginal cost parameters to the ISO, particularly the fuel

price, which is the main focus of this paper.

Another salient characteristic of the Chilean market is its high share of NDR in the electricity

mix. They could reach 60% of the total generation during daylight hours. However, given that

NDR’s cost-based offer price is zero for the electricity dispatch process, the wholesale market

price tends to be very low in hours when the share of NDR is high enough. Frequently, it is lower

than the cost-based offer price of coal generating units, which could force them to operate with

losses. Since coal generating units are inflexible, when they are forced to work with losses, they

run at minimum capacity, the lowest capacity at which they can reach total capacity fast enough

and meet the electricity demand when NDR-based electricity is unavailable.

1The heat rate is the amount of energy a generating unit uses to generate a MWh of electricity.
2Electricity based on energy sources such as wind, solar or run-of-river hydropower is known as non-dispatchable

renewable (NDR). Its main characteristic, besides being renewable, is that operators cannot arbitrarily control it as
they do with a ton of coal or stored water in a reservoir. Also, their marginal cost of generation is zero because they
do not consume any resource, such as coal, gas, or stored water.

36



The few margins of action that firms have under a cost-based regulatory design are particularly

limiting when generating units operate with losses due to the abundance of NDR. For example,

in bid-based designs, firms can shade their bids upward in some hours to cover losses associated

with low wholesale market prices in others. By contrast, in the Chilean cost-based market,

generators are stuck with the exact cost-based offer price for an entire day, which the ISO

calculates. Therefore, if the generating units are forced to operate in the red, suppliers could

have incentives to exit the market. However, they are still needed when NDR-based electricity is

unavailable or for reliability reasons. Therefore, the regulation establishes that generating units

will receive reimbursement for those losses, which I call the compensatory payment regulation.

Consequently, generating units will always receive a payment for the electricity they sell in

the wholesale market, at least equal to their cost-based offer price. Therefore, the regulation

incentivizes suppliers with a higher propensity to operate with losses to manipulate their cost

parameters to inflate their cost-based offer price. By doing this, any difference between the actual

marginal cost of operation and the cost-based offer price will be extra profit for suppliers. This

incentive became particularly relevant in markets with abundant NDR resources and potentially

long periods of low wholesale market prices.

In Section 2.4, I build a stylized economic model to explain the mechanism through which

the commissioning of the new transmission line could have affected their reporting cost behavior

and the role of the compensatory payment regulation on it. In the model, the generating unit’s

problem is choosing their reported cost parameters to the ISO to maximize its expected profits.

It provides three important results. First, it shows that in the absence of the compensatory

payment regulation, suppliers have the incentive to submit their actual cost parameters. Second,
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the compensatory payment regulation introduces a distortion that could incentivize suppliers

to inflate their reported costs parameters. Third, with the compensatory payment regulation,

the optimal calculated cost-based offer price is affected at two margins: (i) increases with the

proportion of time operating with losses, and (ii) decreases with the offer price value at which the

ISO would decide to leave the generating unit out of merit.

The third result is the most relevant for this paper because the interconnection affected both

margins. First, it changed the propensity to operate with losses at both ends of the transmission

line due to the change in wholesale market prices. In the North, NDR-based electricity is

abundant, which implies that the wholesale market prices were relatively low. However, with

the commissioning of the new transmission line, cheap electricity from the North was now

available in the South, making wholesale market prices go up in the North while going down

in the South. Second, coal generating units in the North became exposed to a higher level of

competition because electricity generated in the South was now available in the North. This

should have reduced the offer price value at which the ISO would decide to leave the generating

unit out of merit. However, the same effect did not happen in the South because those generating

units are placed near load centers that often experience transmission constraints with the rest

of the network, so they are needed for reliability reasons. Therefore, the ISO would dispatch

them in almost any circumstance because they need to satisfy local demand, so the intensity of

competition should have impacted them much less than the one in the North.

In Section 2.5, I present my empirical strategy to test if firms actually changed their reporting

cost behavior with the interconnection. I focus on assessing the impact of the commissioning

of the new line on self-reported coal prices, the main cost parameter generating units need to
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report to the ISO. Once the effect on reported coal prices is estimated, recovering the impact on

calculated cost-based offer prices is straightforward. To measure the impact of the interconnection

on reported coal prices, I estimate a before-and-after model for each region separately. However,

reported coal prices in the Chilean market are structurally related to the international coal price,

which changes over time, which could be problematic in a before-and-after approach. Therefore,

I account for the confounding factor of time-varying coal prices using a coal price model I built

using international coal data.

In Section 2.6 I present the results. I show the interconnection impact on the behavior

of coal generating units. In the South, where the interconnection caused plants to operate with

losses more often, generating units increased their reported coal price by 14.2%, compared to

what would have happened in the absence of the interconnection. At the same time, those in

the North decreased them by 9.6%. The behavior of the northern units is consistent with the

theory that transmission expansions intensify the competition among suppliers. However, given

that Southern generating units are placed near load centers that often experience transmission

constraints with the rest of the network, and the ISO would dispatch them in almost any circumstance

because they need to satisfy local demand, the intensity of competition should not have considerably

impacted them. Moreover, the wholesale market design has a regulatory distortion that, given

the lower wholesale prices in the South due to the interconnection, makes it profit-maximizing

for generating units in that region to inflate the coal price they submit to the ISO. Finally, in

Section 2.7, using an algorithm that simulates the ISO electricity dispatching process based on

a reporting policy in which the ISO imputes the value of the reported coal price, I found that

this opportunistic behavior has had aggregate adverse effects on market outcomes. The main
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finding is an increase of the wholesale market price of 2.9%, which would imply a transfer from

consumers to producers of US% 88 MM in a period of one year, equivalent to 2.9% of the total

revenue of the system and 6.7% of the total cost of generation.

This paper expands on literature evaluating the wave of the market-oriented restructuring

process in the electricity sector. One of the most significant reforms was the introduction of

competitive entry of electricity generation in wholesale markets. The literature has documented

gains in productive efficiency in electricity provision. For example, K. R. Fabrizio, N. L. Rose,

C. D. Wolfram 2007 and Davis, Wolfram 2012 show that restructured plants reduced costs

through better operational performance. In addition, Cicala 2015 shows a decline in fuel procurement

in coal plants after deregulation, while Cicala 2022 a reduction in cost because of more efficient

dispatch after the establishment of the Independent System Operators (ISO), which coordinate

the usage of transmission lines, increasing trade among utilities and regions. It is unclear if these

cost reductions have translated into lower consumer prices (Borenstein, Bushnell 2015; Bushnell

et al. 2007; MacKay, Mercadal 2021). Besides all this evidence, the evaluation of the introduction

of wholesale electricity markets has been done in environments where the regulatory change was

from vertically integrated utilities to deregulated wholesale electricity markets. The Chilean

wholesale market regulation is different because the ISO controls offered prices and quantities.

Therefore, this paper is one of the first to look at wholesale electricity markets’ efficiency and

incentives created as a consequence of the electricity market restructuring process that still kept

more strict control over prices and quantities.3

3The Chilean electricity sector was one of the first, if not the first, to be restructured (Joskow 2008). However,
its restructuring process never reached the observed levels seen in other countries. First, even though the regulation
forced the division of the electricity system into three segments (generation, transmission, and distribution), the
same company could still control companies operating in the three segments. Second, and more related to this work,
wholesale electricity markets were created with much higher levels of control than those observed in other countries
that moved in the same direction.
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Munoz et al. 2018 is a paper closely related to this paper, where the authors argue that cost-

based wholesale electricity markets have two main features that make them inefficient. First,

using a numerical example, they show that cost-based market designs could incentivize firms

to choose capacities and technologies when making generation investments strategically. For

example, increase the share of the peaking technology to capture economic rents and deviate

from the socially optimal generation portfolio. Second, they discuss the challenges the SO faces

in auditing the marginal costs of generation. This paper differs because I explore a different

topic, and my analysis of the existence of strategic behavior relies on an econometric analysis

using actual data and not on a simulated-based model. McRae 2020 uses data from the Mexican

market to explore firms’ ability and incentives to exercise market power in cost-based regulatory

settings. However, both papers analyze the strategic behavior when reporting their marginal cost

of operation more descriptively.

This paper considers regulatory distortions in electricity markets. The most related paper is

Cicala 2015, which is about the effect of the electricity restructuring process in fuel procurement

in the United States’ generation segment. He finds that power plants that belong to states that

created deregulated wholesale electricity markets substantially reduce the price they paid for coal

compared to the matched plants that remained under vertically integrated monopolies, which use

cost-of-service regulations. He did not find the same results for natural gas plants, which can be

explained by the fact that natural gas is a homogeneous commodity with a much more transparent

market. As such, the asymmetry of information between the firm and the regulator is less than in

the case of coal, which is consistent with the fact that in this paper, I find evidence of reporting

cost manipulation only among coal generating units. However, Cicala 2015 is not the only one.
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There is evidence in sectors such as energy, telecommunications, or transportation about the cost

of regulation that establishes some sort of price control. Particularly this is true in the case of

electricity markets. Graf et al. 2021 describes the trade-offs of cost-based mechanisms as a tool

to mitigate the exertion of market power.

Finally, the paper relates to the literature that analyzes renewable integration in electricity

markets. Incorporating renewable energy sources into electricity systems is critical for the energy

transition. Electricity generation is one of the main contributors to greenhouse gas emissions. For

example, in the US, in 2020, 25% of total emissions came from the electricity sector (Environmental

Protection Agency 2021). Also, provided the incorporation of renewables, other significant

emitters, such as the transportation or industrial sectors, might reduce their emissions considerably

through electrification. Gonzales et al. 2022 uses the same event from the Chilean market, the

interconnection between the Southern and the Northern regions in Chile, to study the static and

dynamic effects of market integration on renewable energy expansion, finding that a substantial

amount of renewable entry that have occurred in Chile during the last decade would not have

happened in the absence of the electricity interconnection. They show that ignoring this dynamic

effect would substantially understate the benefits of transmission investments. The only similarity

between their paper and this one is that the event we use as a source of change in the market

environment is the same. In contrast, Yang (2022) finds that interconnection decreases investments

in renewable capacity and exacerbates carbon emissions if the carbon price is low, underlining

the importance of the proper regulation to facilitate the entry of NDR. However, those papers

focus on the entry decision of renewable capacity. In contrast, this paper focuses on the daily

strategic behavior affected by the entry of NDR of conventional generating units.

42



Integrating renewables represents a challenge to wholesale electricity market designs. Non-

dispatchable renewables (NDR) are not dispatchable. For example, in the case of wind-powered

electricity, the generation at any given point in time will depend on wind speed, which is highly

variable. In addition, given that NDR’s marginal cost of generation is zero, in hours when

the share of them is high enough, the wholesale market price tends to be very low, forcing

conventional generating units in many cases to operate at a loss. The problem is that conventional

generating units are still necessary to give reliability to the electrical system and cover the demand

when NDR-based electricity is unavailable. Therefore, the regulatory design should provide the

right incentive for wholesale markets to provide a reliable service at the minimum possible cost.

This paper highlights some of the costs associated with electricity market inflexibilities in the

context of the high penetration of NDR energy sources.

2.2 Institutional Background

This paper is about the cost of regulation, in which I provide evidence from the energy

sector, looking at the efficiency and incentives of cost-based wholesale electricity markets. Mainly,

I study the effect of a significant change in the competitive environment on the main cost parameter

generating units report to the ISO: the fuel price. Before examining these effects, this section

describes essential aspects of the Chilean electricity market for understanding firms’ behavior and

their reaction to the incentives created by the regulation and changes in the market environment.

2.2.1 The Chilean Wholesale Electricity Market

is
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Wholesale markets refer to that portion of electricity markets in which generators sell

power to load-serving entities.4 Before introducing the Chilean regulatory framework, it is better

to understand some peculiarities of electricity markets. Electricity is not cost-effectively storable,

implying that generation should instantaneously equal load at every consumption point over the

network. Also, given that electricity users are constrained by their installed equipment, the short-

run demand is highly inelastic.5 In addition, demand could change dramatically from one hour to

another. Therefore, the lack of storage and inelastic demand with hour-to-hour variation implies

that markets need to clear exclusively by adjustments on the supply side, requiring an ISO to

organize the market to maintain electrical equilibrium.

The Chilean wholesale electricity market uses a cost-based dispatch, where generating

units’ cost-based offer price should ideally be equal to the marginal cost of operation, which

the ISO calculates based on self-reported cost parameters. They report their fuel costs, heat

rate, and non-fuel variable cost to the ISO, which determines the cost-based offer price. The

information is self-reported by generation companies but audited by the ISO. In the case of NDR

generating units, the cost-based offer price used in the dispatch program is zero. For hydroelectric

dam plants, the ISO runs a dynamic optimization problem to determine the opportunity cost of

water, which is used to calculate these generating units’ marginal cost of generation, and in this

way its cost-based offer price. Then, based on the calculated cost-based offer price (cop) and the

4Load-serving entities could be electricity distribution utilities, other generating companies, retailers, or final
consumers.

5Electricity is primarily determined by the use of durable goods, such as ovens, air conditioning, water heaters,
vials, industrial equipment, machinery, and other appliances that require up-front investments. Moreover, if users
want to use heating or air conditioning more efficiently, they will probably need to invest in insulation. Therefore,
users are constrained by their installed equipment and will not change their consumption levels significantly,
regardless of the electricity rates- within a specific range. Additionally, there are no close substitutes for electricity.
Although users, to some extend, can switch from electricity to gas, such as an oven or water heater, their installed
equipment constrains them in the short run.
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install capacity of each generating unit, the ISO minimizes the system’s total cost and then issues

generation instructions in ascending order of cop until generation equals load.

Figure 2.1 presents how this process works graphically. Suppose there are several NDR

generating units that have a zero calculated cost-based offer price and five fossil-fuel generating

units, from G1 to G5, where the cop of G2 is greater than the one of G1, and so on. The ISO

organizes the hourly supply from the cheapest to the most expensive unit of electricity, so the

steeped blue line gives the supply curve in this simplified market for a particular moment of

time. The ISO dispatches electricity until the supply meets the demand given by the vertical

line. In this particular example, the market clears when G4 is the marginal unit. Therefore, the

wholesale market price, in this case, will be the cost-based offer price of G4, which, according

to the regulation, is its calculated marginal cost of generation, cop4. The gray area gives the

system’s total cost for this particular moment of time.

Figure 2.1: Wholesale Market Equilibrium

An important reason why countries have adopted cost-based wholesale electricity markets

design has been the reduction of the ability to exercise system-wide and local market power
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(Wolak 2003; McRae 2020; Gonzales et al. 2022), which should be particularly relevant in

markets with insufficient transmission capacity (Wolak 2003).6 However, cost-based market

designs introduce additional regulations to reduce the likelihood of exercising market power,

which takes away flexibility from the system. For example, under the Chilean cost-based structure,

the owner operates the generating unit, but the ISO determines its operation’s timing and generation

level. Also, each generating unit offer price is calculated based on its self-reported cost parameters

and is the same for the entire day. In contrast, in more flexible settings, such as bid-based

wholesale electricity markets, firms generally submit offer prices and quantities for each hour

of the day.

The lack of flexibility is not necessarily a negative feature of an electricity market design.

Actually, it could help to prevent the exercise of market power. However, it brings some costs

(Munoz et al. 2018; McRae 2020). In this paper, I unveiled a cost associated with cost-based

regulation that is intimately linked to the entry of NDR that makes fossil fuel-generating units

operate in the red. In sections 2.2.2 and 2.2.3, I explain and provide evidence of how coal

generating units could operate with losses and why their propensity to do it is intimately related

to the proportion of NDR in the electricity generation mix.

2.2.2 Renewables Penetration and Operation with Losses

Changes in the electricity wholesale market price have generally come through changes on

the demand side, while the supply side should ramp up and down to meet demand instantaneously.

However, with the growing presence NDR, this statement is no longer consistent with reality. For

6Cost-based wholesale electricity market design has been implemented - with variants - in many developing
economies such as Bolivia, Brazil, Nicaragua, México, Panamá and Perú.
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example, for a given demand level, an increase in the amount of solar generation will allow the

ISO to turn off more expensive generating units. In this context is instrumental to represent

the diagram from Figure 2.1, using the one from Figure 2.2. The difference between the two

figures is that the latter shows supply and demand net of non-dispatchable renewables.7 The

diagram simplifies the analysis because it shows the changes in equilibrium output as a function

only of changes in net demand. For example, net demand moves to the right if the electricity

consumption increases or if there is a decrease in solar or wind-based electricity. Also, it shows

clearly what the ISO needs to do: organize the dispatchable sources to meet in real-time that part

of the demand NDR does not cover.

Figure 2.2: Wholesale Market Equilibrium
Low and High Net Demand Scenarios

In Figure 2.2, two net-demand scenarios represent the two possible moments of time in

a simplified wholesale electricity market. Under both net-demand scenarios, the ISO needs to

dispatch electricity until the supply meets the residual demand that is not covered by the NDR

sources. According to the diagram, under the low net-demand scenario, the marginal generating

7The supply not provided and demand not met by NDR suppliers.
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unit will be G2 and the wholesale market price its cost-based offer price, cop2. Under the high

net-demand scenario, the wholesale market price will be cop4.

However, any electrical system is subject to several physical constraints. One is the degree

of flexibility of dispatchable generating units: the time they need and the cost to move along

different generation levels. Among the main technical characteristics that determine the flexibility

of these generating units are: (i) the time required to start up and reach full load, (ii) its minimum

load level, and (iii) its ramping speed. For example, the ISO can’t turn off a coal generating unit

and have it operating back at total capacity within a couple of hours. Instead, for the ISO, it could

be optimal to have the generating unit operating at minimum capacity during those hours, even if

it is at a loss. Hence, its entire output is available later.

Suppose that G1, G2 and G3 are coal-powered generating units, which is a very inflexible

technology, while G4 and G5 are fully flexible generating units. Figure 2.2 shows in red the

minimum load at which the three coal-powered generating units could operate, and be ready to

reach full capacity in a reasonable period of time. In the low-demand scenario, the physical

constraints become a problem for the ISO, specifically with G3. Ideally, in a situation of total

flexibility, the ISO will turn off G3 during low-demand hours and turn it on during high-demand

hours. However, this is not possible because the demand can change from low to high within a

couple of hours, and a typical coal generating unit needs much more time to start up and reach

full load. As a result, the ISO will be forced to have G3 operative for extended periods operating

at a loss and its minimum capacity, but have it ready to reach total capacity to provide electricity

in periods of high demand.
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Figure 2.3: Wholesale Market Equilibrium
The Problem in Low Net Demand Scenario

Consequently, the actual electricity supply curve is more like the one depicted in Figure

2.3, which is not always increasing in the amount of generation. This is a direct consequence

of the fact that the ISO first dispatches at its minimum capacity those generating units that will

be operative in the system under any circumstance. Also, in this scenario, the wholesale market

price at the low-demand level is pL = cop1, which is lower than the one found in the scenario

with complete flexibility shown in Figure 2.2. However, G2 and G3 operate with losses, where

the crossed-out area gives the total losses per unit of time operating under this situation.

Higher shares of NDR in the electricity mix should imply more time operating in a low net-

demand scenario, so a higher propensity of being operating with losses, which is consistent with

the fact that large-scale penetrations of NDR are often accompanied by especially low wholesale

market price levels during substantial number of hours. In the next section, I provide evidence

to show that this is a common situation among coal-powered generating units in the Chilean

wholesale electricity market.
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2.2.3 Coal Generating Units Operating with Losses

In the context of low wholesale market price levels due to the advent of NDR, coal-powered

generating units have a higher propensity to operate in the reds because they are less flexible than

other dispatchable sources. Panel (a) in Figure 2.4 shows the average spot market price per hour

in October of 2018 faced by a coal generating unit located in a region that is very rich in solar

resources and also has a lot of installed capacity for solar generation. That is why there is a dip

in the wholesale market electricity prices during daylight hours. The red line was the average

calculated cost-based offer price for the same generating unit during the same period. Given the

dips in the wholesale market price of electricity, the generating unit operated, according to their

cost-based offer price, with losses for several hours during the day.

Figure 2.4: Coal Based Generation Units Operating in the Reds

Although panel (a) in Figure 2.4 only shows the case for one particular generating unit in

a given month, this is a common situation for coal generating units in the country. Panel (b)

shows the monthly propensity to operate with losses for all coal generating units in the country.

The horizontal axis shows the months from June 2018 to May 2020. The vertical axis shows the
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proportion of time that a given generating unit is operating with losses out of the total time it

was generating electricity. Finally, the blue points are the different coal generating units that run

during a given month, while the red line shows the average of these blue points for each month.

Notice that in almost all months many generating units operate more than 50% of the time at loss.

Panel (b) also indicates that there is variation in this propensity across units within a period and

within each unit across time. Also, months in which the tendency to operate with losses is higher

are those with higher solar radiation, in the southern hemisphere, September to March.

2.2.4 Compensatory Payment for the Losses

I have explained the regulatory framework to dispatch electricity in the Chilean cost-design

and the relationship between the NDR’s large-scale penetration with the fact that coal-powered

generating units frequently operate with losses. Besides these features, the Chilean regulation

establishes that generating units operating in the red will receive a compensatory payment to

cover those losses. The justification of this regulation is intimately related to the lack of flexibility

of the Chilean cost-based design. For example, in bid-based designs, firms can shade their bids

upward in some hours to cover losses associated with low wholesale market prices in others.

Also, firms decide daily their generation portfolio. However, in the Chilean cost-based market,

generators are stuck with the exact calculated cost-based offer price for 24 hours, which should

equal its marginal operation cost. Therefore, if the generating units are forced to operate with

losses, suppliers may not cover their total operating costs and would exit the market. However,

they are still needed when NDR-based electricity is unavailable, so a compensatory payment

regulation establishes that generating units will receive a reimbursement for those losses.
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In this paper, I show that the compensatory payment regulation introduces a distortion into

the market and incentivizes those generating units exposed to operate with losses to inflate their

calculated cost-based offer price. In Section 2.4, I develop a stylized economic model to explain

these mechanisms formally and the role of the transmission interconnection on it. However, it is

still important to clarify how the wholesale electricity market design allows for manipulating the

cost parameters.

2.2.5 Opportunities for Strategic Behavior

Under the Chilean market design, once a generation company builds a generating unit,

it is in charge of operating it. However, the ISO determines the timing of its operations and

the amount of its electricity generation, not the owner. This feature implies that generation

companies, besides investment decisions, have few instances to exploit the regulation, where the

most relevant is the moment they report their cost parameters to the ISO, which is the main focus

of this paper.8 In this paper, I focus the analysis on the behavior of coal generating units because

they are the ones that have more room for manipulating the reported cost parameters, particularly

the fuel price, and the ones with less flexibility to accommodate the entrance of NDR. Also, coal

generating units are the most relevant in terms of their participation in the electricity mix.9

8In Footnote 20 I explain more about the instance firms have to behave strategically, particularly to exert market
power.

9 In the Chilean wholesale market, three relevant suppliers have room to manipulate the calculated cost-based
offer price: coal, gas, and hydroelectric dam generating units. They represent the 40%, 15% and 15% of the
electricity mix, respectively. In the case of natural gas generating units, they have fewer instances to manipulate
the fuel price. This point will become clearer at the end of this section. In the case of hydro dams, the ISO calculates
the cost-based offer price according to the opportunity cost of water in reservoirs. Considering that the availability
of water determines the shadow price of this resource, which, in turn, is used to calculate the opportunity cost of
the reservoir hydroelectric plants, the manipulation of the declarations of reservoir limit could also be considered a
manipulation of the cost parameters. However, it is easier for the regulator to corroborate the veracity of the reported
values compared to the reported process for coal generating units. Also, in both cases, gas and hydro dam suppliers,
the technology is much more flexible, so they have more options to adjust their generation level in periods of low
market prices.
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The ISO calculates each generating unit’s marginal cost according to the following formula:

copit = rit · hrit + oit

where copit is the cost-based offer price, and rit, hrit and oit are reported coal price, heat rate,

and non-fuel operational cost of generating unit i in period t, respectively.10 Among the three

determinants of the calculated offer price, rit is the only one that is reported daily and it explains

almost all the variation in the calculated marginal cost. The other two variables can change but

not as frequently as rit and only if the generating unit duly justifies it to the SO. That is why it is

of first-order importance to understand how these coal prices are reported.

Once the power plant has bought the coal, the reporting process comprises two stages:

shipment reporting and blending reporting. The power plant must report each coal shipment

size that arrives at its port and its unitarian price per equivalent ton to the ISO in the shipment

reporting stage.11 In the blending reporting stage, each power plant decides, from all the available

shipments it has, which specific blend it will use for each generating unit on any given day, which

finally needs to report to the ISO. Notice that blending the coal is not required so that a generating

unit could operate 100% with coal from one specific shipment, and the final blend could vary

across generation units within each power plant. In Section B.3.1, I explain the reporting coal

10The heat rate is the amount of energy used by a generating unit to generate a MWh of electricity. The heat rate
of a specific generating unit is something that is decided at the time the generating unit is built. It may have technical
upgrades over time, but it is something that: (i) could happen at most a few times over its lifetime, and (ii) it is
effortless to monitor, therefore, difficult to manipulate. Non-fuel operational costs are related to labor and abatement
costs. Labor costs are associated with the number of people generating units need to be operating, generally decided
when the generating unit technology is defined. Therefore, it is linked to the investment decision. Also, abatement
costs are related to environmental regulation that does not change frequently. Moreover, non-fuel operational costs
are not very relevant in the analysis because they represent a tiny portion of the marginal cost of operation.

11The ISO measures shipments not in tons but equivalent tons, which happens because the ISO cares about the
dollars per heat unit (e.g., Btu). That is why shipments’ weight and price are normalized to a given calorific value.
The ISO normalized all the tons to a calorific value of 6.350 kcal/kg in Chile.
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price process in detail.

During the buying and reporting process, generating units have opportunities to inflate

the reported coal price to the ISO. First, a supplier can negotiate with the provider to purchase

expensive coal for one power plant in exchange for buying a cheaper one for another, depending

on their propensity to operate with losses. Second, in the blending stage, the supplier could

strategically mix the coal from different shipments differently for each generating unit within the

same power plant. Finally, during the reporting shipment stage, the power plant could deliberately

report that coal was bought at a higher price. This behavior is unlikely as plants are required to

provide the regulator with a copy of each coal contract including the price paid by ton of coal.

Natural gas suppliers also follow a fuel reporting process. However, in the process, there

is less room to manipulate prices. Natural gas is a homogeneous commodity with a much more

transparent market. As such, the asymmetry of information between the firm and the regulator

is less than in the case of coal (Cicala 2015). Also, the contract between Chilean suppliers and

natural gas providers are much longer, and they cannot decide to buy more natural gas from one

day to the other. This happens because the infrastructure to import natural gas has a limited

capacity, so it needs to be planned in advance. Moreover, in the case of natural gas is the ISO the

one that decides the blend of natural gas that each generating unit is going to use, not the supplier.

In the following section, I describe the main aspect of the interconnection, and how it

changes the market environment, which is finally what changes the incentives for coal suppliers

to exploit the regulation.

54



2.2.6 Interconnection and Change in the Market Environment

The Chilean National Electricity System (SEN), which serves 98.5% of the country’s

population, underwent a significant change on May 28th of 2019 when a high-capacity transmission

line started its operation to better integrate the northern part of the SEN with its southern part.12

The line that was already connecting the Southern SEN and the Northern SEN was congested

for several hours of the day, making them behave during those hours, almost like two completely

different systems.13 Figure 2.5a depicts the average market price per hour in both regions for the

twelve months before the interconnection, showing large price differences during the daylight

hours, and also relevant differences during the evening and early night hours.14 Understanding

the pre-interconnection difference in prices between the areas that are being integrated is vital

when evaluating the effects of an electrical interconnection because the potential changes in the

market environment are directly related to the ex-ante differences in wholesale market prices.

12The electricity supply in Chile was previously provided through two non-interconnected networks, the SIC
(Sistema Interconectado Central) and the SING (Sistema Interconectado del Norte Grande), which became the SEN
in November 2017. However, the most significant part of the interconnection (and its final step) was implemented
in May 2019. That is why I focus my analysis on this event, which I call the interconnection between the Northern
SEN and the Southern SEN.

13The theory that congestion will lead areas to behave as (partially) independent markets is widely established in
the electricity markets literature (e.g., Borenstein et al. 2000; Joskow, Tirole 2000; Arellano, Serra 2008; Birge et al.
2018).

14The differences in prices depicted in the figure for each block of hours are not only the result of averaging over
the twelve months before the interconnection. There are moments during the year where the price differences for
each block of hour depart from the figure’s depiction, but in general terms, the price differences are constantly in
line with what is shown in the figure.

55



Figure 2.5: Average Spot Market Price ($/MWh)

The price differences shown in Figure 2.5a are explained by the composition of the electricity

mix in each region as well as the shape of their hourly demand. Figure 2.6a shows, for the

twelve months before the interconnection, the total generation per hour and by source for each

of the systems. The Southern SEN generation came from thermal, hydroelectric dams, and

NDR. Thermal generation primarily includes coal and gas, and NDR includes mainly run-of-river

hydroelectricity, wind, and solar. The Northern SEN lacks hydro resources, and all the electricity

comes from thermal and NDR. Also, notice from the hourly pattern of the NDR generation in the

Northern SEN that the most prevalent source of NDR energy is by far the solar-based electricity.

Actually, the fact that there were large amounts of NDR -zero cost-based offer price generation-

in the Northern SEN relative to the Southern SEN is primarily what explains the difference in

prices during the daylight hours observed in Figure 2.5a.

The shape of the demand also helps to explain the differences in prices observed before the
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interconnection took place.15 In the Northern SEN, the electricity demand was relatively constant

along the day, consistent with the fact that this is a region in which most of the load is explained

by the electricity consumption in the mining industry and therefore it is not subject to substantial

hourly changes. However, in the Southern SEN, the total consumption changes from hour to

hour. These differences in load patterns in both systems partially explain the price differences

between them, especially those observed during the evening and early night hours.

Figure 2.6: Pre-Interconnection Hourly Generation in GWh

Electricity interconnections should improve the allocation of electricity generation across

generating units by supplanting more expensive generation from one location with output from

lower cost-based offer price generating units from the other, leading to price convergence between

the integrated areas (Mansur, White 2012; Cicala 2022; Gonzales et al. 2022). In this context,
15As the two regions are formally integrated, the total generation per hour should not necessarily equal the hourly

demand. However, given the transmission network congestion I have mentioned, I conduct the analysis about the
shape of the demand assuming both regions were supplied by two different systems.
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given that before the interconnection, on average, southern wholesale market prices were higher

than northern ones (see Figure 2.5a), there were potential gains from trade. Consequently, once

both systems became interconnected, the northern region increased its generation and exported

electricity to the South. In contrast, the southern region should have reduced its generation and

started importing electricity from the North.

Figure 2.5b shows the main effect on wholesale market prices. Once the new transmission

line started operation, the wholesale market price level became very similar in both regions, as is

more explicitly shown in Gonzales et al. 2022. Relative to their situation before the interconnection,

generating units in the southern SEN were now exposed to much lower wholesale electricity

prices and, therefore, more prone to operate at a loss. I argue in the theoretical section that this

increased propensity to operate with losses will cause some generating units to engage in behavior

that will increase their reported coal price and as a consequence their calculated cost-based offer

price.16

2.3 Data

This paper uses publicly available data collected by the Chilean National ISO. Most of the

data cover the period between June 2018 and May of 2020 and includes the following information

for each generating unit that operates in the system: generation level in MWh at the hourly

level, cost-based offer price and its components, and wholesale market price at the specific node

where the generating unit connects to the system. Furthermore, there are information about each

coal shipment bought during that period and the final blending they report to the ISO for coal
16It is worth mentioning that there are differences in wholesale market price levels when comparing the situation

before and after the interconnection (note the differences in the y-axis scale in Figure 2.5). These are explained
mainly by the considerable decline in international fuel prices between these two periods of time.
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generating units. In 2019 there were a total of twenty-eight coal generation units in the country,

divided among twelve power plants and controlled by four generation companies. They are

placed in six different locations next to the Pacific Ocean, and all of them buy their coal in the

international market.17

2.4 Theoretical Framework

In the Chilean cost-based market generating units’ offer price is the marginal cost of

operation calculated based on the cost parameters the generating units report to the ISO. However,

a first look at the effects of interconnection on the calculated cost-based offer price suggests

that the impact of the interconnection in the case of coal generating units did not go in the

expected direction. Figure 2.7 shows that once the new line started its operations, the average

calculated cost-based offer price among coal generating units in the South remained higher than

the one found in the North. This is not consistent with the theoretical and empirical evidence that

transmission expansions should increase the degree of competition among electricity generators

(Borenstein et al. 2000; Wolak 2015; Ryan 2021).18

Estimating the observed change in Figure 2.7 as a change of behavior due to the interconnection

is not straightforward. I discuss the identification issues in sections 2.5 and 2.6. In this section, I

develop a stylized economic model to explain the mechanisms through which the commissioning

of the new transmission line could have affected the calculated cost-based offer price. In particular,
17In appendix B.1, Table B.10 and B.11 show more detailed information and descriptive statistics about each of

the generating units in the country.
18In appendix B.2, Figure B.2 shows that the situation is different in the case of natural gas generating units.

There is no evident and consistent change in pattern for the cost-based offer price as we observe in the case of the
coal generating units. Moreover, if one had to guess the direction of the change in the cost-based offer price for
the natural gas generating units, the answer would be that the interconnection tended to close the gap between both
curves. This would be consistent with the theory that the interconnection should have brought more competition
among generating units.
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I show how the compensatory payment regulation gives the plant an incentive to manipulate the

reported costs parameters to inflate the cost-based offer price, and how the new transmission line

increases (decreases) the marginal benefit of inflating the reported cost for those generating units

in the South (North).

Figure 2.7: Cost-based Offer Price ($ per MWh)
Coal Generating Units - June 2018 to February 2020

2.4.1 Stylized Economic Model

The agents in the model are generating units and the ISO. The generating unit’s objective is

to maximize profits, while the ISO purpose is to organize the generation of electricity to minimize

the total cost of provision for a given electricity load.

The model primitives are given by:

– Generating units have cost parameters from which is possible to calculate the marginal cost

of operation, mc.
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– Generating units observe a wholesale market price p that follows a distribution FP (p).19

The main implication of this assumption is that p will be independent of the reported

marginal cost. That is, I am assuming coal generating units do not exert market power.20

– Generating units have a given installed capacity of MW and their range of operation is

between MWmin and MWmax

– Generating units report their cost parameters, from which the ISO calculates the cost-based

offer price (cop). The reported cost parameters are not necessary equal to the actual cost

parameters, so the cop is not necessary equal to the mc.

– Based on cop for each day, the ISO defines if the generating unit is called on to generate

electricity according to the following rule:

- If cop > copmax, it is out of merit and not called on to generate electricity.

- If cop ≤ copmax, it is called on to generate electricity.

where copmax is generating unit specific and depends on time, the generating unit’s location

19If FP (p) were differentiable, the probability density function will be given by ∂FP (p)/∂p.
20 Excluding the possibility of exerting market power is a reasonable assumption in this context. I explain this

point by comparing the instances for exerting market power in bid-based market versus the instances offered by
the Chilean cost-based wholesale market. In bid-based markets, suppliers submit offer prices at the hourly level.
Therefore, they can substantially increase the offer price in those hours where the residual demand is highly inelastic
and make offers close to the marginal cost of operation in hours where the residual demand is more elastic. In the
Chilean market, the offer price is the same for the entire day. Therefore, if the supplier wants to increase its offer
price during those hours in which residual demand is highly inelastic must do it for the whole day. The consequence
of doing this is that during those hours, when the residual demand is more elastic, the cost of increasing the price
could be very high, which doesn’t happen in bid-based markets. Also, in bid-based markets, suppliers could offer a
different price for each MWh of a 300MW coal generating unit, while under the Chilean regulation is not possible.
Again, if the supplier wants to submit a high offer price, it must be willing to pay the cost of doing it for all the output
of the specific generating unit. This last point is critical to prevent market power’s exertion for another reason. Given
that the marginal generating unit is generally big enough and needs to charge the same price for all of its electricity,
small changes in the inframarginal units capacity (i.e., generation units withhold capacity.) might not have much
effect. This happens because the same marginal plant has enough space to offer more electricity at the same price.
Finally, Gonzales et al. (2022) do not find evidence of large firms exercising market power in the Chilean market.
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in the electricity network and its flexibility to operate in the market.21

– If a generating unit is called on to generate electricity, it is dispatched based on the following

rule:

- If cop > p, at minimum capacity (MWmin).

- If cop < p, at maximum capacity (MWmax).

where I am assuming that cop is never equal to p. In other words, assuming that the

generating unit is never marginal.22

The mechanism is as follows: the generating unit has a given mc. Then, before submitting

their cost parameters to the ISO, the generating unit has a prior of the distribution of wholesale

market prices for that day, which is given by FP (p). Then, the generating unit reports its cost

parameters to the ISO, which calculates the cop. However, there are margins to miss-report the

cost parameters, so cop is not necessarily the same as mc. If the cop is higher than the wholesale

market price, the generating unit will be operating with losses and generating at MWmin, which

will happen during a share of time equivalent to FP (cop).23. If the wholesale market price is

higher than cop, the generating unit will be operating with profits and generating at MWmax.
21The value of copmax is not previously established nor public. It is just a threshold that results from the ISO daily

optimization process to define the order and the capacity at which generating units in the system will be dispatched.
I introduce copmax to emphasize that there is a value for copmax over which the ISO will not call the generating unit
on to generation.

22In general, coal generating units are considered base load generation, and therefore they are not in the position
of being the generating units that follow the changes in the demand to satisfy in real time. However, when the share
of renewables is high enough, coal generating unit might ramp up and down to maintain electrical equilibrium. That
is why in Figure 2.4a the reported marginal cost cross the wholesale price in two moments, when the generating unit
is ramping down, and when its ramping up. Those two moment are not necessarily a point. When the generating unit
is ramping out or down, it is perfectly possible for the generating unit to be operating as the marginal unit for while,
maybe not an hour but during 5, 10 or 20 minutes. The simplification I made here is convenient because during those
minutes the generating unit is generating somewhere between MWmin and MWmax, so it is difficult to define what
the level would be.

23Given that the wholesale market price is set hourly, the density could be interpreted at the distribution of time
for a given day over different values of the wholesale market price.
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2.4.2 Expected Profits

The expected profits in the absence of a compensatory payment regulation in the wholesale

electricity market over all possible values of p of a given day for a given generating unit, if

cop < copmax, are provided by:

Π(cop) = MWmin ·
∫ cop

(p−mc) · fP (p)︸ ︷︷ ︸
Operating with Losses

+MWmax ·
∫
cop

(p−mc) · fP (p) · dp︸ ︷︷ ︸
Operating with Profits

which is strictly decreasing in the value of cop when p < cop, and strictly increasing in cop when

p > mc.24 Therefore, it must be the case that cop∗ = mc. Therefore, it is profit maximizing to

truthfully report its cost parameters such that the offer price equals the marginal cost of operation.

However, given that the generating unit must operate when is called on to generate electricity,

even in the case when Π(cop) < 0, they could have incentives to exit the market. However, they

are still needed for the reliability of the system, so there is a compensatory payment regulation

establishing that generating units will receive a reimbursement equivalent to those losses.

2.4.3 Expected Profits with Compensatory Payment

The compensatory payment regulation establishes that if a generating unit operates with

losses (p < cop), the unit will receive a compensatory payment equivalent to the difference

between cop and p. Therefore, if the generating unit is operating in the reds, it receives a side

payment per unit of time equivalent to the difference between p and cop times MWmin. The total

24Notice that: ∂Π(cop)/∂cop = −(MWmax −MWmin) · (p−mc) · fP (cop).
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amount of compensatory payments will be given by:

CP (cop) = MWmin ·
∫ cop

(cop− p) · fP (p)

Then, adding CP (cop) to Π(cop), the expected profits in the wholesale electricity market

over all possible values of p of a given day for a given generating unit, if cop < copmax, are

provided by:

Πcp(cop) = MWmin · (cop−mc) · FP (cop)︸ ︷︷ ︸
Operating with Losses

+MWmax ·
∫
cop

(p−mc) · fP (p) · dp︸ ︷︷ ︸
Operating with Profits

where the first term represents the profits the generating unit will receive when the reported

marginal cost is higher than the wholesale market price (cop > p). These profits will be given

by the difference between cop and mc times MWmin times the proportion of time operating

with losses. Actually, the generating unit is not really operating with losses. The second term

represents the profits when cop is lower than the wholesale market price and is given by the

integral of (p−mc) over all possible values p for p > cop times MWmax.

2.4.4 Compensatory Payment Regulation and Optimal Reporting Behavior

The problem for the generating unit is to report the parameters to have an cost-based offer

price (cop) such that Πcp(cop) is maximized. The easiest way to characterize the optimal value for

cop is to compare the scenario in which the generating unit reports the actual marginal cost with

a scenario in which the generating unit miss-report the marginal cost of operation. The expected

profits when the cost parameters are truthfully reported, that is cop = mc, is defined by Π(mc):
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Πcp(mc) = MWmax ·
∫
mc

(p−mc) · fP (p) · dp

The expected profits when the cost parameters are inflated is such a way that cop = mc+ δ

for any δ, is defined by Πcp(mc+ δ):

Πcp(mc+ δ) = MWmin · δ · FP (mc+ δ) +MWmax ·
∫
mc+δ

(p−mc) · fP (p) · dp

so, the benefit of inflating the calculated offer price by δ is given by:

∆Πcp(δ) = Πcp(mc+ δ)− Πcp(mc).

Case 1: Under-report the Cost

If δ < 0, the net benefit of having an offer price lower than the marginal cost of operation

is given by:

∆Πcp(δ) = MWmin · δ · FP (mc+ δ) +MWmax ·
∫ mc

mc+δ

(p−mc) · fP (p) · dp

which is strictly negative because both terms are negative.25 Therefore, for the generating unit

is not profit-maximizing to have an offer price lower than its marginal cost of operation, which

implies that cop∗ ≥ mc.

25The first term is negative because δ < 0 while the second term is negative because the upper limit of the integral
is mc, so the summation over p−mc will always be negative.
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Case 2: Over-report the Cost

If δ > 0, the net benefit of having an offer price higher than the marginal cost of operation

is given by:

∆Πcp(δ) = MWmin · δ · FP (mc+ δ)−MWmax ·
∫ mc+δ

mc

(p−mc) · fP (p) · dp

which is the difference between two terms that are strictly positive, so it is not clear if the entire

expression is positive or negative. The first term shows the benefit of having an offer price

inflated by δ, while the second the cost of it. By raising the offer price, the ISO will dispatch the

generating unit at MWmin instead of MWmax during the hours in which the wholesale market

price is between mc and mc+ δ so that the generating unit will be losing profits.

Main Results

From Case 1 shows cop∗ ≥ mc, while in Case 2, I show that ∆Πcp(δ) could be positive

for δ > 0. Therefore, given that generating units want to participate in the wholesale electricity

market (i.e. cop < copmax), generating units are weakly better off by having a cost-based offer

price higher than their true marginal cost. That is:

cop∗ ∈ [mc, copmax]

The compensatory payment regulation introduces incentives to have an inflated value of

cop, and the optimal solution will be cop∗ ∈ [mc, copmax]. I am not proposing a specific solution

for the cop∗, which would require additional assumptions that are not necessary for understanding
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the mechanism through which the new transmission line impacted the reporting behavior of coal

generating units. Instead, I only state a potential incentive when deciding the cost parameters to

report, which vanishes without the compensatory payment regulation. Now I turn to explain how

the commissioning of the new line affected the optimal solution.

2.4.5 Effect of the New Transmission Line on Optimal Reporting Behavior

The interconnection impacted the optimal solution through changes the ISO’ threshold, that

is copmax, and the wholesale market price in both markets.

Changes in System Operator’ Threshold

A consequence of market integration is a reduction in copmax, which is the threshold that

the ISO has for each generating unit that operates in the system to decide if it is out of merit or

called on to generate electricity. The value of copmax is not previously established nor public.

It is just a threshold that results from the ISO daily optimization process to define the order and

the capacity at which generating units in the system will be dispatched. I introduce copmax to

emphasize that there is a value for copmax over which the ISO will not call the generating unit on

to generation. The magnitude of copmax will depend critically on the number of competitors in

a given location and their offer prices.In electricity markets, the competitors at a given location

are not necessarily provided by the number of generating units in the same geographical area.

Instead, they are granted by the network capacity to move electricity where the electricity of a

given generating unit is consumed. The new transmission line increased the network capacity

and, therefore, should imply not an increase in copmax for all generating units that operate in the
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system.

Another way to explain the same is to observe the dispersion of wholesale market prices

before and after the interconnection. Electricity wholesale prices have a very skewed distribution,

where it is possible to observe very high wholesale prices with low probability. The larger

the spike and higher the number of spikes during a given period, the higher the copmax for a

specific generating unit. Figure B.3 clearly shows how the number of spikes and their magnitude

decline drastically with the commissioning of the new line. However, Southern SEN generating

units are strategically located because they are placed near load centers that often experience

transmission constraints with the rest of the network, and the ISO would dispatch them in almost

any circumstance because they need to satisfy local demand. The interconnection did not affect

their propensity to be dispatched, or at least did not affect them in the same magnitude that

affected the one in the North. Therefore, the interconnection implied a reduction in copmax,

especially for those generating units located in the North, and, consequently, in the expected cop

for those generating units.

Changes in Wholesale Prices

Another consequence of market integration is a change in FP (p) because the interconnection

led to a convergence in prices in the coal generating units in both regions, shifting to the left the

price distribution in the South and to the right in the North. To show the effect of the shift in the

wholesale market price distribution on the generating unit’s reporting behavior, it is enough to

analyze its impact on the marginal benefit of inflating the reported marginal cost.

I establish that the price distribution before the interconnection for those generating units
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located in the South is given by FA
S (p), while the one after is given by F I

S(p).
26 Also, I define the

change in the marginal benefit of inflating the reported marginal cost by δ by:

∆ΠS(δ) = ∆ΠI
S(δ)−∆ΠA

S (δ)

where:

∆ΠT
S (δ) = MWmin · δ · F T

S (mc+ δ)−MWmax ·
∫ mc+δ

mc

(p−mc) · fT
S (p) · dp

for T = A, I . This implies that ∆ΠS(δ) is given by:

∆ΠS(δ) = MWmin ·δ ·(F I
S(mc+δ)−FA

S (mc+δ))−MWmax ·
∫ mc+δ

mc

(p−mc) ·(f I
S(p)−fA

S (p))

The expression for ∆ΠS(δ) will be positive if the first term is positive and the second one

is negative. From the descriptive information provided in Section 2.2.6 and the evidence from

Gonzales et al. 2022, is reasonable to assume that F I
S(p) ≥ FA

S (p) for all p, therefore the first

term is positive. Also, given that (p−mc) is strictly increasing in p, and F I
S(p) ≥ FA

S (p) for all

p, the second term will be negative.

Therefore, given that the change in the marginal benefit of inflating the reported marginal

cost is positive, and assuming that there is at least one solution in cop∗ ∈ [mc, copmax] for all p,

cop∗ should be higher after the interconnection for those generating units located in the South.

The case for the generating units in the North is the opposite. In the following section, I present

26The superscript A is for autarky and I for interconnection. It is just a simplification because, as I explain in
Section 2.2.6 the new transmission line did not interconnect two completely independent systems.
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the methodology to test this empirically.

2.5 Empirical Strategy

In section 2.4, using a stylized economic model, I show that the marginal benefit for

inflating the cost-based offer price should have increased with the commissioning of the new

transmission line for those coal generating units located in the South relative to those found in

the North. These results are in line with what Figure 2.7 showed: after the new transmission line

started its operations, the difference between the cost-based offer price in both regions increased.

To empirically evaluate if generating units change their cost reporting behavior once the

new transmission line starts operating, I focus the empirical analysis on assessing the impact

of the commissioning of the new line on reported coal prices. After that, recovering the effect

on the calculated marginal costs of operation is straightforward. To measure the impact of the

interconnection on reported coal prices, I estimate a before-and-after model for the South and the

North separately. However, the before-and-after approach uses a single event, the introduction

of the transmission line, to assess the impact of a change in the market environment on firms’

behavior. Therefore, I should consider the existence of time-varying confounders, the most

important of which is the market price of coal. I address this concern by constructing a counterfactual

reported coal price series for each generating unit using data from the world coal market, and

incorporate that measure in the main regression. In this section I explain how I construct the

reported coal price counterfactual. Then, I present the econometric model to identify if generating

units change their cost reporting behavior once the new transmission line starts operating.
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2.5.1 Predicted Counterfactual

To build a reported coal price counterfactual if a generating unit had not changed its

behavior due to the interconnection. I call it the predicted counterfactual I assume that reported

coal prices are a function of lagged international coal prices. I define the structural equation that

determine rit as follow:

rit = αi +
32∑
τ=0

βiτ · ict−τ + εit (2.1)

where: αi is a generating unit specific term; ict−τ is the international coal price at time t−τ , with

τ ∈ {0, ..., 32}; βiτ is the coefficient of each lag of the international coal price in the equation,

where I allow the possibility of βiτ = 0 for any τ ; and εit is a unit-time specific error term. I am

establishing that the reported coal price is structurally a function of present and past values of the

international coal prices.

Using ict as the primary variable to determine rit has two advantages. First, all coal

generating units in the country buy their coal on the international market, so these two variables

should be highly correlated. More importantly, given that Chilean sales are only a tiny component

of the global market, it is a variable unlikely to be affected by the generating unit’s behavior or the

commissioning of the new transmission line. Therefore, ict appears exogenous to local market

conditions.

To understand why rit should be expressed as a function of ict lags, one should understand

how these reported coal prices are determined. First, the power plant needs to report to the ISO
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the unitary price per ton of each coal shipment that arrives at its port.27 For example, given that

it takes at least four weeks between the time a coal shipment is bought and the time is ready

for consumption, the impact of ict on rit could be perfectly lagged by four weeks. Second, each

power plant reports to the ISO, from all the available shipments it has, which specific blend it will

use for each generating unit on any given day.28 That is why incorporating a combination of lags

is essential because the reported coal price results from the blending process between the different

available coal shipments at a given power plant at time t. For example, when shipments bought

twenty weeks ago are still available for consumption, it implies that the price they reported they

paid at t− 20 could influence the reported coal price in t.29

To select the model for predicting the reported coal price counterfactual, I model how

generating units report their coal price to the ISO based on their pre-interconnection behavior.

Then I predict the post-interconnection reported coal prices, assuming generating units behavior

remains the same. Specifically, I evaluate models using out-of-sample predictions in the pre-

treatment period based on the mean square error loss function. Then, I select the model that,

on average, has the lowest prediction error for each generating unit. Finally, I use that model to

predict what would have been the reported coal price after the interconnection in the absence of

it. I define the predicted counterfactual of rit as pcrit.

In Appendix B.3 I explain in detail how I arrived at the model in equation 2.1, why I defined

τ to be between 0 and 32, and all the iterative processes behind the selection of the predicted

27The ISO measures shipments not in tons but in equivalent tons. This happens because the ISO cares about the
dollars per heat unit (e.g., Btu). That is why shipments’ weight and price are normalized to a given calorific value.
The ISO normalized all the tons to a calorific value of 6.350 kcal/kg in Chile.

28Notice that the reporting stage is done at the power plant level, while the blending stage at the generating unit
level.

29Once the shipment arrives to the port is not entirely consumed on the day it is started to be consumed. Moreover,
it could be perfectly consumed in more than 20 weeks.
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counterfactual.

2.5.2 Identification Strategy

In Section 2.5.1, I explained how I construct this predicted counterfactual, pcrit. To introduce

pcrit into a before-and-after model, I take the difference between the reported coal price and

the predicted counterfactual. I called it the deviation from rit, and denote it by drit, where

drit = rit − pcrit. Then, I estimate the following before-and-after model:

drit = αi + γL · after + εit (2.2)

where αi is a generating unit fixed effect, after is an indicator variable where after=1 for t

after the interconnection and after=0 otherwise, and εit is a unit-time specific error term. The

estimator of γL, for L ∈ {North, South}, is given by:

γ̂L = drL,t=1 − drL,t=0

where drL,t=0 and drL,t=1 are the average of drit for the period before and after the interconnection,

respectively. The expression can be decomposed in the following two terms:

γ̂L = [rL,t=1 − rL,t=0]︸ ︷︷ ︸
change in rit

− [pcrL,t=1 − pcrL,t=0]︸ ︷︷ ︸
change in pcrit

where the first term is the before-and-after change in the average reported coal prices, while the

second term is the before-and-after change in the average predicted counterfactual: the trend
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to control that coal prices change over time. The difference between them is a measure of the

deviation of the reported coal price from what it should have been.

To attribute the value of γ̂L as evidence of change in the reporting behavior of coal-powered

generating units, I need to justify a number of assumptions that I discuss in Section 2.6. Also,

γ̂L should not be interpreted as the causal impact of an arbitrary interconnection on reported

coal prices. The regulator’s decision to build a new transmission line was not random and was

the outcome of a process that examined many characteristics of this market. The decision to

make a new transmission line was related to both regions’ energy resources and consumption

patterns, which could be related to the reported behavior of the coal-powered generating unit.

For example, there is evidence that, as a consequence of the interconnection (Gonzales et al.

2022), firms increased their investment in solar capacity. As I have explained throughout the

paper, the amount of solar-powered electricity is at the core of this behavioral change. Therefore,

it is not easy to justify treatment randomness. However, γ̂L is still a useful measure of change to

evaluate if generating units behave strategically once this particular new transmission line starts

its operation.

2.6 Empirical Results

The interconnection day was on May 28th of 2019. To identify and measure the change

in behavior as a consequence of the interconnection, I use information between March the 21th

of 2018 and December the 31st of 2019. That is, 62 weeks before the interconnection and 31

weeks after it. Even though I perform some sensitivity analysis for different numbers of weeks,

I use no more than 31 weeks after the interconnection because there was an essential change in
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the regulation of the ancillary services starting at the beginning of 2020. This change should

have affected how generating units reported their marginal cost of operation. Also, given that

the impact caused by the interconnection on reported prices may not have been immediate, I

need to ensure I include enough post-treatment weeks in the analysis. For this reason, it is not

advisable to use a small number of weeks. That is why I chose the maximum amount of weeks

after the interconnection that are not affected by the change in the regulation of the ancillary

services. Finally, I choose no more that 62 weeks before the interconnection because it is the

biggest number weeks for which I can have information for pcrit, which is a variable built based

in generating unit previous behavior.

In this section, I start by providing descriptive evidence of the behavior of the reported coal

price, the predicted counterfactual, the deviation of one from the other, as well as an international

coal price indicator. Then, I present the regression results of the model I discussed in the previous

section, I provide evidence to justify the main identification assumptions and conduct some

robustness checks of the main results to justify why the observed divergence between the average

reported coal prices in both regions can be attributed to a change in the incentives caused by the

interconnection.

2.6.1 Evidence of the Change in Behavior

To analyze the effect of the interconnection on reported call price, I start using an event

study design, for which I use weekly information for 62 weeks before and 31 weeks after the

interconnection, in total a period of 93 weeks. To do that I run the following regression for each
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of the regions:

yit =
∑

t∈[−62,31]

θyt · 1(t = b) + εit

where: (i) yit could be rit, pcrit or drit of generating unit i in week t; (ii) b is one of the 62

weeks before or 31 weeks after the interconnection, so b ∈ [−62, 31]; (iii) 1(t = b) is an

indicator variable that takes the value of one if the t is equal to the specific week b; and (iv)

εit is a generating unit-week specific error term. Lastly, θyt is the parameter of main interest. It

corresponds to the average of yit per location on week b.

Figure 2.8: Reported, Predicted and Deviation Coal Price
Weekly Average - Jun. 2018 to Feb. 2020

Note: This figure depicts, for each region, the weekly average of the reported coal price, the predicted
counterfactual, the difference between both, and an international coal price indicator. There are weeks of the year in
the horizontal axis, labeled based on their distance to the interconnection day. In the vertical axes, there are dollars
per Ton. The confidence intervals are calculated at the 95% based on Newey-West SEs. In general terms, the figure

suggests that while the southern units tend to increase the reported coal price, compared to what would have
happened in the absence of interconnection, the effect in the Northern SEN was the opposite, less pronounced

though.
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Figure 2.8 shows, for each market, the weekly average of the reported coal price (rit), the

predicted counterfactual (pcrit), the deviation from the reported price (drit), and a coal price

indicator for 93 weeks. The indicator is an international coal price index lagged in sixteen

weeks, which is the average time between a coal shipment being bought and the time when it

is consumed. The 93 weeks are broken down into three different 31-week periods, one after the

interconnection and two before it. In general, both graphs show that the average reported coal

price, the average predicted counterfactual, and the coal price indicator move in both regions

similarly during the first 62 weeks. But then, once the new transmission line starts its operation,

the figure shows that the gap between the reported coal price and the predicted counterfactual

value in Southern SEN increases significantly. That is why the line depicting the average deviation

from rit jumps with the commissioning of the new line. I include the international coal price

indicator in Figure 2.8 as evidence that nothing systematic in my predicted price algorithm causes

prices to decrease after the interconnection.

In the Northern SEN case, both actual and predicted counterfactual average trends follow

a similar pattern. However, as is clear from the deviation trend in the Northern SEN graph,

while the reported value was generally higher than the proxy average in the period before the

interconnection, this pattern flipped after it. In general terms, the figure suggests that while the

southern units tend to increase the reported coal price, compared to what would have happened in

the absence of interconnection, the effect in the Northern SEN was the opposite, less pronounced

though.
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2.6.2 Impact on Reported Coal Prices

I now turn to present the estimates of the impact of the interconnection on the reported coal

prices based on the empirical strategy described in Section 2.5. As I mentioned, I am primarily

interested in the effect of the new transmission line on reported coal prices, which will allow me

to estimate the impact of the interconnection on reported marginal costs of operation. Table 2.1

shows the results for the estimates of γ̂S and γ̂N using a window size of 31 weeks around the

interconnection, which are the two parameters of main interest.

The first two columns of Table 2.1 shows the before-and-after estimator without the incorporation

of the predicted counterfactual. The point estimate in the Southern SEN is -19.72 dollars per

ton, meaning that the difference in the average of the reported coal price between the first 31

weeks after the interconnection and the same average of the 31 weeks immediately before the

interconnection is -19.72 dollars per ton. The same number for the Northern SEN is -35.22 dollars

per ton. According to these estimates, the interconnection implied a decrease in the reported coal

prices in both markets. However, as I explain in Section 2.5 this estimator is assuming that

reported coal prices do not change over time. In the context of this paper, this assumption is

difficult to justify because the reported coal prices are structurally related to the international

coal price so they should have a cyclical component.

To control for the underlying trend in the reported coal price, I run the regression specified

in Equation 2.2, which methodologically is the same as the before-and-after model. Still, the

dependent variable is not the reported coal price anymore but the deviation from it. I am subtracting

the predicted counterfactual, which is unit and time-specific, from the reported coal price, and

use as the dependent variable the difference between them. The results are shown in the erd and
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4th columns of Table 2.1. The point estimate in the Southern SEN is 11.57 dollars per ton. This

estimate shows that, once the underlying trend is incorporated into the model, the interconnection

has a positive effect on the reported coal prices in the Southern SEN of 11.57 dollars per ton.

Technically, the estimates shown in these two columns are not the effect of the interconnection

on the reported coal price, but over the unpredicted portion of it, which I call deviation from

ri,t. However, this is precisely the variable that I am interested in: the portion of the reported

coal price subject to manipulation and not the result of changes in international coal prices. In

the Northern SEN, the results are the opposite. The interconnection implied a reduction of the

reported coal prices that, on average, was -7.11 dollars per ton.

The impact is equivalent to an increase in the cost-based offer price of US$ 4.4 per MWh

in the Southern SEN and to a decrease of US$ 2.7 per MWh in the Northern SEN. The increase

in the Southern is around the 10% of the spot market price, which was at time around 45 US$ per

MWh. Both estimates are consistent with the theoretical results from Section 2.4.

Finally, in the 5th and the 6th columns from 2.1, I include the results from a regression

from which the dependent variable is the difference between rit and the coal price indicator. The

results are similar to the ones in the 3rd and 4th columns. The coefficients for the constant are

different, which is mainly explained because the international coal price indicator is on a different

scale than the reported coal price. Even though the international coal price indicator represents

most of the reported coal price variation, it represents around 75% of its level. In Section B.3.2.1

I explain its composition in detail.
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Table 2.1: Effect of Reporting Behavior (US$ per Ton)

Reported Deviation P. Deviation I.
South North South North South North

After -19.72∗∗∗ -35.22∗∗∗ 11.57∗∗∗ -7.111∗∗∗ 11.30∗∗∗ -4.204∗∗∗

(2.07) (1.34) (1.79) (1.04) (0.97) (0.23)

Constant 128.1∗∗∗ 111.7∗∗∗ 10.51∗∗∗ -2.449 28.27∗∗∗ 23.25∗∗∗

(2.45) (2.47) (2.25) (1.37) (1.21) (0.48)
N 434 992 434 992 434 992

Note: The table shows the regression results of a before-and-after model for both region. In
the 1st and 2nd columns, the dependent variable is rit, in the 3rd and the 4th the dependent
variable is dit, and in the 5th and the 6th, the dependent variable is the difference between rit
and the coal price indicator. Standard errors are Newey-West with 5th lag, and are shown in
parentheses. *,**,*** denote results significant at the 10%, 5%, and 1% levels, respectively.

A first concern at the moment of evaluating these results is to see if the underlying trend in

rit is correctly captured by the change in pcrit. In Table B.1 I show the same result as from 2.1

but assuming that there was a treatment at t − 31. That is, at the dotted line in Figure 2.8. The

results show that once I incorporate the predicted counterfactual in the regression (see columns

3 and 4), there is no effect of this placebo treatment on reporting behavior. The same happens

when I include the international coal price instead of the predicted counterfactual (see columns 5

and 6). Therefore, at least based on the historical information it seems that there is an effect on

reporting behavior around the time of the interconnection.

However, I still need to justify that once I include pcrit in the model, there are no time-

varying factors correlated with the treatment that affect the reported coal prices. For example,

the interconnection could have had a heterogeneous effect on the demand for the provision of

electricity for each coal-powered generating unit. If that is the case, the size of the coal shipment

could have been affected, impacting the coal prices negotiated with providers. In this case, a

change in the level of operation could also explain changes in the reported coal price. There
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is evidence suggesting that potential changes in demand did not play a role in explaining the

changes in reported coal prices.

I also need to justify that there is no selection into treatment. Once two electrical systems

are interconnected, there is no way for a generating unit, besides closure, to exit the treatment.

However, I still need to consider that some generating units could have entered or exited the

market. First, all coal-powered generating units that operate in the country, with one exception,

were at least in the process of being built before the transmission line project was even approved.

So it is not plausible that the selection of location plays a role in explaining the observed patterns.

Moreover, I empirically discard the possibility that the main results are explained by the behavior

of one particular generating unit, plant, or firm. The information from tables B.2 to B.9 provide

plenty of evidence that this is not the case. Finally, given that I am following a before-and-after

approach, I am controlling for characteristics within the unit that do not change across time, such

as location, size, and heat rate. Given that treatment- status is determined by a time-invariant

property of the plants, selection into treatment would not affect the variation within generating

units.30

It could still be a concern that the commissioning of the new line was not an unexpected

treatment, so generating units could have planned in advance their reporting behavior. However,

the change in the reporting behavior is perfectly compatible with the fact that the treatment

was announced in advance. As I explain in Section 2.2.5, generating units have many ways

to manipulate their reported coal price, and most of them cannot be executed from one moment

to another. It changes in behavior need to be planned in advance.

30In a before-and-after model, I am controlling by time-invariant generating unit characteristics by default.
Therefore, the inclusion of generating unit fixed effects in the main regression does not impact the estimate of
the main parameter. However, it helps to have a more efficient estimator.

81



2.7 Counterfactual Policy Analysis

In this section, I simulate what would have been the situation absent the cost manipulation

I documented in the previous section. I first lean on a graphical analysis to discuss some of

the aggregate effects of inflating the cost-based offer price. Then, I explain the methodology

to calculate those effects. Finally, I present the results assuming that the ISO imputes coal

generating units’ coal prices based on international coal prices instead of self-reported fuel prices.

2.7.1 Effect of Inflating the Cost-based Offer Price

If a specific generating unit over-reports its coal price to inflate its cost-based offer price,

the entire optimization process conducted by the ISO could be affected. Several potential adverse

effects are associated with the reported cost inflation: an increase in wholesale market prices,

changes in the total amount of compensatory payments, and production inefficiencies. Some

consequences of inflating the cost-based offer price are straightforward, while others require

more explanation. I start with the simplest ones and then add complexity to the analysis. To

discuss these effects, I lean on the graphical analysis introduced in Section 2.2.
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Figure 2.9: Effect of Inflating the Cost-based Offer Price: High Demand Scenario

Note: The light-gray area below the supply curve represents the total generation cost without cost-based offer price
inflation. In contrast, the sum of the light-gray and white regions below the supply curve in Panel (b) gives the total

cost in the case of cost-based offer price inflation. However, economically the situation is the same. The only
difference is that for the ISO, G2 would have lower profits under the scenario of cost-based offer price inflation.

Nevertheless, given that G2 is artificially over-reporting its offer price by δ, and that there is no change in wholesale
market prices and income through compensatory payments, its real profits are the same. That is why the two white

boxes in Panel (b) are no cost for the system and no extra profits for the firms.

Continuing with the example from Figure 2.3, suppose that there are five fuel-powered

generating units, from G1 to G5, with an actual cost-based offer price of opi for i = 1, .., 5.

Coal-powered generating units are represented by G1, G2, and G3, and there are two possible

demand scenarios, high and low. Figure 2.9 depicts the high demand scenario situation. Panel

(a) in Figure 2.9 shows the case when all generating units reported the actual coal price, so the

cost-based offer price is the true one and equivalent to the marginal cost of operation. In contrast,

panel (b) in Figure 2.9 depicts the situation when G2 inflate their marginal cost of operation by

δ. In both cases, the marginal generating unit in the system is an expensive peaking technology

unit, and the wholesale market price is p = op4 = mc4. Coal generating units operate at total

capacity and with profits. Therefore, the fact that G2 inflates their cost-based offer price by δ

does not generate any adverse effect. The only effect of the cost-based offer price inflation is a
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rearrangement in the order the ISO dispatches the inframarginal generating units. In the absence

of cost inflation, G1 is dispatched first, then G2, and so on. When G2 inflates its cost-based offer

price, the ISO dispatches the units in the following order: G1, G3, G2, G4 and G5.

The light-gray area below the supply curve represents the total generation cost without cost-

based offer price inflation. In contrast, the total cost in the case of cost-based offer price inflation

would be given by the sum of the light-gray and white areas below the supply curve in panel

(b) in Figure 2.9. However, economically the situation is the same. The only difference is that

for the ISO, G2 would have lower profits under the scenario of cost-based offer price inflation.

Nevertheless, given that G2 is artificially its cost-based offer price by δ, and there is no change

in the wholesale market price and no income through compensatory payments, its real profits are

the same. That is why the two white boxes in Figure 2.9’ panel (b) represent no additional cost

for the system and no extra profits for the firms.

Figure 2.10: Effect of Inflating the Cost-based Offer Price: Low Demand Scenario 1

Note:
The light-gray area below the supply curve represents the total generation cost in the absence of cost-based offer

price inflation while the total cost in the case of cost-based offer price inflation is given by the sum of the light-gray
and dark-gray areas below the supply curve in Panel (b). The total cost of the system increases by dark-gray area in

Panel (b), which became extra profits for G2. The total amount of compensatory payments is higher under the
scenario when G2 inflates its cost.
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When demand is low, the counterfactual electricity dispatching process will imply, with a

high probability, changes in market equilibrium outcomes. As is shown in Figure 2.10, the same

cost-based offer price inflation of δ by G2 increases the total cost of the system by the dark-gray

area in panel (b) of Figure 2.10, which became extra profits for G2. The dashed-red areas of

of both panels in Figure 2.10 show clearly that the total amount of compensatory payments are

higher under the scenario when G2 inflates its cost. The cases from figures 2.9 and 2.10 represent

the simplest ones. However, the situation could be more complicated.

Figure 2.11 shows the situation when the demand is still low but slightly higher than DL,

say DL′ . Panel (a) of Figure 2.11 shows a situation where there is no cost inflation. In this case,

given that the demand is slightly higher (DL′
> DL), the marginal unit is G2 instead of G1, so the

wholesale market price is pL′=op2. As a consequence, compared to the case of Panel (a) of Figure

2.10, only G3 receives compensatory payments. Panel (b) in Figure 2.11 shows the situation when

G2 inflates its cost-based offer price by δ. As in the previous cases, there is a rearrangement in the

order the ISO dispatches the generating units. However, in this case, the rearrangement affects

the wholesale market price, which goes up from pL
′=op2 to pL

′=op3. Also, there is an increase

in the compensatory payments the system need to pay equivalent to the difference between the

two red-dashed areas in both panels depicted in Figure 2.10. Notice that in the new scenario, G2

is the only one receiving a reimbursement, while in the case depicted in Panel (a) from Figure

2.11, the one that was receiving compensatory payments was G3. Finally, there are productive

inefficiencies associated with reported coal price inflation, which comes from the fact that the

marginal unit is now more expensive.
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Figure 2.11: Effect of Inflating the Reported Marginal Cost: Low Demand Scenario 2

Note: In the case of slightly higher demand, if G2 inflate the cost-based offer price by δ, the wholesale market price
goes up from pL

′
=op2 to pL

′
=op3. Consequently, there are productive inefficiencies because the marginal unit is

now more expensive. The figure also shows that the total compensatory payments are now higher.

Figures 2.9, 2.10 and 2.11 show specific examples of the effect of inflating the cost-based

offer price on market outcomes. However, there are multiple possibilities that are not captured

by these examples. In the following section, I propose a formal way of measuring these changes.

2.7.2 Measuring the Effect of Cost-based Offer Price Inflation

To measure the effect of inflating the cost-based offer price by δ on wholesale market

price, the total amount of compensatory payments, and productive efficiencies, I establish a

methodology to calculate them, in which I recurrently make references to the graphical analysis

I just did.
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Re-dispatching Process and New Equilibrium

The observed wholesale market in hour h is given by ph, opi is the cost-based offer price

per MWh of the generating unit i in hour h, while MW h
i indicates the generation capacity at

which generating unit i operate during that hour. Assuming that coal generating unit i inflated in

such a way that the opi was inflated in δi, with δi ≥ 0, the actual offer price was equivalent to its

marginal cost of operation and given by:

mci = opi − δi

I define M̂W
h

i as the new level of generation of each generating unit in hour h assuming

the ISO dispatches the generating units based on mchi instead of ophi .31 Therefore, the hourly

wholesale market price assuming that generating units truthfully report their cost is given by:

p̂h = max{mchi : M̂W
h

i > MWi,min}Ii=1

where MWi,min is the minimum capacity at which a generating unit could be operating. The

wholesale market price, p̂h, will be equal to the maximum value of mci among all those generating

units that are operating during that hour, excluding those that are operating at minimum capacity.

Therefore we have that the average percentage change in price, over a period of H hours, is given

by:

31In Appendix B.4, I explain the assumption behind the algorithm I use to find the new generation level for each
generating unit in the system under mchi .
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%p =
1

H
·
∑
h

p̂h − p̂h

p̂h
· 100

In the context of Figure 2.11, p̂h is given by pL
′
= mc3, and ph is given by pL

′
= mc2, and

the change, in absolute terms, in wholesale market price (p̂h-ph) would be given by mc3 −mc2.

Compensatory Payments

The total amount of compensatory payments that need to be paid by the system to those

generating units that operate with losses is given by:

CP h =
∑
i∈IhL

(ophi − ph) ·MWi,min

where IhL is the number of generating units in the system that are operating with losses during

hour h, that is when ophi > ph. In the case generating units truthfully report their cost, the

compensatory payments are given by:

ĈP
h
=

∑
i∈ÎhL

(mchi − p̂h) ·MW i,min

where ÎhL is the number of generating units in the system that would be operating with losses

during hour h in the scenario in which there is no cost inflation, that is when mchi > p̂h. Therefore

we have that the percentage change in compensatory payments that need to be paid by the system

is, on average, given by:
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%CP =
1

H
·
∑
h

ĈP
h
− CP h

CP h
· 100

In terms of figures 2.10 and 2.11 the change, in absolute terms, in the total amount of

compensatory payment will be given by the difference between the dashed-red areas in both

panels.

Productive Inefficiency

Generating units that inflate their cost are dispatched, on average, at lower capacity, and

other more expensive ones are delivered instead of them. Therefore, the productive efficiency per

hour is, on average, given by

PEh =
∑
i∈I

(M̂W
h

i −MW h
i ) ·mchi

where M̂W
h

i −MW h
i is the difference between the generation for generating unit i in hour

h. This difference should be negative for those units that inflated the offer price because the

expected output with a higher offer price should be lower. In contrast, for those generating units

that operate at the margin, their difference should be positive because the ISO should leave them

out of merit with a higher probability in the absence of reported cost inflation. The productive

efficiency during hour h is given by the sum of all these differences across generating units times

their actual marginal cost of operation. Given that cheaper generating units are being left out of

merit because they inflate their offer price and more expensive ones are operating instead, PEh

should be positive. The productive inefficiency as the % of the total actual cost of the system is
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given by:

%PE =
1

H
·
∑
h

PEh∑
i∈I MW h

i ·mchi

In the context of Figure 2.11, the productive inefficiency is equivalent to the dark-gray

small square.

2.7.3 Counterfactual Scenario

This section compares the outcomes from the actual reporting policy and an alternative one,

in which the ISO uses the same reference coal price as the reported coal price for all the generating

units. I use the international coal price indicator I introduced in Section 2.6.1, particularly in

Figure 2.8, as the reference price. Using a reference price linked to the international coal price

would reflect better the opportunity cost of the resource and also should be something easy to

implement in Chile because all the coal consumed by coal generating units is bought in the

international market. Also, given the size of the Chilean market, it is a variable that appears to be

exogenous to local market conditions.

Based on the formulas I introduced in Section 2.7.2, I calculate what would have been the

change in wholesale market price, compensatory payment, and productive efficiency if instead

of observing the actual reported coal prices the ISO would have an imputed reported coal price

based on an international coal price indicator from the figures.

Doing the simulation using data between July and December 2019, I found that the wholesale

market price was 2.8% higher as a consequence of the coal price manipulation, assuming that the

alternative scenario is the one where each generating unit coal price is equal to the international
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coal price indicator from the figure. In some months, the effect of the wholesale market price

is close to 1%, while in others is around 4.5%. Those months in which the effect is higher are

those where the amount of NDR is higher, and as a consequence, the incentive to manipulate the

reported coal price is higher too. Assuming that there is no response on the demand side and that

wholesale market prices are passed through consumers in the medium term, a wholesale market

price increase of 2.8% would be equivalent to a transfer from consumers to producers of US%

44 MM in a period of six months. To have a reference, the total revenue of the system and the

total cost for the same period of six months are US% 1,540 MM and US% 660 MM. That is,

the transfer to consumers is equivalent to 2.9% of the total revenue and 6.7% of the total cost.

However, as expected the welfare loss for consumers is low. Assuming a long-term elasticity of

0.4 represents 0.04% of the total costs.

In terms of the total effect of the amount of compensatory payments, the system needed

to pay those that operate with losses an extra amount of US% 3.5 MM (from US% 27.5 MM to

US% 31 MM) as a consequence of the reported coal price inflation. The compensatory payments

are paid by all the generating units that operate in the system, including the one based in NDR.

In that sense, this increase in the compensatory payment represents a cost they need to consider

when entering the market. However, the higher wholesale market price represents a benefit that

more than compensates the cost associated with the increase in compensatory payment, which

is equivalent to a decrease in the wholesale market price of no more than 0.03%. Finally, the

productive inefficiencies associated with the reported coal price inflation for the same six months

are US% 3 MM, a tiny portion of the total cost (0.5%)
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2.8 Conclusion

This paper is about the side effects of price controls in regulated industries. I unveiled

inefficiencies associated with cost-based offer prices -offers set administratively- in wholesale

electricity markets. Using variation in the competitive environment introduced by a major transmission

interconnection between the Southern and the Northern regions in Chile, I show that with the

commissioning of the new transmission line coal generating units manipulate the main cost

parameter they report to the ISO: the coal price. Also, based on a stylized economic model, I

show that there is a regulatory distortion inherent to cost-based design that gives incentives to

distort the reported cost parameters. Finally, using an algorithm that simulates the Chilean ISO

electricity dispatching process, I show the negative effect of this opportunistic behavior on market

equilibrium outcomes.

Even though the paper exploits a specific event and regulation from the Chilean market to

show inefficiencies associated with cost-based electricity market design, its implications go much

further. First, in terms of the event, there are multiple ways in which the market environment can

change. For example, in the case of a drought, hydroelectric generation can be severely affected.

Given its relevance in the electricity mix, the entire market environment should change. Also,

there could be drastic changes in international coal, natural gas, or diesel prices, affecting, at

least temporarily, the fundamentals of the Chilean market. Furthermore, the wholesale market

prices and the propensity to operate with losses could be affected due to a more shiny week or

some technical failure in a relevant enough generation unit or transmission line. Not to mention,

changes in the market environment can also happen due to NDR capacity entrance. Therefore,

opportunities for suppliers to manipulate the reported marginal cost of operation may arise in
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various ways, and in this paper, I exploit a specific one.

Regarding the specific regulation from a single country, it is essential to mention that

different sorts of price controls have been introduced to reduce the likelihood of exercising

market power, a persistent challenge in designing wholesale electricity markets. Regulators have

introduced mitigation mechanisms (Graf et al. 2021) and, in other cases, have adopted cost-based

offer prices as the mechanisms to dispatch the generated electricity (Wolak 2003; S. D. McRae

2020; Gonzales et al. 2022). This paper shows that this regulation is not exempt from costs.

However, more potential costs are associated with a cost-based wholesale electricity market

than the one analyzed here. For example, auditing the actual cost of generation will always

be challenging, but auditing the actual opportunity cost, which should be the target, becomes

almost impossible. The direct fuel cost will generally diverge from the opportunity cost of it,

especially in the presence of physical inflexibilities that become more relevant with increasing

shares of NDR (Munoz et al. 2018).
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Chapter 3: Role of Governance and Management in Electric Utilities’ Performance:

Evidence for Latin America and the Caribbean

Joint with Mariana Weiss, David Matı́as, Yuri Daltro, Karla Arias, Franco Carvajal and

Michelle Hallack.1

3.1 Introduction

Given the monopolistic nature of electricity distribution utilities, designing appropriate

incentives for optimal performance is not trivial.2 As electric utilities face no competition and

have captive customers, regulators have aimed to get quality service at an affordable cost without

risking the companies’ financial sustainability (Averch and Johnson 1962). Additionally, the

utilities are quite heterogenous, making it even more challenging to achieve adequate regulations

for their operation and update them promptly. Therefore, exploring whether other institutional

and organizational structural elements can explain the distributors’ results is essential.

This paper empirically analyzes the role of governance and management of electricity

distribution utilities in the quality of the service provided and their profitability. For service

1The paper was part of a more significant project conducted by the Inter-American Development Bank about
Latin American Distribution Utilities performance. A previous version of this paper, named ”Desempeño de las
Empresas de Distribución Eléctrica en América Latina: Rol de la Gobernanza y Gestión” was circulated as a
technical document of the IDB.

2Also, the definition of optimal performance is controversial since these companies may have different goals.
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quality variables, the study used a customer satisfaction index and two indicators measuring the

duration and frequency of service outages, SAIDI and SAIFI (Çelen et al., 2012; Ajodhia et al.,

2006; Ajodhia et al., 2005). For profitability variables, the analysis used the EBITDA margin,

and the returns on assets (Brandão et al., 2021; Rocha et al., 2007).

We measure governance and management as determinants of performance using (i) the

number of instances of governance and management control; (ii) a measure of the company’s

ability to sell its service; and (iii) the company total electricity transmission and distribution line

losses. According to Bonzi et al. (2021a and 2021b), the first indicators capture the company’s

autonomy, decision-making, controls, and transparency. The second refers to its commercial

strategy, and the third to its technical and operational management. We also control for whether

the utility is publicly- or at least partly privately owned.

To assess the effect of these variables on utilities’ performance, we use a panel dataset built

based on public information available for electric utilities in Latin America and the Caribbean

(LAC) compiled by the Inter-American Development Bank (IDB). We fit linear regressions

where the selected quality of service and profitability indicators are the dependent variables,

and the governance and management indicators are the regressors of primary interest. The results

show that better governance and management tend to result in a better quality of service and

profitability indicators and that governance and management variables are relatively important in

explaining the performance heterogeneity among utilities.

The number instances of governance and management control is captured by an indicator

that measures the number of control bodies declared by a company that would provide advisory

and/or oversight, thereby helping to improve the utility performance. The bodies considered in
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this study were a management board, an external auditor, and an internal auditor. We find that the

greater the controls (i.e., more control bodies), the better the company’s performance. That was

reflected in lower interruption frequency and duration and significant positive effects on those

that measure profitability.

The utility’s ability to sell the utility service is captured by the turnover variable, which

measures the number of times a company has sales revenue equal to its assets’ value. It determines

how quickly sales are recovering the company’s assets. This measurement is associated with

the company’s business management, such as reducing the number of delinquent customers to

a minimum and receiving payment for the service. We find that the higher the turnover, the

better the utilities’ service quality (i.e., higher customer service index, fewer number of service

interruptions, and when there are interruptions, a shorter duration) and the better the profitability

indices.

The utility total losses are captured the percentage of transmission and distribution line

losses with which the company operates. This variable seeks to capture aspects of the company’s

technical and operational management. Losses are inherent to electricity transmission, but a

percentage of them come from production process inefficiencies such as those associated with

utilities’ failure to provide line maintenance and inability to oversee those who are consuming

legally and those who are doing so illegally (i.e., stealing electricity). We find that higher

losses are associated with poorer company performance in terms quality of service and financial

performance.

We also find that these three variables, together with the ownership variable (which indicates

whether there is private participation in the company’s ownership), explain quite a bit of the
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dispersion observed in the selected performance indicators. Moreover, the relative importance of

the governance and management variables is considerably greater than the variables for general

company characteristics, which include the number of customers, the grid length, billed electricity,

customer density per grid kilometer, and customer portfolio composition. This accounts not

only for the relevance of governance and management variables to improve the performance of

utilities in the region but also for the role they can play, through policies aimed at improving their

governance and management, a greater convergence in utilities’ performance.

The economic literature concerning electricity distribution companies and other utilities

that constitute natural monopolies, such as water and telecommunications companies, can be

divided into at least three strands. The first has to do with the analysis of the entire process of

deregulation experienced in the last 50 years. In the electricity sector, utilities used to control

all aspects of electricity provision from the generator to the meter, including control over the

transmission and distribution segments. The restructuring process introduced entry, competition,

and market-based prices in one or more segments of the electricity provision, generally leaving

electric utilities managing only the electricity distribution segment, which must serve all demand

in their service territory at regulated price. The second strand of the literature has to do with the

design of mechanisms to determine its regulated price structure and how to ensure that the tariffs

allow the cost of providing the service to be recovered, give the correct incentives to the different

agents that interact in the market, and comply with basic principles of tariff affordability. Some

of this literature has examined, for example, how dropping price subsidies affects consumers, and

how the transition to a fully deregulated, non-subsidized market should be attained to limit the

welfare losses of the most vulnerable customers. Finally, the third strand focuses on analyzing
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the performance of electricity distribution companies—for example, examining the effect of the

ownership structure, firm size, or regulatory changes on one or more performance indicators.

This paper contributes to the third strand of the literature in at least two dimensions.

First, it incorporates different variables in the main econometrics specification. Previous studies

have focused on variables such as size, customer density per network kilometer, or customer

composition on utilities’ performance (Sudhir et al., 2018; Çelen, 2013). By contrast, this

study controls for those company characteristics and emphasizes the effect on performance of the

parameters used to measure governance and management. Also, the study incorporates a larger

number of variables and observations in the analysis, representing an advance over earlier studies

of utilities’ performance in LAC. For instance, Andrés et al. (2008) and Weiss et al. (2021) also

made econometric analyses using a panel of data on existing electric power distributors in LAC.

Still, the number of explanatory variables included in their regressions were substantially smaller.

We contribute to the empirical literature addressing why firms differ in their performance

level and provide evidence about the electricity distribution companies. Comparing the difference

in performance among electricity utilities has the advantage that electricity is an entirely homogeneous

good—unlike the goods in other industries with similar monopolies or quasi-monopolies—allowing

us to isolate firms’ performance without having to worry about product differentiation. The

reasons for firms’ performance dispersion can be grouped into external and internal factors. The

external factors have to do with aspects such as the competitive environment or the regulation,

while the internal factor with the action that firms themselves can take. This paper shows that

internal factors related to improving aspects of the firms’ governance and management explain a

considerable portion of the observed heterogeneity.
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The remainder of the paper is organized as follows. Section 2 describes the data, relevant

literature, and criteria for selecting variables. Section 3 presents the descriptive statistics of the

utilities in LAC based on the selected variables. Section 4 shows the empirical strategy to analyze

the role of governance and management of utilities in LAC in the quality of the service provided

and its profitability. Section 5 presents the main results. Section 6 concludes.

3.2 Performance Indicators of Electric Utilities and their Determinants

The present study uses the Electrorating database (Weiss et al. 2022) developed by the

Inter-American Development Bank (IDB) to investigate about electric utilities in Latin America

and the Caribbean (LAC). The IDB collected data published by the regulatory bodies of the

distribution companies and their websites, documenting annual information for 295 electricity

utilities in 19 LAC countries.3 The data used in this paper relies on the first version of this

comprehensive database. More completed and updated versions will be released in the future.

The database includes, at the yearly level, more than 60 financial and non-financial indicators.

The financial information was extracted from the LAC utilities income statements and balance

sheets. It has such variables as profit, financial result, sales revenue, total expenses, cost of energy

purchased, operational expenses, depreciation and amortization expenses, personnel expenses,

and asset and liability information. As for non-financial indicators, the database has information

on electricity losses, service quality, corporate governance, capital ownership, and firm size,

among other things.

3These countries are Argentina (51), Belize (1), Bolivia (6), Brazil (153), Chile (15), Colombia (21), Costa Rica
(8), Ecuador (25), El Salvador (9), Guatemala (1), Guyana (1), Jamaica (1), Mexico (1), Panama (3), Paraguay (1),
Peru (13), Dominican Republic (4), Trinidad and Tobago (1), and Uruguay (1).
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We selected variables for this study based on those used in the related literature as well

as the data availability of the Electrorating database. This section explains the choice of each

variable, as well as its theoretical background and expected behavior. The variables are grouped

into two categories: (i) service quality and profitability indicators and (ii) their possible determinants.

3.2.1 Service Quality and Profitability Indicators

The present work focuses on explaining utilities’ performance in terms of the quality of

the service provided and profitability. It is essential to highlight that the utilities’ performance

analysis requires the evaluation of multiple variables. For instance, a company may provide

outstanding service quality at the cost of unsustainable indebtedness. In this situation, the utility

profit would sooner or later be affected, and that quality would not last. For these very reasons,

this company would not be classified as having good performance. In addition, there is always

room for improvement, even if marginal, in quality of service and the utility’s profitability.

Therefore, the challenge is to bring the quality of service to an optimal point within the financial

possibilities of each company. Moreover, the definition of optimal performance is controversial

since these companies may have multiple goals, such as population or territorial coverage or

service delivery to households at an affordable price. This study focused on company performance

in terms of service quality and profitability.

3.2.1.1 Service Quality

The literature has focused primarily on interruptions as an indicator of service quality.

Power outages are a primary concern for citizens (Weiss et al., 2021a) since they directly impact
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family welfare and company productivity. In the case of households, the interruption of service

means that they may lack basic comforts such as air conditioning or heating, fail to attain a

comfortable temperature in the dwelling, have no or limited access to lighting, hot water, cooling

food, and cooking (Weiss et al., 2021, Levy et al. 2020; Carvajal et al. al., 2020). Power

outages negatively affect companies’ productivity, competitiveness, and income (Levy et al.,

2020; Cavallo et al., 2020; Allcott et al., 2016), basically due to the interruption of their production

processes. That can primarily affect companies without access to alternatives, such as buying or

leasing generators to handle service interruptions.

The SAIDI and SAIFI indices are the most often used standardized metrics for service

interruptions (Bonzi et al., 2021a; Weiss et al., 2021; Andrés et al., 2013). SAIDI is defined as

the number of minutes of service interruption per customer in one year, and SAIFI measures the

annual average service interruption frequency per customer.4

In addition, earlier studies focus on customer satisfaction indices to measure the quality of

the service delivered by the companies. These indices are generally based on customer surveys

(Santos Neto et al., 2022; Rekettye, 2006). The Electrorating database has a variable called

customer satisfaction index (INDICE), a measurement published by different utilities in the

region that represents the percentage of customer satisfaction with their distribution utility. It

must be noted here that since this is not an objective measurement but rather a perception self-

reported by customers, it is not an ideal indicator for comparing utilities with one another. It is

valid, however, to compare changes in the index over time within different utilities in the region.

4It should be noted that some countries have slightly different methods of recording their electricity supply
continuity indicators. For example, some only consider interruptions that last more than three minutes, while others
only consider interruptions that last more than five minutes. There are also differences in the weighting of national
indices; some are by customers, and others are by connection point. (Bonzi et al., 2021a)
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This study included a customer satisfaction index (INDICE) and the two quality measurements

associated with electricity interruption (SAIDI and SAIFI) to measure service quality. Table 1

gives the three indicators’ descriptions and unit of measurement.

Table 3.1: Service Quality Indicators

Variable Description Measurement Unit
INDICE Customer satisfaction index %
SAIDI Service interruption duration in a year Minutes
SAIFI Service interruption frequency in a year Number of events

3.2.1.2 Profitability

The most used indicators in the literature for measuring profitability are the EBITDA

margin, the return on assets (ROA), the return on equity (ROE), and, to a lesser extent, sales

revenue (Brandão et al. 2021; Fritsch, R., 2011; Pombo and Taborda 2006). The EBITDA margin

measures a company’s operating profit as a percentage of its income. EBITDA, which stands

for earnings before interest, tax, depreciation, and amortization, permits assessing a company’s

performance regardless of its financing method, among other things. When analyzing the EBIDTA

variable, what is relevant is how much electricity is sold and how much it costs to produce that

electricity. The EBITDA margin is obtained by dividing the EBIDTA by its sales revenue; this

ratio lets us compare different-sized companies in the same industry.

The ROA, a financial ratio that indicates how profitable a company concerns about its total

assets, is calculated as net profit over total assets. A higher ROA should show, all else remaining

constant, that a company is doing better. ROE, for its part, is another profitability measurement

like the ROA but calculated as net profit over net equity. This measurement is generally less often

analyzed when looking at the performance of an electric utility because these firms, being long-
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term, infrastructure-intensive investments, have high levels of debt - which is captured better with

the ROA. For the same reason, out of all the indicators that measure company profitability, this

study used the EBITDA margin (EBITDAM) and returns on assets ratio (ROA). Table 2 depicts

both indicators description and their unit of measurement.

Table 3.2: Profitability Indicators

Variable Description Measurement Unit
EBITDAM EBIDTA over sales revenue Ratio
ROA Return on assets Ratio

The relationship between EBIDTAM and ROA should be analyzed with caution. In many

jurisdictions, the ROA is regulated; utilities usually must have a ROA of a given percentage of

their assets (Jenkins et al., 2017; Crew et al., 2002). That implies that, depending on the specific

legislation, small and large companies must have the same return regarding the percentage of

their assets. Therefore, those companies located in rural areas, which have a very low density

of clients per kilometer of transmission network, will have a return flow on their assets like

those with a high density of clients. However, since sales in low-density areas will be much

lower, the utilities there will probably have higher EBITDAM. Therefore, both measures are not

directly comparable, and for the same reason, it is good to look at both when assessing utilities’

performance.

The following section examines variables that might determine company performance regarding

service quality or profitability. A major feature of the five performance indicators used in this

study is that they are easily interpretable. Hence, a higher satisfaction index, lower SAIDI, lower

SAIFI, higher EBIDTAM, and higher ROA represent, everything constant, a better situation for

the company.
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3.2.2 Determinants

Selecting company performance variables is just as important as defining the performance

indicators. This section presents those variables that characterize companies in general terms,

which have been profusely used in previous studies. Later, we introduce those that measure

aspects of their governance and management, which are the focus of this work. In both cases, we

discuss the criteria used for their selection and the relationship expected between them and the

selected quality-of-service and profitability indicators. Remember that the choice of variables is

not only defined by their theoretical relevance but also by their availability in the database.

3.2.2.1 General Characteristics

Previous studies have focused on the effect of size, customer density per network kilometer,

or customer composition on utilities performance (Coto-Millán et al., 2018; Sudhir et al., 2018;

Çelen, 2013). Although these are not our main variables of interest, we control for them. This

study uses the number of customers to capture the size of the utilities.5 All else the same, a

larger company should better take advantage of the economies of scale and scope present in the

electricity distribution process. Size should therefore positively impact its service quality and

profitability performance indicators (Filippini, 1998; Filippini Wild, 2001).

The density variable measures the number of clients per network kilometer. This variable

would capture characteristics of the area where the Utilities are located. For example, rural areas

are more likely to have fewer customers per grid kilometer. As they are less dense areas, the

5In addition to the customer variable, this study used the length of the network (which measures the number of
kilometers of utilities distribution lines), and the amount of electricity billed (which measures the total electricity
billed in kWh by utilities) to define the size of the utility.
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transmission infrastructure is less robust, making it more vulnerable to rain and wind, leading to

a higher frequency of power outages (Ter-Martirosyan Kwoka, 2010). At the same time, since

there are more remote places with less population, these cuts should be longer. In other words, it

is necessary to include this variable as a control, thus capturing aspects of the locality that would

otherwise be difficult to control.6

The effect of the density on financial performance is not necessarily positive. For example,

it is argued that utility companies with a dense customer structure are associated with larger sizes

and are therefore associated with higher returns, which is correct (Cullmann et al., 2008; von

Hirschhausen et al., 2004). However, in an econometric analysis that also controls for size, the

effect of density can be diluted since the size of the utility on profitability would be captured by

the size variable.

Finally, to capture the composition of the client portfolio, the percentage of residential

clients was used. The residential variable indicates the percentage of residential clients in the

distribution concession area. It is associated with large urban areas with less economic activity

and therefore is an essential characteristic when comparing companies. In addition, it speaks of

the level of atomization of the clients, their bargaining power, and the transaction costs that the

utility must incur to provide the service.7

Table 3 presents each of these variables, their description, and their unit of measurement.

Unlike what happens with the selected service quality and profitability indicators, it is not necessarily

expected that a higher or lower value will be better for these variables.

6The speed with which the service is restored depends partly on the supervisory power that can exercise the
demand on the service provider and/or the authority that regulates it. For the same reason, it is expected that the
larger the number of people affected, the greater the supervisory power.

7Bargaining power refers to the client’s negotiating power with the UTILITIE. It is assumed that a larger customer
(industrial or commercial) has more power than a residential one.
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Table 3.3: General Characteristics Indicators

Variable Description Measurement Unit
Customers It measures the number of customers the utility has Millions
Density The number of customers per distribution grid kilometer Ration
Residential Percentage of residential customers %

3.2.2.2 Governance and Management

This section defines the variables used to measure governance and management. These

variables are central to our study since their effect on the performance variables is the paper’s

primary focus. Table 4 shows the set of variables, namely: (i) a capital ownership structure

indicator, represented by the variable private; (ii) an indicator of having additional management

control bodies, (iii) the sales-asset turnover indicator to measure the commercial strategy of the

firm; and (iv) total electricity losses.

The private variable is included to see if the ownership structure affects the selected performance

indicators. It is a variable that must be included in the analysis since, although a positive or

negative effect is not expected a priori (He et al., 2021), it is a variable that most studies include

as a measure of corporate governance.
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Table 3.4: Governance and Management Indicators

Variable Description
Measurement

Unit

Private
Indicates if there is private participation, whether total or partial,
in the utilities’ ownership. 0 to 1

Control
The control index is equal to the number of governance control
bodies declared by the firm. 0, 1, 2, 3

Turnover
Measured as sales revenue over total assets, this serves to identify
how quickly the company’s assets are converted to income. Ratio

Losses
Percentage of all generated electricity that is lost due to production
process inefficiencies. %

To assess the effect of having instances of additional controls bodies or entities, previous

studies have used the existence of a board of directors, service quality committees, or internal

management control committees, among others (Fremeth et al., 2020; Barka et al., 2017; Andrés

et al., 2013; Bebchuk et al., 2010; Duchin et al., 2010; Brown, 2017). In general, they have

found a positive relationship between the instances of governance and management control and

their performance in the service’s quality and profitability. This work includes a variable named

controls, which measures the number of instances of governance and management controls the

company declares to have, which would fulfill advisory and/or inspection functions. Therefore,

if a company’s control index has a value of 3, it means that it reports the existence of a board

of directors, a fiscal or internal audit council, and another external audit body (Matı́as et al.,

2022). Zero means that the company does not report the existence of any of them. It is expected

that a more government with more instances of control will lead, in the medium term, to better

governance and management of the company, which should lead to a better satisfaction index,

shorter duration and frequency of service interruptions, and better financial results reflected in

higher values for the EBITDAM and ROA variables. The turnover variable measures the number
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of times a company has sales revenue equal to its assets’ value and determines how quickly sales

recover its assets. Assuming that the assets of sufficiently consolidated utilities should not change

drastically from year to year, the turnover ratio measures the utilities’ ability, through sales, to

transform its generated electricity into cash. That is a management measurement that seeks to

measure significant aspects of any company, such as reducing the number of customers in debt

or non-payment situations to a minimum and, consequently, receiving payment for the delivered

service. Generally speaking, since a higher turnover means better management in the last stage

of the production process, it should lead to a lower SAIDI and SAIFI and a higher EBIDTAM

and ROA.

The last variable used to measure utilities management is the percentage of electricity

losses. Electricity losses are the difference between the electricity entering the grid and the

amount delivered to end users. Inherent to electricity distribution, they are mainly associated

with transmission line resistance. In addition, however, a percentage of electric power losses

is due to the production process inefficiencies related to lines maintenance, and the utilities’

inability to oversee who is consuming and who is not. Therefore, the losses variable captures

management aspects of a utility that cause a higher or lower percentage of losses, such as the

company’s interest in and actions for maintaining infrastructure and its efforts to prevent theft. In

this respect, higher losses should be associated with poorer performance indices.

Corporate management measurements, such as what this study hoped to capture with turnover

and losses, have not often been used as determinants of company performance. Losses have been

used in studies as indicators of performance (Arkorful, 2022; Kwakwa, 2018; Jiménez et al.,

2014), but in this study, losses are included as a measurement of management because although
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they may be the result of poor management rather than the management itself, they do serve as

a proxy for technical and operational management. Moreover, reducing losses is not, per se, the

company’s ultimate goal but an effective mean for improving its performance. So, by including

energy losses, the aim is to capture that part of the management process that influences them,

which is not captured by other variables included in the model.8

Leaving the variable private indicating corporate ownership structure aside, a higher satisfaction

index, lower SAIDI and SAIFI, and higher EBIDTAM and ROA should be associated with

greater corporate control, higher turnover, and fewer losses. Finally, it should be mentioned that

corporate governance control, turnover, and losses are all associated with utilities’ management.

Still, as emphasized in the preceding paragraphs, each captures different aspects of company

management. The corporate governance control index is associated with the company’s medium-

term governance and management. The one measuring asset turnover is related to the capacity to

commercialize the generated electricity. By incorporating losses as an independent variable, we

seek to measure that part of the management associated with the maintenance of the infrastructure

and the formalization of potential clients, thus avoiding electricity theft.

To better understand the behavior of the selected variables and those intended to control

for general company characteristics, the next section looks at their main characteristics from a

statistical standpoint.

8When performing a regression of a variable Y on X and Z, the coefficient associated with X would capture the
effect of everything in X that is not correlated with Z on Y. Therefore, the coefficient of losses will measure the
effect of losses on the independent variable of all that variation of losses that are not correlated with the rest of the
explanatory variables.
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3.3 Descriptive Statistics

The descriptive statistics of the variables that measure service quality and profitability and

their determinants are shown in table 5. The first column shows the variable name for which we

have information at the yearly level, the second column indicates the number of countries for

which information is available, the third the total number of utilities, the fourth the total number

of observations, and the rest of the columns are the main statistics associated with them. That

helps to analyze the heterogeneity of the utilities considered in this study.9

Table 3.5: Governance and Management Indicators

Variable Countries Utilities N Mean SD p1 p10 p50 p90 p99
INDICE 7 108 1416 65.64 9.88 38.68 53.68 65.99 78.15 87.24
SAIDI 15 146 1987 1053 1121 5 136 741 2307 5654
SAIFI 16 145 1947 20.05 39.51 1.48 4.4 9.9 37.51 223.1
EBITDAM 16 128 1256 0.14 0.19 -0.65 0.02 0.16 0.3 0.5
ROA 17 151 1380 0.02 0.1 -0.36 -0.04 0.04 0.09 0.17
Private 16 180 2500 0.64 0.48 0 0 1 1 1
Control 19 295 4004 0.58 1.04 0 0 0 2 3
Turnover 16 132 1259 0.59 0.26 0.05 0.3 0.56 0.91 1.5
Losses 17 192 1991 0.14 0.08 0.04 0.07 0.12 0.25 0.41
Customers 17 254 3038 0.64 2.05 0 0.01 0.13 1.65 6.17
Network 12 147 1708 32.05 75.02 0.07 0.88 6.67 87.39 382.8
Billing 15 228 2778 3.24 13.51 0.01 0.03 0.42 8.45 26.45
Density 11 139 1450 0.04 0.08 0 0.01 0.03 0.08 0.19
Residential 9 192 2411 0.8 0.17 0.15 0.56 0.86 0.91 0.96

Table 5 shows that an average of 65.6% of the companies’ customers for which information

is available are satisfied with the service delivered to them (variable INDICE). It can also be seen
9It should be noted that the number of observations is greater than the number of companies. That happened

because the database has a panel structure; the companies are observed in more than one period, in this case, one
year. It should also be noted that we are in the presence of missing observations. As a result, not all variables
are available in the same number of countries or every year, nor do they have information for the same number of
companies or, as is to be expected, the same number of observations. For instance, according to the table, there are
1,256 observations for EBIDTAM, while there are 1,991 observations for losses.
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that the SAIDI average in the sample is 1,053, meaning that in one year, a customer was without

electricity service 1,053 minutes, equivalent to almost 18 hours of outage. However, customers

may have faced outages averaging 5,654 minutes annually (p99), equivalent to more than 94

hours. In the same table, the SAIFI shows that each customer faced, on average, 20 interruptions

per year, equivalent to almost two per month. However, the heterogeneity is once again quite

relevant. While some may have had fewer than two interruptions per year (p1 = 1.48), the same

number of customers may have had more than 200 (p99 = 223.1). Also, note that for both

indicators the distribution is skewed to the right and the mean is much larger that the media.

Concerning profitability variables, the table shows that, on average, the EBITDA margin is

14%, noting that the utility in percentile one has a negative EBITDA margin and also represents

65% of all sales, implying that this company was far from being able to cover its expenses with

its income in this fiscal period. By contrast, the utility in percentile 99 has an EBITDA margin

that reaches 50% of its sales. The values for the ROA are lower in absolute terms, which is also

consistent with how the two indicators are constructed. When both indicators are positive, the

EBIDTA (the numerator of the EBIDTAM) should be substantially greater than the net profit

(the numerator of the ROA). At the same time, the EBIDTAM denominator (sales revenue) is, on

average, smaller than the ROA denominator (assets), as the turnover variable shows.

Regarding the variables measuring governance and management, 64% of the times an

EDCs was observed that had private participation; the rest were cooperatives or public companies.10

It can also be seen that the control index has a median of 0.58. The average throughout the sample

1064% is the percentage of times that an EDC was observed to be private, which is different from the number of
companies in the sample that are private. First, some of them may have changed their ownership structure over the
years being analyzed. Secondly, since this is an unbalanced panel, the 64% does not reflect the percentage of the 180
companies that have private participation, which is 51.7%.
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of companies with no management control body and those with one, two, or three is 0.58.

The turnover variable indicates that in one year, a company sells, on average, an amount

of electricity equivalent to 59% of its total assets. However, some companies can sell an amount

equivalent to 5% (p1) of their assets, while others sell 150% (p99).11 Transmission and distribution

losses, for their part, reach an average of 14% of all power entering the distribution network, but

in some cases, they can represent more than 40% (p99).

A later econometric analysis will thus need to control for other company characteristics,

such as firm size and density, since the company that sells the equivalent of only 5% of its

assets may perfectly well serve highly isolated areas and therefore has many assets (transmission

networks, transformers, etc.) but at the same time very few customers.

Finally, we come to the variables that seek to capture the general characteristics of the

companies, such as their number of customers, network length, and billed electricity. These

variables, which measure the size or scale of the company’s operation, are measured for statistical

purposes in thousands of customers, thousands of network kilometers and annual TWh billed,

respectively. The density variable reaches, on average, 43.68 customers per network kilometer,

with places where there are fewer than 5 customers per kilometer (p1) versus others where there

are almost 200 (p99). For utilities for which there is information in the database, 80% of the

customers are residential, but in some places, this percentage may be less than 15% (p1). The

next section explains the method used to measure the effect of each of the selected determinants

on the service quality and profitability of the companies. However, it should be kept in mind that

the main emphasis will be on the role of governance and management in the selected indicators.

11Numbers close to or greater than 1 of the turnover variables may represent that the company has already
depreciated much of its assets.
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3.4 Empirical Strategy

We seek to measure the effect of governance and management on utilities quality of service

and profitability and its importance in determining the variation observed in each of the selected

indicators by fitting the regression equation:

yit = x′
it · β + z′it · γ + αc + αt + εit

where yit is the dependent variable under analysis for a company i in year t, which will

always be equal to one of the metrics introduced in Section 2, such as the customer satisfaction

index, SAIDI and SAIFI variables, EBIDTA margin, and ROA. On the right of the equation, a

vector of explanatory variables x′
it and a set of parameters of interest β have been added. The

vector x′
it is comprised of the governance and management indicators: the company’s ownership

structure (variable private), a corporate governance control (variable control), asset turnover

(variable turnover), and the percentage of losses (variable losses). The estimated values for the

parameters comprising the vector β are the main interest of this study.

The right side also includes z′it, a vector of controls comprised of variables representing

general utilities characteristics defined in section three. The parameters associated with them

are given by the parameters compiled in γ. In addition, to take advantage of the database’s

time dimension, that is, the fact that it observes companies in various countries during a period

of up to 20 years (between 2001 and 2020), we include year and country fixed effects in all

the specifications. The first allows us to control everything that changes yearly and affects

all companies equally (e.g., an international energy price). The second control for country
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characteristics that do not change annually, such as population habits and regulatory aspects.

The Electrorating database was built with public data collected from distributors’ and

regulators’ websites. There are missing values for some of the variables in certain countries

and years, so to use all of the existing information, we adjust the specification to control for such

missing values. This is explained in Appendix 1. However, we present the results of the main

regressions correcting and not correcting for missing values.

Once the coefficients are estimated, a central aspect of the study is to determine the importance

of the governance and management indicators in the variation observed in each performance

indicator, which has been noted throughout this paper, are significantly dispersed. To do so, we

decompose the coefficient of determination (R2).The R2 is the proportion of the total variance of

yit explained by the regression and is given by the following formula:

R2 =

∑T
t=1(ŷit − yit)

2∑T
t=1(yit − yit)

2

where ŷit is determined from the estimated values β, γ, αc and αt. The goal of the

decomposition is to determine the contribution of each group of variables. For this, we defined

four groups: (i) governance and management (x′
it); (ii) general characteristics (z′it); (iii) year-

fixed effects allows (αt); and (iv) country-fixed effects (αc). We then used the Shapley-Owen

decomposition, which allows to calculate R2
x, R2

z, R2
t

and R2
c

such that:

R2 = R2
x +R2

z +R2
t
+R2

c

where R2
x determines the proportion represented by the group of governance and management
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variables in the total variation of yit. Thus, ratio R2
x

R2 is the contribution of the governance and

management variables to the coefficient of determination. The interpretation is similar for the

other three groups of variables.

Section 5 presents and discusses the main results of the model as well as the decomposition

of the coefficient of determination. Results are also given for alternate specifications, and thus

provide robustness to the results found.

3.5 Results

This section presents the results of the econometric model described in Section 4. It then

analyzes in greater depth the effects of the variables that measure governance and management on

the performance of the utilities. Finally, it discusses their contribution in explaining the variation

observed in the variables that measure the companies’ quality-of-service and profitability.

3.5.1 Estimated Coefficients

First, to better understand the significance of the estimated coefficients, we need a clear

interpretation of the changes in each dependent variable. The INDICE variable measures the

percentage of satisfaction with the utility, implying that a change of 1 in the INDICE is associated

with a one percent increase. The SAIFI and SAIDI variables were incorporated in natural

logarithms to make them easier to interpret, so a change of 0.01 in them means a 1% change.

Finally, EBIDTAM and ROA are ratios, implying that a change of 1 would mean a change of

100 percentage points, so a coefficient of 0.05 would be equivalent to a change of 5 percentage

points. The results of the econometric model are presented in Table 6.
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Table 3.6: Performance Indicator Determinants
(1) (2) (3) (4) (5)

VARIABLES INDICE SAIDI SAIFI EBIDTAM ROA

Private -2.851*** -0.0491 -0.0144 0.0712*** 0.0304**
(0.778) (0.0647) (0.0665) (0.0246) (0.0126)

Control 0.0111 -0.0298* -0.0296* 0.0169*** 0.00683**
(0.232) (0.0180) (0.0179) (0.00505) (0.00273)

Turnover 1.301*** -0.0708*** -0.0374*** -0.00838*** 0.00339**
(0.162) (0.0144) (0.0120) (0.00315) (0.00149)

Losses -4.828*** 0.589*** 0.536*** -0.114*** -0.0620***
(0.434) (0.0314) (0.0310) (0.0213) (0.0137)

Density -0.828 -1.334** -0.829** -0.144*** -0.0270
(4.248) (0.592) (0.405) (0.0450) (0.0224)

Residential -1.719*** -0.177*** -0.158*** 0.000872 0.00219
(0.188) (0.0321) (0.0333) (0.00968) (0.00666)

Customers 0.155 0.0161*** -0.0517*** 0.00979*** 0.00443***
(0.0960) (0.00620) (0.0171) (0.00311) (0.00158)

Constant 93.11*** 4.547*** 4.242*** 0.347*** 0.00871
(3.391) (0.341) (0.334) (0.111) (0.0690)

Observations 1,416 1,987 1,947 1,256 1,380
R-squared 0.446 0.697 0.493 0.260 0.255
Country FE Si Si Si Si Si
Year FE Si Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

An analysis of the effects on each of our performance indicators shows that private participation

in the utilities is associated with a lower customer satisfaction index and higher profits. However,

the coefficients estimated on its effect on SAIDI, and SAIFI are not significant.12

Concerning the governance control variable, a better governance structure would lead to

better service and greater company profitability, reflected in lower SAIDI and SAIFI indices and

higher EBIDTAM and ROA. For instance, one more management control body would reduce

12We analyze the effects of the private variable on service quality indicators with caution because, in general, the
evidence is not clear regarding its implications (He et al., 2021).
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the SAIDI and the SAIFI by 3% (2.98% and 2.96%, respectively) while increasing EBIDTAM

and ROA by 1.69 and 0.68 percentage points, respectively. That implies that if a company that

does not have any corporate governance body creates the three above mentioned bodies, it would

reduce the SAIDI and the SAIFI by 9% while increasing EBIDTAM and ROA by 5.07 and 2.04

percentage points, respectively.13 There is no significant correlation with customer perception,

represented by the satisfaction index.

From Table 6, a higher asset turnover is associated with a better satisfaction index, lower

SAIDI and SAIFI, lower EBIDTAM, and higher ROA.14 The negative effect on EBIDTAM is

counterintuitive, but it is explained by how the two variables are constructed. The turnover

variable is calculated as sales revenue over assets and EBIDTAM as EBIDTA over sales revenue,

so in the dependent variable, the sales variable is in the denominator, while in the independent

variable, it is in the numerator. So, if sales revenue increases, we would see an increase in the

turnover variable, but that same increase in sales revenue would cause the EBIDTAM to fall. That

is, they are inversely correlated by construction.15 Said that, to analyze whether the inclusion of

the turnover variable is affecting our analysis and conclusions, we ran the same regression without

including it. Table 11 shows that this is not the case.

13It is essential to mention that, in the article, causal effects are not being measured but rather controlled
correlations between variables. That is the correlation between SAIDI and the existence of corporate governance
bodies once we control for all the other variables. This does not imply that there is not necessarily a causal
relationship between the presence of corporate governance bodies to SAIDI. Still, it does mean that, given the
available data, it was not possible to identify this relationship.

14The effect of the turnover variable on the satisfaction index is positive because it influences SAIDI and SAIFI,
variables that, in turn, affect the satisfaction index. Regressions were also done, including SAIDI and SAIFI as
independent variables, and the general conclusions are the same. However, when those variables are included, the
coefficients associated with the variables turnover and losses fall (in absolute value), which is consistent with the
fact that part of the effect is via improvements in SAIDI and SAIFI. It was decided not to include SAIDI and SAIFI
in the main model specification to maintain an econometric model that enabled a clearer analysis of the contribution
of the selected variables to quality-of-service and profitability indicators.

15The conclusions that could be drawn from this result would be counterintuitive, which is why more than one
variable is included to measure profitability: to corroborate that the effects of a higher turnover on profitability are
according to what we should expect.
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The effects of losses are also as expected. The higher the losses, the lower the INDICE, the

higher the SAIDI and SAIFI, and the lower the profitability indices. Losses are a proxy for poor

technical and operational management since they imply that the company might not be properly

maintaining its infrastructure or making enough effort to control electricity theft. They directly

affect the profitability variables since higher losses mean higher costs for the company for the

same revenue flow, which translates to lower profitability. What is surprising and positive is that

lower losses are also associated to better service quality, which could be explained by the fact

that the company would have more resources to improve it or because better maintenance of

the distribution lines lowers the likelihood of service interruption and makes service restoration

easier so that the duration is shorter.

Concerning variables representing general characteristics, it was observed that the SAIDI

and SAIFI decrease as density increases. When a service interruption lasts long, the company

stops providing service to more customers and therefore receives more complaints and more

outside pressure. In turn, the company’s sales revenue decreases with a service interruption.

So, with higher density, there are more incentives for ensuring the service is not interrupted.16

Furthermore, higher density appears to be associated with a lower EBIDTAM, which is consistent

with the fact that the EBIDTAM is equal to the EBIDTA over sales revenue. Since higher

density should be associated with higher sales revenue, it should also be associated with a

lower EBIDTAM.17 In addition, it was observed that as the percentage of residential customers

increases, the satisfaction index decreases but the SAIDI and SAIFI are better. Finally, a larger

16It should also influence the fact that the State tends to prioritize investments that, in political terms, benefit the
greatest number of people, deepening the quality gap between urban and rural, that is, higher density versus lower
density.

17This does not mean that EBITDA does not increase, but it does mean that it increases less than sales, so
EBITDAM falls. This is likely because in general the variation or changes in the level of profitability are regulated.
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number of customers, used as a measurement of utilities’ size, is associated with higher profitability

indices.

The robustness analysis of the results is presented in Appendix 2. Specifically, in Appendix

2, size is controlled for by using the distribution network length and the level of billed electricity.

More fixed effects are also included, making it possible to capture regulatory changes in each

country, for instance. Finally, the same model is estimated without the correction for missing

data explained in Appendix 1. The results go in the same direction: greater corporate governance

control, better sales revenue performance, and lower electricity losses are associated with better

company performance.

3.5.2 Effects of Governance and Management on Quality and Profitability

Figure 1 looks at the effects of controls, turnover, and losses on the variables that measure

service quality. Changes in the explanatory variables used to calculate the coefficients and

associated confidence intervals that are found in the graph are as follows: (i) in the control

index, a change of one unit is assumed, that is, a change by adding one more governance and

management control body; (ii) with the turnover variable, a 10% increase is assumed, that is, if

the variable is at 0.6 we are seeing what would occur if it increased to 0.66; and (iii) in the case

of the losses variable, a 10% decrease is assumed, that is, if the losses are equivalent to 15% of

injected electricity, we are asking what would occur if they were 13.5%. Finally, it should be

remembered that the coefficients of INDICE are interpreted as percentage points, while those of

SAIDI and SAIFI are interpreted as percentages.

As seen in Table 6, the effect of controls on INDICE is insignificant (i.e., the confidence
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interval crosses the horizontal axis), while it is significant for SAIDI and SAIFI. Having one more

management control body leads to a fall of around 3% in both SAIDI and SAIFI. In addition, a

10% increase in asset turnover leads to a fall of some four percentage points of SAIDI and two

percentage points of SAIFI. Finally, a 10% fall in losses would be associated with a fall in SAIDI

and SAIFI of eight and seven percentage points, respectively, which confirms the importance of

losses as an index of good or poor company management.

Figure 3.1: Effects of Governance and Management on Quality

Note: The figure shows the effects, and their confidence intervals, on the variables that measure quality of service,
of changes in control, turnover, and losses variables. In the case of the SAIDI variable, the figure indicates that the
effect of a one-unit increase in the control variable would imply a 3% decrease in SAIDI (blue point in the middle
panel), while a 10% increase in turnover is associated with a fall of between 4% and 5% in SAIDI (red point in the
middle panel). Finally, the effect on the same variable of a 10% fall in losses would be an 8% decrease (yellow point
in the middle panel).

Figure 2 presents the effect of these three variables on the profitability indicators. Except

for the effect of turnover on EBIDTAM, which is negative because of how the indices were

constructed, the three variables have the expected effects. The left panel shows that having one

more management control body increases the EBIDTAM by around 1.6 percentage points. At

the same time, a 10% decrease in losses is associated with a higher EBIDTAM by about the
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same amount. That is, the effect of having one more management control body is significant

and comparable to a 10% decrease in electricity losses. That is an important conclusion since it

underscores the importance of the governance structure chosen by the company.

Figure 3.2: Effects of Governance and Management on Profitability

The figure shows the effects, and their confidence intervals, in the variables that measure profitability, of changes in
the controls, turnover, and losses variables. With the ROA variable, the figure indicates that the effect of a one-unit
increase in the controls variable would imply an increase of around 0.7 percentage points (blue point in the right
panel) while a 10% increase in turnover is associated with an increase by 0.2 percentage points (red point in the right
panel). Finally, the effect on the same variable of a 10% fall in losses would be an increase by 0.8 percentage points
(yellow point in the right panel).

3.5.3 Decomposition of the Coefficient of Determination

This section discusses the contribution of different variables to explaining the variation

observed in the indicators that measure the companies’ service quality and profitability. For

this, we define four groups of variables: (i) governance and management, (ii) general utilities

characteristics, (iii) year-fixed effects, and (iv) country-fixed effects. We then analyze the contribution

of each of these groups to the coefficient of determination obtained in each regression presented

in section 5.1. The results of the main regressions are presented in Figure 3, while the results of
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the regressions without the missing imputation are presented in Figure 4 (Appendix 2).

The coefficient of determination for the INDICE regression (R2) is shown in Table 6 to be

0.446. Figure 3 shows that 42.7% of that value is explained by the governance and management

variables, 19.3% by the general utilities’ characteristics, 20.7% by the year fixed effects, and

17.3% by the country fixed effects. With SAIDI, the situation is different since, for this indicator,

57.1% of the R2 is explained by the country fixed effects and the remaining 42.9% by the effects

of governance and management (25.9%), utilities characteristics (10.8%), and year fixed effects

(6.2%).18

With SAIFI, the relative significance of the governance and management variables increases

by 6.7 percentage points compared to what happens with SAIDI (from 25.9% to 32.6%). In

comparison, the significance of the year fixed effects increases by more than 10 percentage

points (from 6.2 to 16.7). However, the most significant change is the almost 20-point drop

in the significance of country fixed effects (from 57.1% to 39.8%), which, as with SAIDI, is still

the most relevant component for explaining the observed variation.

It should be emphasized that the relative importance of the country fixed effects in explaining

the observed variation in SAIDI and SAIFI has to do with the different regulations each country

has for regulating and monitoring service quality. In addition, the greater relevance of year fixed

effects in SAIFI compared to SAIDI has to do with the fact that interruption frequency depends

largely on the frequency of winds and rainfall, which change from year to year.

18This analysis includes all the variables of each group and not only those that were significant. It would not be
appropriate to remove the non-significant ones for two reasons. The first is that it would happen that some variables
would be included for some service quality and profitability indicators and for others, others. This would depend on
which have been significant, which would make it difficult to compare the contribution of the different groups to the
different indicators. Furthermore, in an econometric analysis, it is not that the non-significant ones can be arrived at
and excluded from the model. They are still part of the model, and the significant ones are interpreted as the effect
of X on Y given that you control for Z, even if Z is not significant.
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Figure 3.3: Decomposition of the Coefficient of Determination (R2)

Note: The figure shows the contribution of each group of variables to the coefficient of determination obtained in
each of the performance indicator regressions presented in Table 6 and 11. The key message is that the relative
importance of variables associated with governance and management is considerably greater than the one capture by
general company characteristics.

Figure 3 also shows the importance of having access to a data panel since this enables us to

disentangle the relative significance of the time effects from those associated with the reality of

each country to explain the heterogeneity observed in the performance indicators. For example,

16.7% of the SAIFI coefficient of determination is explained by factors that change from year

to year and affect all EDCs - factors over which regulatory authorities are not expected to have

much control. For the same variable, however, factors that are distinctive to each country, such

as the regulatory framework, explain 39.8% of the R2.

For the EBIDTAM and ROA (Figure 3), the most relevant group of variables for explaining

their observed variation includes the governance and management variables, which explain 57.9%

in the case of EBIDTAM and 65.9% in the case of ROA. Year and country fixed effects are
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relatively less important than variables that measure service quality, particularly those that measure

interruption frequency and duration, for explaining the observed variation in the profitability

variables. That happened because the regional companies’ profitability permitted or regulated by

law is relatively similar in all the countries. Finally, the core message of the numbers presented

in Figure 3, which also apply for those in Figure 4, is that the relative importance of governance

and management variables is considerably greater than that of the variables for general company

characteristics. That tells us the importance of the governance and management variables for

improving utilities performance in the region and aligning their performance.

3.6 Conclusions

The continuous improvement of the electric distribution utilities is essential to develop a

more efficient electric distribution system so that they can not only provide a high-quality service

at an affordable cost but also be financially sustainable. At the same time, they must be able to

adapt to a constantly changing electricity market. For the same reason, understanding how they

work and determining what makes some perform better than others is a top need for policymakers.

This paper used a data panel with information on Latin America and the Caribbean (LAC)

companies to evaluate the role of a company’s governance and management’s performance.

Generally, better governance and management are associated with better quality indices and

higher profits. In turn, these variables were found to explain a considerable percent the high

degree of variability observed in the companies’ performance.

Future studies would ideally include more variables in the analysis. Including variables that

measure the amount of debt would have contributed significantly to this study, for instance, but
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we could not include one due to the limited amount of observed data. Moreover, this is a difficult

variable to interpret since high levels of debt are not good but having less rather than more debt

is not always synonymous with a well-run operation.19 Debt itself, however, is central to the

development and consolidation of utilities. Another contribution would be to include variables for

the cost of the delivered service since what is relevant for regulators is that utilities are financially

sustainable and able to deliver service of quality at the lowest possible cost.

Finally, the message found in this study for utilities is clear: establishing management

control bodies, putting emphasis on their business strategy, and thereby improving their sales

revenue, and improving their technical and operational capacity to reduce losses from production

process inefficiencies will result in better service delivered to their customers and higher returns

for their investors, whether public or private.

19If a customer takes on debt responsibly and invests well, the debt amount could be positive. In contrast, if a
company has no obligation, it could be a sign that it either does not want to grow or that the market will not loan it
money because it doesn’t trust its management. Also, suppose a company has a high level of debt. In that case, it
might reflect that the company is in an early development stage rather than a consolidated company that has already
paid off its infrastructure. Although this variable is central to utilities’ performance, it is not always easy to interpret
or measure.
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Appendix A: Chapter 1 Appendix

A.1 Appendix 1. Example of an Electricity Bill.

Figure A.1: Photo of a Bill from EMCALI
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A.2 Appendix 2. Alternative Empirical Approach

Another way to check my findings is to estimate the following regression for T = 0 and

T = 1 separately,

eiwdh = αidh + αh +Xwdh · β + εiwdh

Then, using the estimates from each period separately, I use data from T = 1 to calculate the

average of the predicted consumption of electricity. That is, I use data from T = 1 and the

estimates of the model at T = 0 to predict êiwdh and then calculate êwd for each w and d of

T = 1. Then, I do the same but using the estimates of the model at T = 1. Finally, I plot them

in Figure 6, which shows that the predictions for T = 1 using the model from T = 0 are, for

all the days after the policy implementation day, higher than the predictions for T = 1 using the

model from T = 1. Actually, the mean difference in the predictions is 0.0063 kWh while the

median is 0.007 kWh, which are equivalent to a reduction in electricity consumption of 3.6% and

4%, respectively. These results are a little bit lower than the estimates from both of my empirical

approaches, but completely in line with them.1

1I do not include the estimated percentage change for first decile because, given the pre-treatment consumption
was close to 0, it was so large.
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Figure A.2: Predicted Consumption for Each Day after the Treatment

A.3 Appendix 3: Additional Figures and Tables

Figure A.3: Percentage Changes by Pre-Consumption Decile

Figure A.4: Percentage Changes by % of Missing Values
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Figure A.5: Number of Light-days-Hours

Figure A.6: Estimated Coefficients by Income Level
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Table A.1: Decline in Hourly Consumption
Window Size Group 1 Group 2
1 Day -0.00575*** -0.0100***
2 Days -0.00453*** -0.00614***
3 Days -0.00544*** -0.00705***
4 Days -0.00509*** -0.00652***
5 Days -0.00526*** -0.00674***
6 Days -0.00564*** -0.00778***
7 Days -0.00642*** -0.00899***
8 Days -0.00663*** -0.00969***
9 Days -0.00678*** -0.00982***
10 Days -0.00656*** -0.00922***
11 Days -0.00671*** -0.00906***
12 Days -0.00660*** -0.00880***
13 Days -0.00656*** -0.00910***
14 Days -0.00602*** -0.00856***

Note: *** denotes p<0.001
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Appendix B: Chapter 2 Appendix

B.1 Table Appendix

B.1.1 Regression Tables

Table B.1: Placebo Tests (US$ per Ton)

Reported Deviation P. Deviation I.
South North South North South North

After 4.184∗∗ 3.135∗∗∗ 0.337 -0.740 0.313 -0.735∗

(1.59) (0.90) (0.86) (0.71) (0.73) (0.30)

Constant 114.3∗∗∗ 102.7∗∗∗ 7.701∗∗∗ 0.806 28.04∗∗∗ 23.94∗∗∗

(1.60) (1.19) (1.02) (1.11) (1.12) (0.65)
N 441 1008 441 1008 441 1008

Note: The table shows the regression results of a before-and-after model for both
regions assuming that there was a treatment at t − 31, and using that for the weeks
between t− 62 and t. In the 1st and 2nd columns the dependent variables is rit, in the
3rd and the 4th the dependent variable is dit, and in the 5th and the 6th the dependent
variable is the difference between rit and the coal price indicator. Standard errors
are Newey-West with 5th lag, and are shown in parentheses. *,**,*** denote results
significant at the 10%, 5%, and 1% levels, respectively.
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Table B.2: Effect on Reporting Behavior (US$ per Ton)
Northern Units I - Leaving one Generating Unit Out

Deviation from Reported Coal Price
Andina Angamos 1 Angamos 2 Cochrane 1 Cochrane 2

After -6.486∗∗∗ -7.272∗∗∗ -7.203∗∗∗ -6.762∗∗∗ -6.754∗∗∗

(1.08) (1.09) (1.10) (1.10) (1.10)

Constant -2.762∗ -2.368 -2.403 -2.623 -2.627
(1.40) (1.37) (1.37) (1.39) (1.39)

N 930 930 930 930 930

Note: The table shows the regression results of a before-and-after model for both region.
In the first two column the dependent variables is rit and in the second two columns
the dependent variable is dit. Standard errors are Newey-West with 5th lag, and are
shown in parentheses. *,**,*** denote results significant at the 10%, 5%, and 1% levels,
respectively.

Table B.3: Effect on Reporting Behavior (US$ per Ton)
Northern Units II - Leaving one Generating Unit Out

Deviation from Reported Coal Price
Guacolda 1 Guacolda 2 Guacolda 3 Guacolda 4 Guacolda 5

After -6.932∗∗∗ -6.768∗∗∗ -7.946∗∗∗ -7.123∗∗∗ -6.950∗∗∗

(1.09) (1.10) (0.99) (1.10) (1.07)

Constant -2.538 -2.620 -2.031 -2.443 -2.529
(1.38) (1.39) (1.33) (1.38) (1.38)

N 930 930 930 930 930

Note: The table shows the regression results of a before-and-after model for both region.
In the first two column the dependent variables is rit and in the second two columns the
dependent variable is dit. Standard errors are Newey-West with 5th lag, and are shown in
parentheses. *,**,*** denote results significant at the 10%, 5%, and 1% levels, respectively.
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Table B.4: Effect on Reporting Behavior (US$ per Ton)
Northern Units II— - Leaving one Generating Unit Out

Deviation from Reported Coal Price
Hornitos Norgener 1 Norgener 2 Mejillones 1 Mejillones 2 Tarapaca

After -6.348∗∗∗ -8.244∗∗∗ -8.138∗∗∗ -6.821∗∗∗ -7.032∗∗∗ -6.991∗∗∗

(1.08) (1.02) (1.04) (1.07) (1.08) (1.10)

Constant -2.830∗ -1.882 -1.935 -2.594 -2.488 5.700∗

(1.41) (1.32) (1.33) (1.38) (1.38) (2.22)
N 930 930 930 930 930 930

Note: The table shows the regression results of a before-and-after model for both region. In the first two
column the dependent variables is rit and in the second two columns the dependent variable is dit. Standard
errors are Newey-West with 5th lag, and are shown in parentheses. *,**,*** denote results significant at
the 10%, 5%, and 1% levels, respectively.

Table B.5: Effect on Reporting Behavior (US$ per Ton)
Southern Units - Leaving one Generating Out

Deviation from Reported Coal Price
Bocamina 1 Bocamina 2 Ventana 4 Ventana 3 Santa Maria Ventana 1 Ventana 2

period 12.04∗∗∗ 12.00∗∗∗ 12.67∗∗∗ 12.26∗∗∗ 9.781∗∗∗ 10.95∗∗∗ 11.26∗∗∗

(1.97) (1.96) (2.01) (2.02) (1.67) (1.96) (1.93)

Constant 10.28∗∗∗ 10.30∗∗∗ 9.961∗∗∗ 10.17∗∗∗ 11.41∗∗∗ 10.82∗∗∗ 12.32∗∗∗

(2.21) (2.21) (2.21) (2.22) (2.23) (2.24) (2.07)
N 372 372 372 372 372 372 372

Note: The table shows the regression results of a before-and-after model for both region. In the first two column the
dependent variables is rit and in the second two columns the dependent variable is dit. Standard errors are Newey-West
with 5th lag, and are shown in parentheses. *,**,*** denote results significant at the 10%, 5%, and 1% levels, respectively.
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Table B.6: Effect on Reporting Behavior (US$ per Ton)
Northern Units - Leaving one Plant Out

Deviation from Reported Coal Price
Andina Angamos Cochrane Guacolda Mejillones Norgener Tarapaca

After -5.623∗∗∗ -7.383∗∗∗ -6.356∗∗∗ -7.337∗∗∗ -9.426∗∗∗ -6.716∗∗∗ -6.991∗∗∗

(1.12) (1.15) (1.16) (1.22) (1.00) (1.11) (1.10)

Constant -3.193∗ -2.313 -2.827∗ -2.336 -1.292 -2.646 5.700∗

(1.45) (1.37) (1.42) (1.38) (1.30) (1.39) (2.22)
N 868 868 868 682 868 868 930

Note: The table shows the regression results of a before-and-after model for the northern region but excluding
one power plant. For example, in the first column, the results are from a regression in which the dependent
variable is dit of all generating units in the North, except those from Andina Power Plant. Standard errors are
Newey-West with 5th lag, and are shown in parentheses. *,**,*** denote results significant at the 10%, 5%,
and 1% levels, respectively.

Table B.7: Effect on Reporting Behavior (US$
per Ton)

Southern Units - Leaving one Plant Out

Deviation from Reported Coal Price
Bocamina Santa Maria Ventanas

After 12.66∗∗∗ 9.781∗∗∗ 13.32∗∗∗

(2.19) (1.67) (3.20)

Constant 9.967∗∗∗ 11.41∗∗∗ 22.17∗∗∗

(2.17) (2.23) (3.02)
N 310 372 186

Note: The table shows the regression results of a before-
and-after model for the southern region but excluding
one power plant. For example, in the first column, the
results are from a regression in which the dependent
variable is dit of all generating units in the South, except
those from Bocamina Power Plant. Standard errors are
Newey-West with 5th lag, and are shown in parentheses.
*,**,*** denote results significant at the 10%, 5%, and
1% levels, respectively.
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Table B.8: Effect on Reporting Behavior (US$ per Ton)
Northern Units - Leaving one Firm Out

Deviation from Reported Coal Price
AES Gener Colbun Engie Enel

After -5.151∗ -7.111∗∗∗ -8.076∗∗∗ -6.991∗∗∗

(2.12) (1.04) (1.09) (1.10)

Constant -3.429∗ -2.449 -1.966 5.700∗

(1.69) (1.37) (1.33) (2.22)
N 310 992 744 930

Note: The table shows the regression results of a before-and-
after model for the Northern region excluding one firm from the
sample. In the first two column the dependent variables is rit and
in the second two columns the dependent variable is dit. Standard
errors are Newey-West with 5th lag, and are shown in parentheses.
*,**,*** denote results significant at the 10%, 5%, and 1% levels,
respectively.

Table B.9: Effect on Reporting Behavior (US$ per Ton)
Southern Units - Leaving one Firm Out

Deviation from Reported Coal Price
AES Gener Colbun Engie Enel

After 13.32∗∗∗ 9.781∗∗∗ 11.57∗∗∗ 12.66∗∗∗

(3.20) (1.67) (1.79) (2.19)

Constant 22.17∗∗∗ 11.41∗∗∗ 10.51∗∗∗ 9.967∗∗∗

(3.02) (2.23) (2.25) (2.17)
N 186 372 434 310

Note: The table shows the regression results of a before-and-after
model for both region. In the first two column the dependent
variables is rit and in the second two columns the dependent
variable is dit. Standard errors are Newey-West with 5th lag, and
are shown in parentheses. *,**,*** denote results significant at
the 10%, 5%, and 1% levels, respectively.
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B.1.2 Descriptive Statistics Tables

Table B.10: Coal Generating Units - General Information

County Subsystem Generating
Units

Capacity
in MW

Generation
% in 2019

Huasco 5 774 18.1
Mejillones 9 2,202 39.3
Tocopilla 6 689 7.3
Iquique

Northern SEN

1 145 2.2
Coronel 3 845 17.2
Ventanas

Southern SEN
4 897 15.9

Note: The table shows the number of units, the total install capacity, and the
percentage of the total coal generation in 2019 per location. Also, before
commissioning the new high-capacity transmission line, the SEN was subdivided
into two subsystems, Northern SEN and Southern SEN. It also shows the
subsystem each unit belongs to.

136



Table B.11: Coal Generating Units - Descriptive Statistics

Power Plant
(Owner)

Generting
Unit

Capacity
MW

Operation Mode (%)
Profits Losses Off

Angamos (AES Gener)
U1 285 80.3 12.8 6.9
U2 285 77.5 10.4 12.1

Ventanas (AES Gener)

U1 120 23.7 16.1 60.2
U2 211 44.1 41.5 14.4
U3 283 74.2 14.5 11.2
U4 283 72.2 13.9 13.9

Cochrane (AES Gener)
U1 276 59.1 34.8 6.1
U2 276 57.9 34.2 7.9

Guacolda (AES Gener)

U1 156 71.5 23.8 4.7
U2 151 65.7 24.8 9.4
U3 156 71.4 20.9 7.7
U4 154 63.8 26.8 9.4
U5 157 76.3 16.8 6.8

N. Tocopilla (AES Gener)
U1 141 63.5 26.7 9.8
U2 138 74.9 19.8 5.3

Andina (Engie) U1 176 53.9 24.5 21.6
Hornitos (Engie) U1 178 56.8 25.1 18.1

Mejillones (Engie)
U1 164 11.2 21.2 67.5
U2 177 18.7 24.5 56.8

IEM (Engie) U1 385 72.9 9.6 17.5

Tocopilla (Engie)

U1 83 3.6 8.8 87.6
U2 78 1.0 2.2 96.8
U3 125 7.9 15.0 77.1
U4 124 11.5 18.1 70.5

Bocamina (Enel)
U1 128 44.1 18.2 37.7
U2 350 59.5 18.7 21.8

Tarapacá (Enel) U1 145 38.5 13.5 48.0
Santa Marı́a (Colbún) U1 367 65.7 11.3 23.0

Note: The table shows the number of units, the total install capacity per unit, and the
percentage of time in 2019 in which the were operating with profits, operating with losses,
not operating at all.
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B.2 Figure Appendix

Figure B.1: Reported Marginal Cost of Operation
Weekly Average - Jun. 2018 to Feb. 2020

Note: Panel (a) shows, for each market, the weekly average of the reported marginal cost. In Panel (b) I fixed the
heat rate and the non-fuel cost for the the entire system and re-calculate the reported marginal cost assuming that the
only determinant that change is the reported coal price. I calculate this variable according to the following formula:
rit = hr · rit + o, where hr and o are the weekly average of hritand oit of the entire system, respectively. Panel (c)
shows the same but fixing rit and oit for the entire system, while Panel (d) assumes that only oit is changing. The
figures show that the divergence in the reported cost once the new transmission line started its operation is explained
by the pattern of the reported coal price and not by the other two variables that determine the reported marginal cost
of operation.
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Figure B.2: Reported Marginal Cost of Generation ($ per MWh)
Natural Gas Generating Units - June 2018 to February 2020

Figure B.3: Standard Deviation in Spot Market Price per Day
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B.3 Modeling the Coal Price Predicted Counterfactual

The final goal of this appendix is to explain why I can express the reported coal price for

generating unit i at time t, as follow:

rit = αi +
l∑

τ=0

βiτ ict−τ + εit (B.1)

which is the same expression shown in Equation 2.1.1

To explain how I arrived at this expression, I need to: explain how the generating units

reports coal prices and what they report to the SO; explain how the reported coal price is composed,

and express rit as a mathematical identity between itself and its components, (iii) show how I

arrived from the rit identity to the specific model expressed in equation B.1, and describe the

chosen algorithm used to select the model.

B.3.1 Reporting Coal Price Process

To understand why rit could be expressed as a function of the international FOB coal

price and its lags, it is of first-order importance to understand how these reported coal prices

are determined. The reporting process comprises two stages: shipment reporting and blending

reporting. The power plant needs to report each coal shipment size that arrives at its port and its

unitarian price per equivalent ton to the SO in the shipment reporting stage.2 Figure B.4 shows

1As I mentioned in section 2.5.1 I have that: rit is the reported coal price for generating unit i on time t; αi is a
generating-unit specific constant; ict−τ is the international coal price at t − τ , with τ ∈ L = {0, 1, 2, ..., 32}; βiτ

is the coefficient of each lag of the international coal price in the equation; and εit is a unit-time specific term, with
E[εit] = 0. In this section I explain why the summation goes from τ = 0 to τ = 32.

2The SO measures shipments in equivalent tons because the SO cares about the dollars per unit of heat (e.g.,
Btu). That is why shipments’ weight and price are normalized to a given calorific value. In Chile, the SO normalized
all the tons to a calorific value of 6.350 kcal/kg.
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the different shipments available at Guacolda power plant between September 2018 and August

2019. The waterfall lines represent different reported shipments, where the first point in the line

shows the day the shipment arrived, and the last point shows the date at which the power plant

had consumed all the coal from that shipment. For example, on December the 10th of 2018 (first

red vertical line in Figure B.4), a shipment with a unitarian price of 99.4 US$ per Eq.Ton arrived

at Guacolda power plant, and it had a size between 60 and 70 thousands of Eq.Tons (see vertical

axis). This freight lasted more than four months because it was still available at the beginning

of April. I colored some lines in blue and labeled the price per shipment only above them to

make the graph clearer, but all of them represent the same. Notice from the figure that the rate

of coal consumption at the power plant change from shipment to shipment. Finally, it is relevant

to emphasize that the reporting stage is done at the power plant level, not at the generating unit

level.

In the blending reporting stage, each power plant decides, from all the available shipments

it has, which specific blend it will use for each generating unit on any given day. For example,

Figure B.4 shows that on March 28th of 2019 (second red line), Guacolda power plant had seven

different available shipments (count the number of blue lines crossed by the red line) to choose

a given coal blend. All of them have different prices per Eq.Ton ranged from 120.3 and 88.2, so

there is a wide range of possibilities of prices to report to the SO.

141



Figure B.4: Available Shipments and Coal Consumption

Table B.12 shows the name of five of the seven shipments that were available at Guacolda

power plant on two dates: March 28th and April 4th of 2019, and in which proportion the power

plant combined them in the blending stage for those two days. Also, I focus on two particular

units within the power plant: Guacolda 1 and Guacolda 5.3 For March 28th, Guacolda coal

power plant decided that the blend for Guacolda 1 would be composed of 45% of the CYGNUS

OCEAN, 23% of the LORETO 60, and 32% of the ORCHID ISLAND, which implied a final

coal price of 104.7 US$ per Eq.Ton. For April 4th at Guacolda 1, these percentages changed to

24%, 28%, and 48%, respectively, while the final price also changes to 102.5 US$ per Eq.Ton.

The last reported coal prices for Guacolda 5 were 105.1 and 103.7, respectively. Therefore, the

3Guacolda coal power plant comprises five generating units: Guacolda 1, Guacolda 2, Guacolda 3, Guacolda 4
and Guacolda 5.
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final price was different for the same unit on different days and for different generating units on

the same date, which shows how the reported prices could differ by generating units within the

same power plant.

There are three points about the blending process for which I want to be specifically clear:

the SO needs to approve the final blend the power plant will use; blending the coal is not a

requirement, so a unit could operate 100% with coal from one specific shipment; and the final

blend could vary across generation units within each power plant, as shown in Table B.12.

Table B.12: Guacolda Coal Power Plant Final Coal Price

Generation Units Guacolda 1 Guacolda 5
(3/28/19) (4/5/19) (3/28/19) (4/5/19)

Final Coal Price (US$ per Ton) 104.7 102.5 105.1 103.7
Shipment Participation
BW ACORN .00 .00 .09 .22
CYGNUS OCEAN .45 .24 .49 .22
REGO .00 .00 .00 .28
LORETO 60 .23 .28 .24 .00
ORCHID ISLAND .32 .48 .18 .27

B.3.2 Reported Coal Price Identity

The three main components of the coal price for each arrived shipment are given by: the

reported coal international price; the maritime transportation costs; and the discharge process at

the port. Then, the shipped coal price reported by power plant j for shipment n is given by rnj ,

which could be express as follows:

rnj = rcnj +marnj + disnj + remnj (B.2)
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where icnj , marnj and disnj represents the firm reported international coal price, maritime

transportation, and the discharging process at the port, while remnj is that part of the reported

price that is not explained by the three main components.

In the blending stage, each power plant reports to the SO a price for each generating unit

i for day t. This final reported price results from a process in which the power plant decides,

from all the available shipments it has, which specific blend it will use at any given day for each

of its generating units. Mathematically, the reported price of generating unit i for day t could

be express as a linear combination of all the available shipments at power plant j, so it could be

express as follow:

rit =
N∑

n=1

wnijt · rnj (B.3)

where: rit is the reported coal price by generating unit i on day t; (ii) wnijt is the proportion

of coal from shipment n of power plant j that is assigned to generating unit i for day t; and (iii)

rnj is the reported coal price for shipment n from power plant j. Plugging B.2 in B.3, I can

express rit as follow:

rit = ricit +marit + disit + remit (B.4)

where varit =
∑N

n=1wnijt · varnj , with var ∈ {ric,mar, dis, rem}, and it establishes that

report price rit is the weighted average of all the available shipments, which implies that each

component of the reported price will be weighted average by the same weight. Equation B.4

could be re-written as:
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rit = αij + ricit + µit (B.5)

where αij + µit = marijt + disijt + remijt, with E[µit] = 0. In the next section, I show how I

go from this identity to the expression in Equation B.1.

B.3.2.1 An Expression for Reported Coal Prices

The problem of equation B.5 is that ricit is still a variable that could have been affected by

the interconnection because it is still the weighted average, from all available coal shipments, of

the international coal price reported by the generating unit. The idea of this section is to re-write

rit as a function of an observable exogenous variable to identify changes in rit over time. In

section 2.5.1, I already explained the importance international coal prices and its lags to explain

the level and the variation in rit. In this section, I explain explain the same but in more detail.

Finally, I am going to re-write equation B.4 only as function of international coal prices (icit) not

the reported international coal prices (ricit).

Choosing the International Coal Price

I model rit as a function of the international coal prices for two reasons. First, the three

main components of the reported coal price are: (i) the reported international coal price; (ii) the

maritime transportation costs; and (iii) the cost of the discharge process at the port. Of these three

components the reported international coal price is the most important for determining the level

and total variation of the reported coal price. For example, between June 2018 and May 2020,

the reported international coal price represented, on average, 73.3% of the shipped coal price,
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while the maritime transportation represented 19.3%, and the discharge at the port represented

only 5.8%. All the other components (insurance, losses, etc.) accounted for the remainder 2.6%.

However, of greater relevance is the importance of these components in explaining the variation

of rit. In Table B.13 I show the results for regressions of rit on its three main components, all for

the same period.

Table B.13: Reported Coal Price Determinants

(1) (2) (3) (4)
reported reported reported reported

International
Coal Price 0.999∗∗∗ 1.031∗∗∗

(0.01) (0.03)

Maritime 0.983∗∗∗ 0.760
(0.05) (0.61)

Discharge 1.060∗∗∗ 1.953∗∗∗

(0.06) (0.41)

Constant 2.607∗ 24.62∗∗∗ 82.43∗∗∗ 85.68∗∗∗

(1.23) (1.98) (12.51) (2.86)
R2 0.996 0.917 0.0109 0.173
N 13285 13285 13285 13285
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The results in column 1 show that the three coefficients of the three main components are

close to one and that the R2 is 0.996. Moreover, I cannot reject the null that three coefficients are

equal to one, which is consistent with the fact that an extra unit in each of these components is

equivalent to the same additional unit in rit. In addition, the results in column 2 show that the R2

of the regression when only the reported international coal price is included is 0.917, confirming

the relative importance of the reported international coal price for explaining, not only, the level

of rit but also its variation. Furthermore, I cannot reject the null that the FOB price coefficient is
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equal to one.

The second reason why I chose the international coal price to model rij is because it is a

variable that is probably not affected by the generating unit’s behavior nor by the commissioning

of the new transmission line. This happens because all coal generating units in the country buy

their coal on the international market of which Chilean sales are only a tiny component, so this

variable appears to be exogenous to local market conditions. Therefore, it should have a causal

impact on the reported coal price.

In the next section, I explain why I include the lags of the international coal price to explain

the variation and the level in rit.

Incorporate the Lags of the International Coal Price

Having shown why I chose the international coal price to model rit, it is essential to explain

why I am incorporating its lags. Figure B.5 shows the time between when the coal is bought

and consumed for all the coal shipments that arrived before the interconnection for two specific

power plants. The vertical axis shows the percentage of all the coal shipments that arrive at

each of these plants. For example, in the first graph, the blue bar indicates that Ventanas power

plant finished consuming more than 16% of its shipments during the fourteenth week after they

had been purchased. The second shows that Norgener power plant finished consuming around

15% of its shipments during the eleventh week after being purchased. Also, the graphs show

that, while in Ventanas power plant all the shipments were consumed by the twenty-first week,

in Norgener power plant some of them lasted for twenty-eight weeks. Hence, incorporating the

lags is essential because the reported coal price results from the blending process between the
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different available coal shipments at a given power plant at time t. Therefore, when shipments

bought twenty weeks ago are still available for consumption, it implies that the price they paid in

t − 20 could influence the reported coal price in t. Finally, as the consumption pattern between

these two power plants is different, the weight that I should assign to the different lags should

also differ.

Figure B.5: Time Between Buying and Consuming the Coal

From Equation B.4 to Equation B.1

To going from Equation B.4 to Equation B.1 I use the international coal price and its lags to

model ricit. That is why, I assume that ricijt (=
∑N

n=1wnijt · ricnj) is a function of the observed

148



international coal price in t, t-1,..., and t-l. That is:

fobijt =
l∑

τ=0

βiτ ict−τ + ηijt (B.6)

where: ict−τ is the international coal price at t − τ , with τ ∈ L = {0, 1, 2, ..., l}; βiτ is the

coefficient of each lag of the international coal price in the equation; and ηijt is a unit-plant-time

error term, with E[ηijt] = 0.

Plugging B.6 in B.5, and defining ηijt + µijt = εijt, I can express rijt as follow:

rit = αij +
l∑

τ=0

βiτ ict−τ + εit (B.7)

which is the same expression shown in Equation 2.1. However, I still need to explain why I

establish a value of l = 32.

It is key to first understand why I need to impose a limit for the number of lags to include

in L. International coal FOB prices could have trends, cycles, and seasonal effects, so it might

be possible to find a relationship for a couple of weeks between the international coal series in

t− 60 and the reported coal price in t. Still, it is likely that the relationship found is spurious and

outside of any logical theoretical framework. Therefore, limiting the size of L is relevant.

Second, I need to explain why I set a value of l = 32. Figure B.6 shows for all the

shipments that arrived before the interconnection, the time between when the coal is bought and

when it is consumed. The vertical axis shows the percentage of all the coal shipments that arrive

to the country. The blue bar shows that power plants finished consuming more than 16% of

the shipment fourteen weeks after they were bought. Note this number shows the power plants
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situation on average. The same number for the two specific power plants I show in B.5 are 14%

and 11%, respectively. Also, as I mentioned in section 2.2.5 this is an essential variable because

each generating unit can choose the fuel blending they will use in a given day among all the

available shipments. The figures shows that 99% percent of the shipments consumed entirely

in the pre-treatment period (June 2018 to May 2019), were finished thirty-two weeks after they

were bought. To avoid finding a spurious relationship between the reported fuel price and older

values of the international coal FOB price, I limit the number of lags to thirty-two weeks. That is

why, in Equation 2.1, l = 32.

Figure B.6: Time Between Buying and Consuming the Coal

B.3.2.2 Chosen Algorithm

This section describes the process I follow to select the specific model I use to make the

predictions. The main idea is to use part of the information from the pre-treatment period to make

out-of-sample predictions within the pre-treatment period. Then, following an iterative process,
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choose a model to predict, based on the pre-treatment data, what would have been rijt in the

absence of treatment in the post-treatment period. In terms of equation 2.1, the goal is to estimate

α̂i, and β̂iτ for all τ ∈ L, and then I use the international coal FOB price to calculate r̂eijt for

t > tI , where tI is the interconnection day.4

Iterative Process

The main part of the iterative process is done in the following four steps:

– Step 1: for generating unit i of power plant j take the information from the first window

of X weeks of the pre-treatment period (from W[1] to week W[X]), which is called the

training period.

– Step 2: use the training period information to run the following regression:

rijt = αij +
∑
τ∈S

βiτfobt−τ + εijt

where S ∈ L, that is S is a subset of all the possible lags of the international coal FOB

prices, and estimate α̂i, and β̂iτ for all τ ∈ S.

– Step 3: predict, based on the parameters estimated in Step 2, rijt for week X + 1 + Y ,

which is denoted by r̂eijt. All the Y weeks must be part the pre-treatment period, and is

called the test period.

– Step 4: using the actual value and the predicted value of rijt from the test period, calculate

the Mean Square Error (MSE), that is:

4When I mention β̂iτ for all τ ∈ L, I am including the possibility of β̂iτ = 0 for many τ ∈ L.
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MSEij[X][Y ][S][1] =
1

Y
·
X+1+Y∑
t=X+1

(rijt − r̂eijt)
2

where the [1] comes from the fact that I am taking the first window of X weeks. Also,

notice that so far X , and Y , as well as the set of lags S are given.

To better explain how the iteration process over these four steps is, I separate it in two algorithms:

– Algorithm 1: For a given X , Y , and a subset of lags S, repeat the four steps for the second

window of X weeks of the pre-treatment period (period of X weeks between W[2] and

week W[X+1]), and make the prediction for the following Y weeks (period of Y weeks

between W[X+2] to week W[X+1+Y], and finally calculate MSEij[X][Y ][S][2]. Then, repeat

again the process for the third window of X weeks, to calculate MSEij[X][Y ][S][3], and

so on until repeating the process for the (N + 1)th window of X weeks to calculate

MSEij[X][Y ][S][N+1], where N is such that N = 156 − X − Y . The iterative process

stops when it cannot continue making predictions out of sample using information only

from the pre-treatment period. Finally, I calculate the average MSE between all of the

MSEij[X][Y ][S][n] with n ∈ {1, 2, ..., N,N + 1}, that is:

MSEij[X][Y ][S] =
1

N + 1

N+1∑
n=1

MSEij[X][Y ][S][n]

– Algorithm 2: Repeat Algorithm 1 for a different combination of X ,Y , and subsets S,

and choose the one that gives lowest value of MSEij[X][Y ][S]. Then, use the last X weeks

before the interconnection, to predict the first Y weeks after the interconnection, which

will provide a value for each r̂eijt for all t that are part of those Y weeks. The criteria for
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choosing X , and Y , and the set S are explained in Appendix B.3.1.

Before explaining the criteria for choosing X , and Y , and the set S, I want to explain how

the first algorithm works leaning on a graphical analysis. Figure B.7 shows the information of

a series of reported coal prices for 156 weeks before the treatment and for 31 weeks after the

treatment.

Given the set of lags S, the figure is built for values of X = 94 and Y = 31. These

values for X and Y imply that with the pre-treatment information (156 weeks), I can do 32

(N = 156 − X − Y + 1) out of sample predictions. For example, in the 1st iteration, (i) I take

information from the 94 weeks trial period (W[1] and W[94]), (ii) run the regression to estimate

the parameters, (iii) predict what would have been the rijt for each of the 31 weeks of the test

period (W[95] to W[125]), and (iv) calculate MSEij[94][31][S][1]. Then, I do the same with the 2nd

iteration and calculate MSEij[94][31][S][2], until the 32nd iteration to calculate MSEij[94][31][S][32].

In other words, starting from the first week, I need to move one week forward and do the same

calculations in each iteration. I do this until the test period includes the 156th week, which is the

last one before the interconnection day.
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Figure B.7: Representation of the First Algorithm

Choosing X and Y

Even though choosing X , Y , and the set S is part of the same iterative process, to make

the explanation easier for the reader, I prefer to explain the process to select them separately.

Choosing Y is the easiest one because I want to forecast the reported coal price until the end of

2019, so for a period after the interconnection of 31 weeks.5 Then I need to choose X . Given that

there are 156 weeks before the interconnection, I can select X = 125. So, in this case, I would

use the information between W[1] and W[125] to predict the outcome for the weeks between

W[126] and W[156], and then, based on that model, I would make the prediction for the post

5The idea behind choosing the last week of 2019 as the last period to forecast is that a change in the regulation
of the ancillary services starting at the beginning of 2020 could have affected the way the generating units reported
their prices. Also, given that the change caused by the interconnection on reported prices should not have been from
one day to the other, I also need to make the forecast analysis for a enough number of post-treatment weeks. That
is why it is not advisable neither to choose a small number of weeks. I will anyway do some sensitivity analysis for
different of Y .
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interconnection period. The good thing about choosing X = 125 is that X is more than four

times Y , but the problem is that I technically eliminate algorithm 1 because it would reduce it

to just the first iteration (N = 156 −X − Y + 1). Therefore, it is crucial to notice unavoidable

trade-offs here because the higher the Y , the lower the options for X . Also, given a value of Y ,

the higher the X , the lower the iteration I can make.

B.4 Simulation Appendix

Based on the new policy for coal generating units, I re-dispatch all coal, gas, and diesel

generating units for each hourly load of the system. The hourly load I use is net of NDR,

hydroelectric dams, and biofuel generating units. In other words, I assume that NDR, hydroelectric

dams, and biofuel generating units are dispatched at the same level they were in the absence of

cost inflation.6 Finally, based on the new equilibrium outcomes I calculate the changes with

respect to the actual scenario. The algorithm steps are the following:

• I re-define the marginal plant and wholesale market price for the actual scenario because

hydroelectric dams are, in many cases, the marginal generating unit, so they set the wholesale

market price.

• I calculated the cost-based offer price of coal generating units based on the new policy.

• Assuming that the hourly load of the system is the same under both scenarios, I re-dispatched

6In regards to NDR, this should not be a problem at all. Their marginal cost of operation is zero, and their use
cannot be postponed to any other moment in time. The assumption for the case of biofuel generating units is not
strong. Biofuel sources represent a tiny part of the electricity mix. Also, they are associated with industrial processes
and are side products of others production processes. The case of hydroelectric dams is more controversial because
the system operator can decide to store the water in the reservoir to be used at a specific moment. However, they
cannot be stored for so long because the reservoir always has a limit. Therefore it is true that the ISO can postpone
the use of the stored water for the next hours or days, but it cannot do that for more extended periods.

155



the generating units based on the new cost-based offer price.

• I calculate the differences in market outcome based on the formulas I show in Section 2.7.2
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Appendix C: Chapter 3 Appendix

C.1 Correction for Missing Observations

Electrorating only works with public data available on the distributors’ or regulators’ websites,

so some of its variables have missing data for some years and companies.

An adjustment was therefore made in the model specification so as not to waste available

data since one missing value would be enough to lose all the data for that observation. For

instance, according to Table 5, there are 1,380 observations for ROA, while there are 1,259

observations for turnover. If no other observation is missing within the explanatory variables, the

regression for the ROA variable would be made based on 1,256 rather than 1,380 observations,

losing 124, which, given the sample size, represents valuable information.

To correct that, a dichotomous variable is created that takes the value of ”1” if the data in

the variable of interest does not exist and ”0” if it does exist. In turn, a 0 is attributed to those

nonexistent values in the variable with missing data. So, instead of having a variable with missing

data, we have two uncorrelated variables without missing information, enabling us to use all the

available data. In this case, the interpretation of the coefficient changes slightly since instead of

being the effect x over y it would become the effect x over y conditional to the data of x being in

the sample.
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Finally, in addition to the missing data in the explanatory variables, the dependent variables

for which there is data are not necessarily a random sample of the EDCs in the region. The only

way to correct this problem would be to model how the sample is biased, which is beyond the

scope of this study. Our objective was to obtain the correlations between the different variables

that characterize the operation of the companies under study based on information available in

management data.

C.2 Robustness of the Results

We did a series of econometric estimations to analyze the robustness of the analysis at

different specifications. First, Tables 7 and 8 give the recently presented results, except that

annual billing amount and network length are used for measuring firm size. As can be seen, the

results of Table 6 are robust at different size measurements in both the values and signs of the

coefficients of primary interest.

The results are also robust at more substantial specification modifications. For example,

in Table 9, we see the results of the same regression shown in Table 6, except that instead of

including year- and country-fixed effects separately, a country-year fixed effect was included,

which enabled us to include a constant that can change for each country-year combination. If

there is a change in the regulations in Ecuador between 2012 and 2013, for instance, including

a country-year fixed effect allows us to control for it. It would also control for drastic weather

changes from one year to another, such as rainfall or different temperature levels. In this respect,

it is a more complete and preferable model. However, it was not chosen as the primary model

because the vast number of fixed effects makes it more difficult to run robustness checks for
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which enough observations are available. As expected, the R2 values in Table 9 are also larger.

Table 10 presents the same results as Table 6 but without making the corrections for missing

observations. As expected, the number of observations was drastically reduced, and the R2

increased, but the good news is that the results remained similar in magnitude and sign. It is

important to note that the number of observations falls drastically because one missing data in

an explanatory variable is enough to lose the observation but not because all the variables have

missing data in more than 1,000 observations.

Finally, Table 11 shows the robustness of results through an analysis in which we exclude

turnover from the EBITDAM regression.
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Table C.1: Performance Indicator Determinants with Network as a Size Variable
(1) (2) (3) (4) (5)

VARIABLES INDICE SAIDI SAIFI EBIDTAM ROA

Private -2.863*** -0.0483 -0.0171 0.0794*** 0.0326***
(0.763) (0.0658) (0.0652) (0.0246) (0.0125)

Control 0.0501 -0.0296 -0.0341* 0.0170*** 0.00681**
(0.233) (0.0184) (0.0181) (0.00534) (0.00281)

Turnover 1.251*** -0.0703*** -0.0346*** -0.00834** 0.00323**
(0.159) (0.0143) (0.0117) (0.00326) (0.00151)

Losses -4.887*** 0.597*** 0.530*** -0.109*** -0.0617***
(0.425) (0.0311) (0.0309) (0.0209) (0.0137)

Density -0.407 -1.338** -1.109** -0.110** -0.00992
(4.266) (0.584) (0.461) (0.0465) (0.0266)

Residential -1.696*** -0.159*** -0.185*** 0.00608 0.00533
(0.189) (0.0316) (0.0321) (0.00940) (0.00638)

Network 0.00261 0.000451** -0.00124*** 0.000156* 8.02e-05**
(0.00249) (0.000187) (0.000203) (8.45e-05) (3.69e-05)

Constant 94.14*** 4.425*** 4.551*** 0.270** -0.0281
(3.425) (0.349) (0.333) (0.111) (0.0691)

Observations 1,416 1,987 1,947 1,256 1,380
R-squared 0.448 0.695 0.492 0.260 0.253
Country FE Si Si Si Si Si
Year FE Si Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table C.2: Performance Indicator Determinants with Billing as the Size Variable
(1) (2) (3) (4) (5) (6)

VARIABLES INDICE SAIDI SAIFI EBIDTAM ROA ROE

Private -2.724*** -0.0426 0.00821 0.0736*** 0.0298** 1.201**
(0.763) (0.0654) (0.0660) (0.0246) (0.0126) (0.602)

Control -0.0236 -0.0318* -0.0284 0.0173*** 0.00715*** 0.212**
(0.231) (0.0182) (0.0178) (0.00506) (0.00273) (0.0909)

Turnover 1.287*** -0.0714*** -0.0423*** -0.00953*** 0.00310** 0.0192
(0.159) (0.0143) (0.0115) (0.00317) (0.00145) (0.0330)

Losses -5.278*** 0.596*** 0.521*** -0.115*** -0.0634*** -0.0123
(0.434) (0.0314) (0.0313) (0.0209) (0.0137) (0.152)

Density -0.916 -1.415** -0.810** -0.134*** -0.0407* -0.376
(4.268) (0.599) (0.354) (0.0470) (0.0214) (1.464)

Residential -1.700*** -0.164*** -0.119*** -0.00167 0.00173 0.00225
(0.188) (0.0318) (0.0325) (0.0101) (0.00682) (0.163)

Billing 0.0315 0.00164 -0.0200*** 0.00167** 0.00110*** 0.0704**
(0.0193) (0.00120) (0.00247) (0.000743) (0.000380) (0.0285)

Constant 93.67*** 4.504*** 4.050*** 0.362*** -0.00801 -3.322**
(3.433) (0.343) (0.330) (0.123) (0.0696) (1.678)

Observations 1,416 1,987 1,947 1,256 1,380 1,381
R-squared 0.450 0.695 0.500 0.245 0.252 0.128
Country FE Si Si Si Si Si Si
Year FE Si Si Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table C.3: Performance Indicator Determinants with Country-year Fixed Effects
(1) (2) (3) (4) (5)

VARIABLES INDICE SAIDI SAIFI EBIDTAM ROA

Private -2.931*** -0.0162 0.0317 0.0710** 0.0285**
(0.793) (0.0637) (0.0688) (0.0280) (0.0137)

Control 0.00257 -0.0644*** -0.0719*** 0.0184*** 0.00801**
(0.237) (0.0176) (0.0173) (0.00584) (0.00312)

Turnover 1.399*** -0.0789*** -0.0517*** -0.00801** 0.00327**
(0.168) (0.0162) (0.0123) (0.00353) (0.00161)

Losses -4.745*** 0.547*** 0.496*** -0.120*** -0.0641***
(0.439) (0.0257) (0.0236) (0.0232) (0.0147)

Density 2.004 -1.235** -0.626* -0.179*** -0.0318
(3.515) (0.578) (0.338) (0.0560) (0.0228)

Residential -1.740*** -0.185*** -0.151*** 0.00150 0.00189
(0.190) (0.0319) (0.0325) (0.0112) (0.00783)

Customers 0.372** 0.0295** -0.0916*** 0.0149*** 0.00695***
(0.145) (0.0125) (0.00997) (0.00375) (0.00194)

Constant 89.09*** 4.025*** 4.504*** 0.355*** 0.0433
(2.706) (0.367) (0.343) (0.130) (0.0845)

Observations 1,416 1,987 1,947 1,256 1,380
R-squared 0.465 0.764 0.647 0.330 0.292
Country FE Si Si Si Si Si
Year FE Si Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table C.4: Performance Indicator Determinants Without Missing Imputation
(1) (2) (3) (4) (5)

VARIABLES INDICE SAIDI SAIFI EBIDTAM ROA

Private 0.359 -0.0404 -0.412*** 0.192*** 0.0931***
(1.687) (0.0744) (0.0895) (0.0726) (0.0291)

Control -0.288 -0.0461** 0.00809 -0.000556 -0.00112
(0.426) (0.0201) (0.0249) (0.00843) (0.00400)

Turnover 0.912*** -0.0387** -0.0284 -0.00190 0.00735**
(0.309) (0.0165) (0.0190) (0.00889) (0.00320)

Losses -4.917*** 0.523*** 0.458*** -0.126*** -0.0711***
(0.891) (0.0424) (0.0462) (0.0447) (0.0203)

Density -17.24 -4.178** -5.128*** 1.808** 1.130***
(36.43) (1.859) (1.605) (0.907) (0.370)

Residential 0.507 -0.173*** -0.278*** -0.0358 -0.0194
(1.280) (0.0629) (0.0680) (0.0299) (0.0131)

Customers 0.195 -0.0353*** -0.135*** 0.0166** 0.00626**
(0.231) (0.0120) (0.0124) (0.00660) (0.00297)

Constant 71.56*** 4.784*** 5.433*** 0.564** 0.163
(10.88) (0.460) (0.507) (0.260) (0.120)

Observations 211 249 249 266 282
R-squared 0.448 0.662 0.683 0.327 0.396
Country FE Si Si Si Si Si
Year FE Si Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Figure C.1: Decomposition of the Coefficient of Determination (R2) Without Missing
Imputation

Note: The figure shows the contribution of each group of variables to the coefficient of determination obtained in
each of the performance indicator regressions presented in Table 10 and 11. The key message is that the relative
importance of variables associated with governance and management is considerably greater than the one capture by
general company characteristics.).
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Table C.5: Excluding Turnover from the EBITDAM Regression
(1) (2) (3) (4)

VARIABLES INDICE INDICE INDICE INDICE

Private 0.0712*** 0.0737*** 0.192*** 0.179***
(0.0246) (0.0245) (0.0726) (0.0673)

Control 0.0169*** 0.0168*** -0.000556 -0.00374
(0.00505) (0.00502) (0.00843) (0.00936)

Turnover -0.00838*** -0.00190
(0.00315) (0.00889)

Losses -0.114*** -0.105*** -0.126*** -0.121***
(0.0213) (0.0207) (0.0447) (0.0376)

Density -0.144*** -0.146*** 1.808** 1.603**
(0.0450) (0.0463) (0.907) (0.691)

Residential 0.000872 -0.00939 -0.0358 -0.0382*
(0.00968) (0.00903) (0.0299) (0.0229)

Customers 0.00979*** 0.0113*** 0.0166** 0.0171***
(0.00311) (0.00333) (0.00660) (0.00660)

Constant 0.347*** 0.371*** 0.564** 0.648***
(0.111) (0.0956) (0.260) (0.232)

Observations 1,256 1,256 266 276
R-squared 0.260 0.250 0.327 0.313
Country FE Si Si Si Si
Year FE Si Si Si Si

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

165



Bibliography

Arellano M. Soledad, Serra Pablo. The Competitive Role of the Transmission System in Price-
regulated Power Industries // Energy Economics. 2008. 30, 4. 1568–1576.
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