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Abstract

This dissertation is comprised of three chapters in industrial organization, environ-
mental economics and energy economics. In Chapter 2, I study carbon dioxide emis-
sion abatement technology for industries participating in the world’s biggest emis-
sions market, the European Union Emission Trading System (EU ETS). I propose
a production and abatement model to motivate the use of emissions as an input in
a production function. I build on recent methods of the production function litera-
ture and propose an estimator for the production function that is consistent with my
model. Using data from the EU ETS and Orbis, I estimate the elasticity of emis-
sions to abatement expenditures for different manufacturing industries. Increasing
the share of abatement expenditures of revenues by 1% is expected to reduce emis-
sions by 8% in cement and 67% in chemicals, with other industries between these two
extremes. I use the model’s implications to translate estimated abatement elasticities
to marginal abatement costs at the individual firm level. My findings show enormous
differences both within and across industries. My estimates for the 25th, 50th and
75th percentile cement firms are 15, 22 and 36 €/t respectively. In contrast, these
estimates are 22, 48 and 363 €/t for oil refineries. My findings suggests that, cement,
chemicals and power firms are the most likely to decrease emissions as the EU ETS
market price rises to levels close to the social cost of carbon.

In Chapter 3, I analyze the impact of different policy instruments on the speed of
transition to cleaner electricity generation. I develop a non-stationary fully dynamic
entry and exit model of power generation. My model includes multiple technologies

and hourly spot markets, both key features of the power generation market. I use
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the calibrated model to analyze the speed of transition away from coal power plants
in PJM, the biggest electricity system in the United States. Correcting the negative
externality of carbon dioxide emissions requires environmental regulation. My find-
ings highlight the importance of analyzing the full transition path when comparing
environmental policy instruments. Policies that lead to similar long-term outcomes
induce vastly different transition dynamics. A carbon tax (the efficient instrument)
set to $30/tCO, is associated with an almost immediate entry of the long-run gas
capacity. In contrast, gas entry and coal exit result in a slower and smooth transition.
Welfare differences are significant. Both of these instruments improve only marginally
on the baseline scenario and do not come close to the improvement possible by the
carbon tax.

In Chapter 4, I study bidding behavior in the New England frequency regulation
market. Since 2015, this product is procured through a multi-dimensional Vickrey-
Clarke-Groves (VCG) auction. Bidding under a VCG design is simple since truthful
bidding is optimal. However, I find that participants bid higher when relative market
power increases. This is indirect evidence against truthful bidding. Taking VCG bids
as estimates for true marginal cost can be misleading. A combination of a complicated
clearing mechanism and low stakes might prevent players to learn the optimal bidding
strategy. My results suggest that switching from a uniform price to a VCG auction

does not resolve the underlying strategic complexity.
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1

Introduction

Now it is well established that human activity contributed significantly to global
warming and the changing climate of our planet. Industrial activity such as cement
production and power generation emit greenhouse gases to the atmosphere. Green-
house gases help absorb more of the energy of the Sun. The resulting warming
fundamentally changes the climate. Slowing down climate change is likely the biggest
challenge for humanity in the 21st century. Any solution includes drastically decreas-
ing the amount of carbon dioxide emissions, the most important greenhouse gas. Since
the costs are expected to be enormous, it is essential that we find the most efficient
ways to achieve this objective. My dissertation contributes to our understanding of
which industries can decrease emissions the most cost-effectively. Economic theory
suggests that a carbon tax or a market for emission allowances can be used reach
the most efficient outcome. However, introducing these policy tools might not be
politically feasible in many countries around the world including the United States.
My dissertation provides guidance on what other policy tools can work in this case.

Marginal abatement costs measure the cost of reducing carbon dioxide emissions.
As such, they can be used to compare the cost-effectiveness of decreasing emissions
through various alternatives. Marginal abatement costs also provide useful guidance

for environmental policy, especially when a carbon tax is not politically feasible. In
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this case, subsidizing abatement in industries with the lowest cost can be welfare
improving. However, our understanding of marginal abatement costs is limited in
many of the most emission heavy industries. In Chapter 2, I estimate marginal
abatement costs for the most emission heavy industries in the European Union. These
include cement production, oil refining, power generation and steel manufacturing
which combined are responsible for around 40% of total emissions. Since technology
is likely similar for the same industry in different locations, my results are likely
relevant for a wide range of countries.

The transition to clean electricity generation is a prerequisite for a future with
low levels of carbon dioxide emissions. Replacing coal fired power plants with newer,
cleaner technologies is likely the most important lever at our disposal. However,
it is not clear how this transition should take place and how policy can accelerate
it. Economic theory suggests the market inefficiency due to the negative emission
externality can be corrected with a well calibrated carbon tax. In Chapter 3, I ask
how close alternative policy instruments such as entry and exit subsidies can get to
the efficient outcome. Again, this question is relevant, since carbon taxes are often
not politically feasible. I argue that because the transition is slow, it is important
to analyze the entire transition path. In order to do so, I develop a fully dynamic
non-stationary model of power generation. I calibrate the model using data from
PJM, the biggest electricity system in the United States.

Finally, in Chapter 4, I study auctions to procure frequency regulation for the
New England power generation market. Frequency regulation helps keep supply and
demand balance of the power system in a minute to minute basis. My interest in
this product is twofold. First, with the transition to clean energy, the product is
becoming more and more important. A system with high levels of solar and wind
generation requires more balancing. Second, studying the procurement mechanism is
interesting in its own right. As a response to a regulatory intervention, the market

design changed from a single dimensional uniform price auction to a multidimensional
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Vickrey-Clarke-Groves (VCG) auction. The setup is unique as there is virtually no
observational evidence on how the VCG mechanism performs for multiunit auctions.
The topic is relevant today as both Facebook and Google uses VCG auctions to sell

online advertisements.



2

Estimating Marginal Abatement Costs for Carbon
Dioxide Emissions in the EU ETS

2.1 Introduction

Now it is well established, that human activity, and in particular, carbon dioxide
emissions contributed significantly to global warming and the changing climate of
our planet. Tackling these issues will most likely include drastically decreasing the
amount of carbon dioxide emissions. The costs are likely to be enormous; therefore,
it is essential that we find the most efficient ways of achieving this objective. Eco-
nomic theory suggests comparing alternatives by their marginal cost of abatement,
the cost of reducing an additional unit of emissions. Researchers made significant
progress in understanding the cost-effectiveness of a wide range of available options;
however, there is surprisingly little observational evidence on how costly it was to
reduce emissions in manufacturing industries in the past. For example, Gillingham
and Stock (2018), a recent review of marginal cost of abatement estimates, only cites
engineering estimates for manufacturing industries. This is particularly striking, since

these industries can be responsible for around 20-30% of carbon dioxide emissions in



developed countries!.

The goal of this paper is to estimate the cost of reducing carbon dioxide emissions
in manufacturing industries in the European Union. I do this in three main steps.
First, I propose a production and abatement model which provides a foundation for
using emissions as an input in a production function. Under the assumptions of the
model, there is a one-to-one mapping between the output elasticity of emissions and
the elasticity of emissions to abatement expenditures. Second, building on recent
methods in the production function literature, I estimate these elasticities for dif-
ferent industries. The average output elasticity of emissions across all industries is
around 0.07. However, these estimates mask significant heterogeneity across indus-
tries with the highest estimates in cement (0.127) and the lowest in chemicals (0.015).
Alternatively, if the average firm spends 1% higher share of revenues on abatement,
emissions are expected to fall by 14%. Finally, I use the model’s implications to trans-
late estimated abatement elasticities to marginal abatement costs at the individual
firm level. I find that marginal abatement costs are substantially above market prices
for emission allowances. A combination of asymmetric adjustment costs, long-run
expectations and the dynamic nature of abatement decisions can explain this result.
Differences both within and across industries are substantial. My estimate for the
25th, 50th and 75th percentile cement firms are 15, 22 and 36 €/t respectively. In
contrast, these estimates are 48, 363 and 1053 €/t for oil refineries.

I make three specific contributions in this paper. First, I estimate carbon dioxide
marginal abatement costs for various manufacturing industries using observational
data for the first time. Understanding these costs in the past in the European Union
is likely to be informative about expected future costs in other parts of the world.

My results complement existing observational evidence in other environments, such

'For instance, the Environmental Protection Agency calculates a 22% share of greenhouse gas
emissions of industrial activity in the United States in 2018. Eurostat estimates a 29% share for
manufacturing industries in the European Union in 2018. Neither of these include emissions from
the power sector.



as replacing light bulbs, switching to renewable electricity generation or moving to-
ward a car fleet powered by electricity?. In addition, I estimate the CO, abatement
elasticity for a wide-range of manufacturing industries. This elasticity plays a key
role in environmental economics models. For instance, in the model of Copeland
and Taylor (2003), it determines the trade-off a firm’s faces between production and
abatement. Shapiro and Walker (2018) estimates similar elasticities for a variety of
pollution outcomes but not for carbon dioxide in US manufacturing industries. They
observe abatement expenditures and use exogenous variation due to regulation to
identify abatement elasticities. My results complement their findings and provide a
new methodology to estimate the same object.

Second, the empirical strategy I propose is new. I start from the production and
abatement model of Copeland and Taylor (2003). I show that under certain assump-
tions® for the abatement technology, it is possible to represent both production and
abatement technologies in a single, transformed production function with emissions as
an input. An implication of the model is that estimating the output elasticity to emis-
sions as an input is equivalent to estimating the elasticity of emissions to abatement
expenditures. Following recent approaches in the literature to control for unobserved
productivity (Ackerberg, Caves and Frazer (2015)), I propose an empirical strategy
to estimate the production function that is consistent with my setting. I extend the
production and abatement model by adding timing and information assumptions on
the firms’ dynamic optimization problem. I show that a modified intermediate in-
put demand equation can be used to control for unobserved productivity. The key
advantage of my methodology is that it can be used with widely available data on
production variables and emissions. In particular, I do not have to observe C'O,

specific abatement expenditures®. As such, my method can be applied to estimate

2For a review of the literature and alternatives, see Gillingham and Stock (2018).

3The key assumptions is that the abatement technology to decrease the emission intensity of
production inhibits constant elasticity. See Section 2.3 for the detailed assumptions.

4Even when this data is available, an instrument is needed to deal with the endogeneity of
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abatement elasticities for other types of pollution or for CO, in different locations or
industries. The key drawback is the relatively strong functional assumptions on the
abatement technology.

Finally, I contribute to the discussion of market design in the European Union
Emission Trading System (EU ETS). The EU ETS is the biggest cap and trade
market for carbon dioxide emissions in the world. Total emission allowances are set
and allocated to firms who are free to trade to cover their emissions. The resulting
price helps align the private and social costs of pollution. My findings can help predict
abatement at different levels of market prices. Cement, chemicals and power firms
are the most likely to decrease emissions as the carbon price rises to levels close to the
social cost of carbon. My results suggest that the EU ETS fails to equate marginal
abatement costs across participating firms.

In the next section, I describe the setup, introduce my data and discuss key
characteristics of the industries in my data. Section 2.3 presents my production
and abatement model for carbon emitting manufacturing industries. In Section 2.4,
I propose an empirical strategy to consistently estimate abatement elasticities and
marginal abatement costs. Section 2.5 presents the estimates. In Section 2.6, I discuss
the implications of my results for the EU ETS and environmental policy. Section 2.7

concludes.

2.2 Background, Data and Descriptive Evidence

2.2.1 The Role of the EU ETS in Limiting Greenhouse Gas Emissions

Greenhouse gas (GHG) emissions is one of the primary examples of how industrial
activity can result in unwanted consequences for our society and our planet. It is well
established, that greenhouse gas emissions contributes significantly to climate change

and global warming. Without regulation, firms are unlikely to internalize the true

abatement. Additionally, measurement issues arise as it is hard separate actions directly taken to
decrease carbon dioxide emissions making measurement difficult. For instance, energy efficiency
improvements both abate emissions and decrease input costs.
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cost of emissions on society. One possible solution is to introduce a market for this
negative externality that helps align private incentives with what is socially optimal.
The European Union Emissions Trading System (EU ETS) is the world’s biggest
such market for greenhouse gas emissions. The most important GHG in terms of
its contribution to global warming is carbon dioxide and it is so dominant, that the
unit of regulation is carbon dioxide equivalent. As a consequence, the EU ETS is
usually referred to as a carbon (dioxide) market. It is organized as a cap and trade
market. Total emission allowances are set and allocated to firms who are free to trade
to cover their emissions. The resulting price helps align the private and social costs
of pollution.

The EU ETS covers around 50% of total EU carbon dioxide emissions and almost
all emissions in the highest emitting manufacturing industries and the power sector®.
The biggest contributor is the power sector responsible for around 60% of emissions,
while cement, oil refining and steel has a share of around 10%. Chemicals, ceram-
ics, glass, non-ferrous metal and paper production combined is responsible for the
remaining 10%. It is not clear how much incentives the program provides to decrease
emissions. In Phase I (2005-2007) and Phase II (2008-2012) the majority of firms
received allowance allocations that covered most of their emissions for free. After
Phase III (2013-2020), allocations are determined based on historical production and
product benchmarks. The average price in 2005-2016 was 11.6 €/ton C'O, and prices
generally remained below 20 €/ton CO, (see Figure 2.1)°. Predetermined quantity
caps and low output levels due to the Great Recession are the two most likely reasons

to lower than expected prices.

5Remaining sources of emissions include transportation and residential energy use. Small power
plants are automatically excluded. Small plants in other industries can acquire an exemption but it
is rare in practice.

6As a comparison, the current estimate of the Biden administration for the social cost of carbon
is $51/ton C'O4
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Figure 2.1: EU ETS Monthly Price Averages (2005-2018)

2.2.2 Data

For my empirical analysis, I comply data on the emissions, allowance trading and
financial statements of firms regulated by the EU ETS. I use data from 2005 to
2016 covering Phase I-III of the EU ETS. The EU ETS registry administers data
on regulated entities and tracks allowances used for complying with the program. I
observe the identifier, company registration number, location and main activity of
every installation (plant). Emissions and allowance allocation are reported at the
plant level. In fact, the existence of the EU ETS is the main reason why emissions
are measured. The EU ETS registry also records the exchanges of allowances at the
firm level. For each transaction, I observe the quantities exchanged, the time and
the parties involved”. Financial statements of firms come from the Orbis dataset
by Bureau van Dijk. The coverage of Orbis in EU countries is substantial. For
instance, Kalemli-Ozcan et al. (2015) is able to cover around 70% of total economic
activity in the EU and reproduce firm distributions similar to produced by Eurostat.
The data allows me to measure production variables in monetary values at the firm

level. T observe revenues, fixed assets, the number of employees and materials costs

"Price is not available. This is not the universe of allowance trading. Financial transactions can
take place outside of the registry (Commission et al. (2015).)
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as measures of output, capital, labor and intermediate inputs respectively. I link
the EU ETS and Orbis data using country level firm identifier codes. I am able to
match around 80% of EU ETS accounts to firms in the Orbis dataset®. Appendix
A.1 provides more details on data construction.

A couple of notes about data quality and selection are in order. First, emissions
data is missing for around 30% of EU ETS accounts and I drop these observations
from my analysis. Second, although Orbis covers the range of firms well, there is
significant attrition as firms get in and out of sample even when they keep operating®.
I lose an additional 20% of firm-year observations because of attrition. Third, key
production function variables (especially materials costs) are available for only around
70% of matched firm-year observations. My final sample that I can use for production
function estimation has 31782 firm-year observations over the 2005 to 2016 time
period. The final sample covers around 30% of the total emissions in the EU ETS
program in any given year. Firms in the final sample tend to be bigger by 20-30%
when measured by revenues or capital. Appendix A.1.4 provides more details on data
quality and selection.

The key benefit of the Orbis data is that it allows me to analyze the behavior of
EU ETS entities all around Europe with a relatively large sample size. Using Orbis
makes the unit of observation the firm. This is reasonable for analyzing allowance
trading decisions that are executed at the firm level. However, the relevant unit for
production technology is the plant. Around 75% of firms in my data have only one
plant under the regulation of the EU ETS. Although, this might suggest that firm
level measures are representative of the plant this is unfortunately not the case. Firms

might own small plants in EU ETS industries or have activities outside the EU ETS.

81 find the quality of the merge to be comparable to other papers in the literature using similar
data (e.g. Marin, Marino and Pellegrin (2018))

9As such, Orbis is not well-suited for entry and exit analysis. In addition, a balanced sample of
Orbis for ten year time period is very restrictive. I find that I lose around 70% of observations when
using a balanced sample.
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Vertically integrated firms are common in several industries in my data. I discuss
the implications of these issues on my estimates in Section 2.5.3 and perform several
robustness checks to overcome the data limitation. The alternative to Orbis is to use
manufacturing census data at the plant level. However, this type of data is available
for researchers in only a few larger EU countries!®. Additionally, quantity based

output measures are usually available instead of purely monetary measures that help

overcome unobserved price limitations in productivity estimation.
2.2.8 Industry Classification

I use the main activity of a plant as reported by the EU ETS to categorize firms.
These are the same categories that determine whether an installation is included in
the program. I group firms to ten industries based on their main activity according
to the EU ETS. The industries are cement, ceramics, chemicals, glass, non-ferrous
metals, paper, power, refineries, steel, and other. The EU ETS lists activities in a
more refined way but I group them to ease estimation. The final groups are relatively
homogenous!!. Roughly 90% of firms have only one type of plant and I assign the
modal activity type for multiplant firms. The exercise is relatively straightforward
with two complications. First, multiple stages of the production of a final product
can be carbon emitting. In this case, I group together the entire chain even though
some parts might be more similar to other products. I do this because firms are often
vertically integrated and I want to be able to keep close competitors in the same
activity category'?. Second, the data does not differentiate well independent power

plants from small on-site power generators. I keep only power generators that belong

0The French manufacturing census is relatively easily available for EU citizens during times
other than a global pandemic. The German census must be accessed through data centers located
in Germany. Other manufacturing censuses at the plant level are not widely available (at least to
my knowledge). The Spanish survey ESEE widely used in the production function literature (e.g.
Doraszelski and Jaumandreu (2018)) is at the firm level.

11Gee a detailed description of definitions in Appendix A.2.

12For instance, a firm might own a steel and an iron coke plant. The firm is essentially a steel
manufacturer even though it might have more iron coke plants. Iron coke production might be closer
by technology to oil refining but it would be a mistake to group the firm together with oil refineries.
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13 T include

to firms classified as primarily electricity producers in category power
the emissions of on-site generators in industries regulated by the EU ETS in the final
emissions of the firm. I assign power generators of firms in unregulated industries to
category other!'4.

I prefer using EU ETS activity types to standard industry classifications for several
reasons. First, these are plant level whereas I have access to firm level NACE and
NAICS codes. Second, the EU ETS categories help focus attention on industries from
an emissions viewpoint. Therefore, they are likely to represent emission technologies
that are more homogenous. Finally, they are likely to represent vertically integrated
industries better. Using categories based on standard industry classification would
likely lead to similar outcomes. Most activity types have a primary 3-digit NACE
code that is responsible for around or above 70% of firms (see Appendix A.2 for
details). Vertical integration usually explains the remaining codes. For instance, the

second and third most common for cement are limestone mining and ready-to-mix

concrete production.
2.2.4 Sources of Emissions and Abatement Options

The industries under regulation of the EU ETS are capital heavy and use physical and
chemical processes to transform raw materials to final products. The chemical process
of cement, ceramics, chemicals, glass, paper, and steel production requires very high
temperatures to create compounds with more desirable properties. For instance,
glass production requires mixing silicates, soda-lime and additives at temperatures
above 1500 Celsius. The required heat is generated by burning coal which is the

main source of carbon dioxide emissions. In some cases, most notably cement, the

IBNACE code 3511. I am trying to be conservative and even exclude companies whose primary
codes are electricity distribution and transmission.

14 Any power generator above 20MW capacity is regulated by the EU ETS. In most cases (above
2000 observations in a year), on-site generators belong to firms in industries that are otherwise not
regulated by the EU ETS. Industries range from food processing facilities to universities. When a
firm has plants with multiple EU ETS activity types including power, I assign the firm to another
activity type if observed even the mode is power.
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chemical process itself results in carbon dioxide as a byproduct. Oil refineries heat
crude oil and separate hydrocarbons with different boiling points. The required heat
comes from burning fossil fuels (oil or coal in this case). The most common process
of manufacturing non-ferrous metals is electrolysis which uses electricity to separate
the desired metal from its ore. Many times, this comes from on-site power generation
emitting C'O,. Finally, traditional power plants burn fossil fuels to produce electricity
emitting carbon dioxide. As a summary, C'Oy emissions come from three main sources:
heat generation, chemical reactions and power generation!®.

Abatement options inside a plant vary across industries but generally can be di-
vided into three distinct categories: energy efficiency improvements, alternative inputs
and fuel switching. First, energy efficiency improvements decrease carbon emissions
by decreasing the amount of energy required for producing the same output. For
most industries, there are many different levers along the production process all re-
sulting in small improvement of carbon efficiency. For instance, the Environmental
Protection Agency lists above 70 different ways to improve energy efficiency and de-
crease emissions for integrated steel plants (Jones (2012)). Most of these require
upfront investment to boost energy efficiency permanently. When plants generate
power onsite, decreasing the power use of office buildings or switching to solar panels
decreases emissions through this channel as well. Capacity utilization and external
factors such as weather might also influence emission efficiency. Second, the use of
alternative inputs can decrease emission in several industries. For instance, substitut-
ing clinker with alternatives (coal ash, slag) in cement production can reduce carbon
emissions by a third (Mahasenan, Dahowski and Davidson (2005)). Third, switching
to less carbon intensive fuels is available in some industries. Using gas instead of
coal to generate heat is possible in industries when the required heat is not too high.

Plants might also decrease onsite power generation and increase electricity inputs to

15 Appendix A.2 provides a more detailed review of the manufacturing processes and sources of
carbon emissions.
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cut direct carbon emissions. Coal power plants and paper producers can also switch
to biomass. Finally, end of pipe technologies (filters) are not available for carbon
dioxide. Although carbon capture is a rising technology it is far from being com-
petitive at current carbon prices. In addition to plant level improvements, firm level
emission can be decreased by reshuffling production to more emission efficient plants.
Examples include substituting towards gas in power, dry process kilns in cement or
towards newer plants in any industry. Similar channels might exists within plants
with multiple production lines as wellS.

The few papers that are able to study abatement channels suggests that energy
efficiency improvements are the most important channel within a plant (Petrick and
Wagner (2014), Colmer et al. (2020)'7). Surveys tend to find that decreasing emissions
are considered only a secondary benefit of energy efficiency improvements (Martin,
Muils and Wagner (2016)). There is some evidence for fuel switching in manufac-
turing in Phase I (Petrick and Wagner (2014)), composition effects across plants in
cement (Branger et al. (2015) and fuel switching across plants in power (Ellerman
and McGuinness (2008)). Finally, it is likely that at least some of the gains during
the low-demand environment of the financial crisis were due to composition effects.

To summarize, it is not entirely clear what abatement mechanisms are the most im-

portant and how firms make abatement decisions.

16Cement plants usually have multiple kilns likely with different energy efficiency. Power plants
generally have several generators at the same site often using different technologies.

"Petrick and Wagner (2014) uses German microdata and finds that firms they reduced fuel
intake in Phase II while not increasing power consumption from the grid. They interpret Phase
IT findings as evidence for improvements in the use of process heat. They supplement this with
interview evidence suggesting that improving capital stock to improve energy efficiency is the most
important channel for firms. Colmer et al. (2020) studies abatement using French manufacturing
microdata. They provide evidence that plants did cut natural gas fuel consumption but did not
increase electricity consumption from the grid. They also see increases in capital investments likely
toward more energy efficient capital. They interpret these findings as evidence for capital investment
for energy efficiency being the key channel of abatement.
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2.2.5 Descriptive Statistics

Table 2.1 presents descriptive statistics by industry in 2010 for a restricted sample
of firms with all variables available for production functions estimation. Category
other is responsible for around 50% of the total 4743 firm observations in 2010. The
number of observations by industry is in the range of 50 (non-ferrous metals) to 741
(ceramics). Cement, power, refineries and steel are responsible for only 16% of total
observations but around 75% of emissions. Panel A reports medians of production
variables'®. The median firm in my data is large and capital intensive with revenues
and fixed assets of €65 and €34 million respectively. The median firm in every
industry owns a single plant under EU ETS regulation!®. This masks differences
across industry in the share of multi-plant firms that is between 15% (paper) and 41%
(cement). The high share of single-plant firms suggests that firm level data might
be informative of abatement possibilities at the plant level. The Great Recession hit
some industries harder than others. Cement, ceramics, non-ferrous metals and steel
were among the hardest hit, revenues between 2007 and 2010 declined by 12, 34 and
20% respectively. These industries were likely operating at lower levels of capacity
during and shortly after the Great Recession. In contrast, others either were hardly
hit at all or even improved (power, refineries). The high share of multi-plant firms
and a big hit in demand suggests that production reshuffling might be an important
abatement channel at the firm level in cement or steel but less so in paper.

Panel B of Table 2.1 presents emissions statistics by industry. The median plant

would spend from a few hundred thousand to a few million euros on allowances if it

18] prefer medians as most industries are characterized by a long right tale of firms that would
skew averages.

Note that this does not exclude ownership relations across firms. Multi-nationals are likely
relatively common in my data. These firms could coordinate emissions choices and trading. The EU
ETS literature usually uses firms at a country level as a unit for analysis. Survey evidence suggests
that even when this is the case, firms make emissions and trading decisions locally (Martin, Mufils
and Wagner (2014)).
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were to pay market prices?. This corresponds to less than one percent of revenues.
However, these numbers mask vast heterogeneity both within and across industries.
Emission expenditures of the median cement plant would be €2.9m or 9.5% of total
revenues whereas they would be negligible for non-ferrous metal plants. Cement both
requires higher emissions per unit of output and has a much lower market price.
Even in industries with low revenue shares, emission expenditures would account for
at least a few percentage of profits?!. Additionally, emission costs are substantial for
a high share of firms in all industries. For instance, the 90th percentile of refineries
has a cost share of emissions around twenty times of the median. These numbers
suggest that emission expenditures are likely important for some but not all firms.
Aggregate descriptive statistics in Table 2.1 Panel C suggest substantial differences
across industries in allowance allocations and trading behavior. Output decline due
the Great Recession lead to a large surplus of allowance allocations in all industries
other than power and refineries. This is consistent with the intentions of the EU ETS
to make industries with high emitters short to enhance trading. As a consequence,
power and refineries firms are more likely to participate in trading allowances. Overall,

only 37.5% of the restricted sample of firms trades in 2010.

20The average market price of 2010 is €14.4/ton CO4 which is slightly above the historical average
of 10.7 in 2005-2016. Market prices vary substantially between years, see Figure 2.1

21Gince operating profits can be negative, the median emission costs over profits are close to zero
and below the cost share of revenues close for several industries.
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Table 2.1: Descriptive Statistics by Industry in 2010
Cem Cer Chem Glass Non-ferr Paper Power Ref Steel Other All

Panel A: Production

Revenue (mEUR) 43.8 47 2527  53.6 347.2 51.9 354 4542 208.6 53.7 64.6
Fixed assets (mEUR) 343 55 962 342 64.1 19.0 455 3484 66.1 287 335
Number of employees 175.0 47.5 425.0 300.0 478.0 166.5  34.5 496.5 594.0 175.0 183.7
Number of EU ETS plants 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Revenues (2007=100%) 873 636 952  90.0 84.0 102.6 1253 1076 779 1075 97.8
Panel B: Emissions

Emissions (th ton) 2047 0.8 435 232 0.0 10.6 35.7  612.2  30.2 8.5 26.6
Emission cost (mEUR) 29 00 06 0.3 0.0 0.2 0.5 8.8 0.4 0.1 0.4

90 pct em. cost (mEUR) 252 03 6.9 2.0 0.6 1.5 30.3  60.5 3.9 1.3 5.0

Em. cost/revenues (%) 95 06 0.2 0.8 0.0 0.5 2.1 04 03 0.2 0.8

90 pct em. cost/revenues (%) 16.1 5.7 3.1 2.3 0.2 1.5 10.7 84 1.9 5.1 5.3

Em. cost/profits (%) 50.0 0.0 2.0 5.0 0.0 3.0 7.0 3.0 0.0 1.0 3.4

Panel C: Activity totals

Multi-plant (%) 414 16.3 41.0  20.5 16.0 14.9 270 339 294 243 234
Activity emission share (%) 12.6 0.8 2.6 1.6 0.1 24 39.3 9.8 12.3 185 13.5
Allocations/emissions 1.4 21 1.3 1.3 1.6 1.3 0.9 1.0 1.4 1.0 1.3

Trader (%) 61.5 40.8 320 27.2 12.0 353 584 542 276 346 375
Observations 174 741 122 224 50 484 322 59 221 2345 4742

Notes. Medians reported if not otherwise indicated. Sample is restricted to observations with production function
variables available. Emission cost calculations assumes firms pay market price for allowances. Profit measure is EBIT.
Sample includes only firms with all production function variables (revenues, fixed assets, number of employees and
emissions) available in 2010.



2.3 Production and Emissions Model

This section describes a structural model of production and emission abatement.
The key modeling assumption is that firms need to allocate productive resources
to decrease emissions. The model captures the trade-off between productivity and
abatement expenditures??. In the model, there is a short term relationship between
yearly abatement expenditures and revenue emission intensity. As a consequence,
abatement and production technologies can be represented in a transformed produc-
tion function with emissions as an input. The model allows me to measure marginal

abatement costs without explicitly observing abatement expenditures.

2.3.1 Production and Abatement Technology

Firm ¢ combines capital (K), labor (L) and intermediate inputs (M) to produce output
(Y) in each time period ¢ using production technology f(:). Intermediate inputs
include raw materials (iron ore, limestone) and sources of energy to produce heat
(coal, natural gas). The abatement assumptions follow Copeland and Taylor (2003)
and Shapiro and Walker (2018). Firms dedicate a share a; of output to decrease

emissions intensity:
Yie = (1 - ait)Yit = (1 - ait)f(Kita Li;, Mit)~ (2-1)

Equivalently, the firm uses a mix of inputs in the same proportions as the production

technology for abatement. Without abatement, the firm would produce potential

output Y. Emissions are a function of potential output and abatement expenditures:
Ey = g(ait)f(Km L, Mit)7 (2-2)

where ¢(-) is monotonically decreasing and ¢(0) = 1. Emissions increase linearly

with potential output. The multiplicative functional form implies that abatement

22This assumption is relatively standard in the literature but not without controversy. It is
widely used in the trade-emissions literature (Copeland and Taylor (2003), Shapiro and Walker
(2018)) and assumed in several recent work on emissions and environmental externalities (He, Wang
and Zhang (2019), Rafey (2020)). The key empirical studies supporting this view are Greenstone
(2002) and Greenstone, List and Syverson (2012). Both use US Census of Manufacturing data and
find sizable short term productivity declines to environmental regulation. In contrast, the Porter
hypothesis (Porter and Van der Linde (1995)) states that environmental regulation can lead to higher
productivity on the long run (see Dechezleprétre and Sato (2017) for an empirical review).
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expenditures decrease emission intensity where the denominator is potential output?3.
The functional form and shape of g(-) determines this relationship. When a;; equals
zero, there is no abatement and output equals potential output. As g(-) is monotonic,

it can be inverted to express a;. Combining (2.1) and (2.2) leads to

F.
Yi=|1-g7! l
' |: g (f(Klta Lit7 Mzt)

)] f(Kit, Lig, Myy) = f(Kit, Liy, My, Ey). (2.3)

Equation (2.3) represents both the production and abatement technology of an in-
dustry in a single function. This representation provides two main advantages. First,
it shows clearly that emissions can be treated as an input to production. A firm
can increase output by increasing emissions through cutting abatement expenditures.
The key assumption is that abatement expenditures only effect emission intensity in
the same year. As a result, there is a one-to-one mapping between emissions and
abatement expenditures conditional on other inputs and productivity. Second, it is
possible to empirically estimate (2.3) with data on emissions only. As I show in
Section 2.4 , existing production function estimators can be applied to estimate f .
The model and empirical strategy is flexible to accommodate a wide range of pro-
duction and abatement technologies. I choose the Cobb-Douglas production function

and the constant elasticity abatement technology:

1
f(Kit7 Lz’t, Mzt) = Qz‘tKgKL;LMSM and g(CL) = th(l — ait)@.
The key benefit of this functional form is that the transformed production function
remains Cobb-Douglas?*. Cobb-Douglas provides a first-order approximation to any
production function, is widely used in the literature and represents an easy to interpret

abatement technology. Bj; is a firm-time specific emission intensity parameter that

represent emission intensity if a; = 0. é is the elasticity of emission intensity to the

share of potential output left for production after spending on abatement (1 — a;).

23 An alternative is to model emissions as a result of input use. Shapiro and Walker (2018) finds
the two models comparable both qualitatively and quantitatively.

24An alternative is to assume g(a) = C' — a?®. With appropriate parameter choices, the two
represent similar technology. Therefore, writing the abatement function in the original form is not
restrictive.
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If ag is high it is relatively difficult to decrease emissions intensity by spending on
abatement. Crucially, this does not depend on initial emission intensity (By). It is as
hard to cut emissions (in percentages) for a firm that starts from a low baseline as for
a firm that starts from a high emission intensity level. The transformed production

function takes the following form:
Yie = (QKgKLiLMi?NI)(l_aE) (BﬁlEit)aE = Qu K" LoE MM EgF

where Q; = Q)" B;,*” and B! can be interpreted as emission augmenting tech-
nology. However, in the Cobb-Douglas case all productivity is factor neutral. Notice
that Q;; represents both the initial productivity €2;; and potential emission intensity
B;; differences across firms. Firms with lower emission intensity are more productive
if measured by Q. Eventually, this allows me to separate the impact of exoge-
nous emission intensity improvements (changes in B;;) from the impact of abatement

expenditures?.

The final production function takes the Cobb-Douglas form. The
elasticity of substitution of all inputs including emissions is unity.

At this point, it is important to interpret key modeling assumptions and discuss
potential limitations. First, a;; can also be interpreted as abatement stock. My model
and results remain similar as long as a unit of abatement expenditures increases
abatement stock by a unit. Second, my model can accommodate a wide range of
abatement options. For instance, my model is consistent with capital only abatement
technology. An a; share of capital is dedicated towards abatement. When a firms
invests in capital to decrease emissions, a;; increases. In the Cobb-Douglas case, the
transformed production function differs only in the interpretation of the parameter

estimates. Third, the relationship between emissions and output might not be linear.

For instance, emission intensity might naturally vary with capacity utilization. I can

allow emissions to increase in output at a faster (Y2) or slower (\/? ) rate as long as
the relationship takes the form of a power function. Appendix A.3.4 discusses the

detailed arguments for all three cases. Altogether, the modeling framework is flexible

25 Allowing for Bj;; to vary across firms and time would be more difficult with other functional
forms. Bj;; becomes emission augmenting technology and the production function is difficult to
identify without additional data. See for instance Doraszelski and Jaumandreu (2013) or Raval
(2019)
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and is able to incorporate different abatement options from capital intensive energy

efficiency improvements to static fuel switching.

2.3.2  Timing and Optimization

Identification of the production function requires assumptions on timing and opti-
mization?®. The assumptions are standard and allow for a wide range of dynamic
optimization and timing. The key assumption is that materials ¢ are chosen after ob-
serving productivity Q;. The main benefit of the approach I take for understanding
abatement is that I do not need to assume that abatement choices are made opti-
mally?”. In the context of the EU ETS, survey evidence suggest that the majority of
firms do not intentionally optimize abatement decisions (Martin, Muuls and Wagner
(2014)).

At the beginning of period ¢ — 1 firms observe productivity Q;;_,. Capital K
is a dynamic and predetermined in time ¢ — 1. Labor and abatement expenditures

are chosen at time ¢t — b where b € [0,1]. This allows for L; and a; to be static

or predetermined. Then, firms observe ;; and choose M;,. Finally, consistent with
the production model and the timing assumptions, emissions F;; are determined as a
result of all the choices and productivity at the end of the period. This is because Ej;
is a function of abatement expenditures and output; and, therefore also productivity
and all other input choices. It is useful to explicitly define the firm’s information set
at different points in time. The information set at the end of time ¢ — 1 includes
productivity for the next period, predetermined inputs, prices, allowance allocations,

and the full ¢ — 2 information set:

Ii,t—l = {Qit7Kit>Mit—17Lit—1,Eit—hait—l,Ait, PitaIi,t—Z}-

A;; denotes emission allowances allocated for firm ¢ for period t and P is output

price. Then, the firm’s information set at time ¢ — b with b € [0, 1]

26This is true of any production function estimator that hopes to control for endogeneity of input
choices due to unobserved productivity.

2"Most previous structural approaches assume some form of optimization subject to a well-defined
model. For instance, Toyama (2018) assumes that firms optimize abatement and trading decisions
in a dynamic model with transaction costs in the US Acid Rain Program.
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L
Loy = {Fi1—1,7a, Py },

where 7;; and P% denote the allowance price and wage respectively. Finally, at time

t intermediate input prices PtM are observed and M;; is decided.

Pit Tit Wi PMi
Kii Qi it Lic Mic  Ei
| | o
t-1 t-b t

Notes. Placement of variables indicates when they are observed by the firm.

Figure 2.2: One Possible Example for the Timing Assumptions of the Model

The most important timing assumption is that materials are decided at the end
of the period. The approach allows slightly different timing assumptions on other
inputs but some of these requires small modifications of the estimator®®. Similarly,
when and whether firms observe prices and the allowance allocation is not crucial.
I do not need to specify a full dynamic model of optimization for the identification
of the production function. The only assumption I make is the static optimality of
material input demand. This excludes any dynamic implications including adjustment
costs. However, I do not need to assume static optimization of labor and abatement.
Transaction costs of trading inputs and adjustment costs are also compatible with the
model and estimator. In my context, this is particularly important as the abatement
choice is likely not optimal in a static sense. For most firms, emission expenses are
a very small share of revenues providing less reason to spend resources to optimize.
In addition, transaction costs of trading are likely relatively high creating a wedge
between marginal costs and benefits of emissions. Finally, I assume that firms take
output and input prices as given. I discuss the consequences of imperfect competition
in Section 2.4.3 and Appendix A.3.2.

Under perfect competition and static profit maximization of materials the inter-

mediate input demand takes the following form?:

28The key is that instruments come from I;;_; (or even earlier). Figure 2.2 presents one possibility.
If labor is a static input the instrument is L;;_1. If it is predetermined L;; can also be an instrument
for itself.

29This directly follows from the first-order condition of static profit maximization. I show this in
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M = M(Kita L, By, Py, P'yﬁz't,Qz't)- (2-4)

)

Equation 2.4 is important as it serves the basis of the empirical strategy. The key
idea is that conditional on other inputs and prices, materials demand is informative
about unobserved productivity €;;. Notice that the prices that enter the conditional
intermediate input®® demand equation are output prices P, materials prices P}
and emission prices 7;;. Equation 2.4 explicitly shows that if firms differ in output,
materials or emission prices, these have to be observed to recover €);; from materials
choices. However, other input prices do not enter the conditional intermediate input
demand equation. Capital and labor inputs are decided before materials and only
inputs are relevant for output. Therefore, only these inputs and not input prices
enter the relevant profit maximization for materials.

The key difference of my model to the literature is that production leads to costly
emissions. As a consequence, I have to control for emissions and emissions prices in
the intermediate input demand equation. Emissions are a result of production and
abatement decisions. As such, emissions are determined after all other inputs are
decided. Therefore, the firm has to take into account the contribution of its input
decisions to final emissions costs. This is most pronounced for the materials choice,
since it eventually decides the scale of production. The firm might find it optimal
to decrease the scale of operations when emission prices are high. Notice that only
emissions and not abatement enters equation (2.4). In the production function of
equation (2.3) emissions is the relevant input. According to my model, abatement is
chosen before materials and emissions are determined as a consequence of all input

choices and abatement. There is no additional information after the materials choice

that would influence emissions.

Appendix A.3.1 and I also provide the parametric form for the Cobb-Douglas case.

30Following the terminology of Ackerberg, Caves and Frazer (2015) this equation is the input
demand equation conditional on other inputs and in particular on labor and emissions.
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2.4 FEmpirical Strategy

In this section, I introduce my empirical strategy to estimate the production and
abatement model. The key object to estimate is the empirical counterpart of the
transformed production function that represents both production and abatement

technologies. The transformed production function takes the gross-output form:

Yit = f(kit7 Lit, Mg, €3t) + wir + €t
where y;; is log output, kj;, lir, my, €;; are log capital, labor, materials, and emissions
respectively. wj; is log productivity and consistently with the timing assumptions is
observed by the firm before making decisions. Additionally, w;, is additively separable
from the combination of inputs. €; is an additive shock to log output that is not ob-
servable by the firm when making input decisions®'. Both w;; and €;; are econometric

unobservables. My main specification uses the Cobb-Douglas functional form:

Vit = Brki + Bilis + B + Beeir + wir + €4

The key issue of identification is that input choices depend on the unobservable w;.
In most models of production, more productive firms choose higher levels of inputs
creating a positive correlation between kj, li;, my, e and wy. As a consequence,
OLS estimates of B, 5, B, and [, are not consistent. This endogeneity problem is
well-known in the literature of production function estimation since Marschak and
Andrews (1944). My proposed estimator solves the endogeneity problem by using
the inverse of conditional materials input demand as a control function for w;*2. The
estimator can be thought of as a modification of Ackerberg, Caves and Frazer (2015)

with emissions as an additional input3?,

31 Alternatively, €;; is measurement error in output. Hence, does not influence decisions.

320ther solutions include dynamic panel estimators (Blundell and Bond (2000) and estimators
using static first-order conditions (Hall (1988) and the following literature).

330ther estimators of the same family include Olley and Pakes (1996) using investments and
Levinsohn and Petrin (2003) using unconditional materials demand as the basis for the control
function. Ackerberg, Caves and Frazer (2015) shows that both suffer from identification issues due
to functional dependence. ACF style estimators have the additional advantage of allowing more
flexible timing and unobservables related to the capital, labor and (in my case) emission inputs.
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Next, I introduce the empirical assumptions necessary for identification. Section
2.4.2 describes the identification strategy. I turn to measurement of key variables in
Section 2.4.3. Estimation follows the identification strategy closely and is discussed

in Section 2.4.4.

2.4.1 Assumptions

In this section I provide necessary conditions under which my estimator can be ap-
plied to consistently estimate the primitives of my production and abatement model.
Assumptions 1 and 2 are implied by the production model, whereas assumption 3 is
a separate modeling assumption. The empirical assumptions are weaker and might
hold for a wider range of production processes. Assumptions 1 and 2 ensure that
conditional materials input demand can be used as a control function for unobserved
productivity. Assumption 3 combined with the timing assumption produce the mo-

ment conditions for estimation®?.

Assumption 1 Scalar Unobservable. wy is the only unobservable entering the con-

ditional intermediate input demand equation: my = h(ky, Ly, €, Wir, Tit)

Assumption 1 rules out multiple structural unobservables®*. Note that in my pro-
duction and abatement model, w; is a mixture of productivity and initial emission
intensity. Therefore, assumptions on w;; are about this combined productivity term
and do differ from assumptions on the two terms separately. Because I want to allow
for differences in emission prices (7;;), I explicitly include it in the intermediate input
demand equation. In contrast, notice that input and output prices do not enter A(-).
Assumption 1 does not allow unobserved differences in output and input prices. If
output prices differ across firms, they can be included in the composite w;; term. In

36

this case, Assumption 1 would refer to this new productivity term>°. T discuss the

issue of unobserved output and input prices in more detail Section 2.4.3.

34 Assumptions 1-3 correspond to Assumptions 4, 5 and 2 in ACF. The information set assump-
tions in Section 2.3.2 correspond to ACF Assumption 1 and 3.

35¢;, is an econometric unobservable also not observed by the firm. Therefore, it does not enter

the conditional intermediate input demand equation.

36Tn this case, I would measure a composite of TFPR and emission intensity. Note that this is
conceptually correct, Assumption 2 is likely to hold in this case. For instance, in Appendix A.3.1 I
show this for the Cobb-Douglas case. In contrast, input prices are conceptually harder to justify in a
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Assumption 2 Strict Monotonicity. h(ki, Ly, €, Wi, Ti) 18 strictly increasing in wy.

Assumption 2 is necessary for the inversion of h(-). The assumption is relatively
straightforward to prove when materials are a static input without adjustment costs.
This is exactly what I assume and in Appendix A.3.1 I explicitly show this for the
Cobb-Douglas case.

Assumption 3 First Order Markov. The distribution of wy evolves according to an

exogenous first order Markov Process: F(wii1|lit) = F(wits1|wit).

Assumption 3 allows for a wide range of exogenous productivity processes. For
instance, it does not require w;; to follow an AR(1) process as is usually assumed
for dynamic panel estimators. As a consequence, it is possible to decompose w;; =
Elwi|li-1] + &t = g(wir—1) + & The productivity innovation &; might follow any
distribution. Higher order processes such as any predictable cyclicality is excluded.
Assumption 3 does not allow firms to have influence over the evolution of their pro-
ductivity. For instance, this excludes endogenous productivity evolution due to R& D
investments®”. Note that Assumption 3 is about the composite productivity term.

Again, this is different from assuming the same separately over its individual compo-

nents.

2.4.2  Identification

Given Assumptions 1 and 2, the intermediate input demand equation can be inverted
to express productivity : wy = h™ (K, lit, €it, M, Ti). Plugging this expression for

w;r back to the production function results in the first stage estimating equation
Yir = [ (Kits Livs miae, €i0) +h ™ (Ka, L, €a, Mg, Taa) + €6 = St i, Mg, €0, Tit) + €t (2.5)

Assuming Ele;|;;] = 0 nonparametrically identifies ¢(-). Timing assumptions of the

model and Assumption 3 leads to the moment condition E[¢;|I;;—1] = 0. Productivity

composite productivity term. Therefore, I explicitly have to assume away materials price differences
across firms.

37Tt is relatively straightforward to relax this assumption and let the productivity process depend
on observables (including choice variables). See De Loecker (2013) for an example in which a firm
exports status influences its productivity evolution.
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innovation in time ¢ is independent of variables that are decided before the period.

Given an estimate ¢(-) of ¢(-) this results in the second stage equation

Vit = f(Kit, lie, Mg, i) + 9(dir—1 — [ ki1, Lie—1, Mir—1, €r—1) + &t + €4z (2.6)

Absent endogeneity issues, the moment condition E[&;; + €| kir, ™y, lit, €] would iden-
tify the parameters of the production function. However, l;;, m; and e; are deter-
mined after observing the productivity innovation &; and therefore are likely corre-
lated with it. The standard solution in the literature is to use lagged input variables
that are decided before &; is realized as instruments. Input choices are likely to be
highly serially correlated due to persistent input prices or adjustment costs. Exo-
geneity is guaranteed by the timing assumptions. To implement this approach I use

the following moment conditions3®:

E[Eituit—l] :E[¢(kit; Lit, My, eit) - f(kita Lit, My, €z‘t)

— g(P(kit—1, mir—1, lis—1, €i1—1)) — f(Ki—1, lit—1, Mi—1, €i0—1) | Lir—1] = 0

Identification of the production function parameters comes from both cross-sectional
and time-series variation in inputs and output. Input elasticities are identified from
the comovement of exogenous variation in inputs and output. Therefore, it is essential
to establish that there is independent variation in all input variables after control-
ling for other input choices. Otherwise, the GMM rank condition does not hold
and input elasticities might not be identified. First, as Ackerberg, Caves and Frazer
(2015) describes using moments of the productivity innovation solves the potential
problem that I;; is functionally dependent on ki, m;>°. Second, Gandhi, Navarro
and Rivers (2020) point out that the material input elasticity is not identified from
ACF type of moments if only panel data on inputs and outputs is used. This is the

38 Ackerberg, Caves and Frazer (2015) suggests using E[¢;; + €;¢|I;1—1] = 0 for identification. They
use E[¢;+|I;1—1] = 0 in an earlier version, see their footnote 11 for details for why this might be
desirable. I follow the method of their Monte Carlo simulations and use their concentrating out
procedure to reduce the dimension of the search over parameters as documented in Appendix A.4
of their paper. There they also use E[¢;¢|[;:—1] = 0.

39Geveral reasonable data generating processes lead to functional dependence of l;; on ki, miz,
when unconditional intermediate input demand is used to control for unobserved productivity (such
as in Levinsohn and Petrin (2003)). Ackerberg, Caves and Frazer (2015)’s solution is to use condi-
tional (on 1) intermediate input demands to control for unobserved productivity.
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main reason Ackerberg, Caves and Frazer (2015) recommends using their method for
estimating value-added production functions only. They also suggest using the static
first-order condition to identify the materials elasticity. In my environment, this is
not possible to implement since this first-order condition depends on emissions and
allowance prices?. An alternative solution is to introduce observed heterogeneity in
intermediate input prices to identify 3, (Doraszelski and Jaumandreu (2013)). Using
proxies for allowance prices introduces variation similar to observed input prices in
intermediate input demand equation. Therefore, the materials coefficient is identi-
fied in my model*. Finally, it is worth discussing the identifying variation of S,
especially when 7;; is included in the control function. Conditional on all other in-
puts and prices, emissions can still vary across firms due to differences in abatement
choices. Adjustment costs in abatement expenditures can provide variation in abate-
ment independently of prices which also translates to serial correlation in emissions.
Hence, introducing emissions to the production function does generally not introduce

additional functional dependence issues.

2.4.3 Measurement, Unobserved Prices and Firm-Plant Level Data Issues

I use revenues, fixed assets and materials expenditures as measures for output, cap-
ital and intermediate inputs respectively. I measure all variables in euros (€) using
market exchange rates. Data limitations do not allow me to use quantity measures
142,

or the perpetual inventory method for capita Using monetary values might be

preferred when input quality can differ (Ackerberg, Caves and Frazer (2015) or when

40Using value-added production functions with emissions is hardly meaningful. Emissions would
need to increase in value-added but not materials usage. This could lead to situations when the firm
increases its materials share which should result in lower emissions.

4“INote that it is likely that some of the models assumptions do not hold perfectly in practice.
If there is variation in materials prices or adjustment costs in the materials the control function
assumptions might fail. However, these would provide identifying variation for the materials coeffi-
cient.

42There are well known issues with using fixed assets as a measure for capital. Accounting
measures of depreciation are based on averages and are likely not accurate. For instance, the US
Census Bureau uses a perpetual inventory method based on industry level depreciation rates and
investments Raval (2019). Depreciation rates are not available in the EU and investments in Orbis
is not available for most firms.
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firms manufacture multiple products (De Loecker and Goldberg (2014))%3. Addition-
ally, since materials is an aggregate of different inputs (e.g. iron-ore, coal, alloying
elements for steelmaking) it is best measured in monetary terms. Similarly to most
production datasets, output and input prices are unobserved in my data**. To control
for across time variation, I deflate revenues and materials expenditures with industry

specific output price deflators®.

As is well known in the literature, two key issues
arise when there are unobserved differences in output prices across firms (De Loecker
(2011)). First, elasticity estimates might be biased if inputs are correlated with prices.
For instance, when firms face downward sloping output demand curves, output and
prices move in opposite directions. As a result, input choices and output prices are
also correlated. Second, productivity estimates contain price and demand variation.
That is, lack of data on prices or demand conditions, it is not possible to differentiate
the impact of prices, demand shocks and quantity productivity on revenues. The
standard solution in the literature is to introduce assumptions on demand and the
form of competition. This does not necessarily make the problem go away, but it
provides explicit formulas for the bias and how a composite productivity term should
be interpreted. When the price variation is exogenous (such as with perfect compe-
tition and exogenous demand shocks), the input elasticity estimates are not biased.
Generally, less elastic demand (or more market power) results in upward biased co-
efficient estimates. As a result, scale estimates are informative of the likely extent of
the potential bias. In Section 2.5, I show that returns to scale estimates are close to

one indicating that perfect competition is likely not an unrealistic assumption. In any

431f input quality differs, I need to assume that firms have access to the same menu of prices and
qualities. Product level estimation is usually difficult for multiproduct firms even with better data.
Intermediate inputs are almost never observed at the product level.

44Exceptions include the US Census of Manufacturing or the ESEE dataset from Spain. There
are also well-documented issues with prices when using these datasets, see De Loecker and Goldberg
(2014) for more details.

45Theoretically, one should use a separate input price deflator for all inputs or when this is not
available an aggregate materials deflator. However, this is not available for EU datasets. In this
case, the literature uses the output deflator for materials too. The usual justification is that the two
are likely to be highly positively correlated. Eurostat reports NAICS 3 level output deflators and
I assign these to firms based on primary NAICS 3 codes from Orbis. The base year for the output
deflators is 2015, so all values are measured in 2015 Euros.
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case, w;; should be interpreted as measuring both productivity and demand effects*.
Using intermediate input demand remains conceptually correct but now it controls
for the composite productivity term. These conditions also provide a microfoundation
for Assumption 1 which explicitly assumes the two issues away.

Unobserved intermediate input prices and allowance prices can introduce an ad-
ditional bias through the control function. Since I do not observe intermediate input
prices, I have to assume away price differences across firms. For instance, assuming
perfect competition in input markets provides a justification for this assumption®’.
Allowing for differences in emissions prices and the possibility that firms do not equate
marginal emissions prices to costs is crucial for my empirical approach. At the same
time, these unobserved differences can lead to misspecification of the control func-
tion. I observe market emission prices and allowance allocation from which I build
flexible controls for emission prices. The key assumption is that firms take emissions
prices into account in a similar way in intermediate inputs decisions. This is different
and weaker than assuming homogenous emissions prices and static optimization of

emissions decisions.

Finally, my measures of emissions and allowances are available only for plants
under the regulation of the EU ETS. In contrast, financial variables are available at
the firm level. Firms in my dataset might have activities that belong to plants outside
of my emissions data. For instance, cement firms are often vertically integrated with
concrete producers. However, only cement production emits carbon dioxide and is
regulated under the EU ETS*. Therefore, vertically integrated firms in my data
appear to have higher revenues for the same level of emissions than a firm that is
only active in cement. Alternatively, the emissions are measured too low for vertically
integrated firms. This non-classical measurement error in emissions leads to biased

coefficient estimates. The sign of the bias is theoretically ambiguous and empirically

46In Appendix A.3.2 I derive the elasticity bias and formulas or the composite productivity term.
I assume a CES demand system with exogenous shocks, monopolistic competition and a Cobb-
Douglas production function.

47An alternative is to assume that output and input price biases offset each other. De Loecker
and Goldberg (2014) shows provides conditions for when this holds. Note that in this case, the
elasticity estimates are unbiased but it is less clear what the productivity term measures.

48Other prominent example is power generation and distribution.
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hard to predict (see Appendix A.4). In Section 2.5.3, I report a series of robustness

exercises to validate that my results are not driven by this measurement error.

2.4.4 FEstimation

I estimate the model for the ten industries defined in Section 2.2.3 separately. The
underlying assumption is that technology is the same for all firms in an industry. This
also excludes differences across countries in technology for instance due different levels
of development®. Estimation follows the identification strategy closely. As a first
stage, I estimate Equation (2.5). In the Cobb-Douglas case, the conditional materials
demand equation is linear (in logged variables). Therefore, my main specification
includes a linear control function and first-stage equation. I check the robustness of my
results to a second-order polynomial control function. I also experiment with different
proxies for emission prices (7;;) in the control function. The main specification does
not include emission price proxies since I find that including these does not change
results significantly®®. See Section 2.5.3 for details on the consequences of these
choices on my empirical results.

To implement the second-stage (Equation 2.6), I use instruments (Z) from I;;_;
to generate unconditional moments of the form: E[¢; ® Z/, ;] = 0. Standard choices

for instruments include all inputs possibly going several periods back. I use variables

going back to ¢t — 2 as instruments:
{km Fit—1, Ki—a, Lig—1, Liv—2, Mip—1, Mir—2, €341, eith}'

After experimenting with estimation I find that adding additional lags significantly de-
crease estimated standard errors while do not meaningfully alter coefficient estimates.

[ assume that productivity follows an AR(1) process, with parameter p measuring per-

1

sistence. This is somewhat restrictive but is widely applied in practice®'. In order

49The model could be estimated for country-industry pairs but the data does not allow this. The
structural production function estimator requires a bigger sample size and since I need to observe
emissions, the sample size is given by the EU ETS.

50Tt is likely that firms do not take into account emissions prices when ordering materials. The
impact of emission prices is likely to be limited for most firms.

51See the discussion in page 9 of Collard-Wexler and De Loecker (2016) for the trade-offs of this
assumption.
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to decrease the dimensionality of the search I follow Ackerberg, Caves and Frazer
(2015) and concentrate out the constant term and parameter p. I find the parameters
that minimize the distance of the sample analog of the unconditional moments from
zero using a generalized method of moments (GMM) procedure. I estimate standard

errors using a firm-level block bootstrap procedure with 100 iterations.

2.5 Results

Now I report the main results of this paper. I start with my production function
estimates in Section 2.5.1. I discuss in detail my estimated abatement elasticities,
the key empirical parameter of interest. Using my model’s implications and the
estimated elasticities, I calculate marginal abatement costs for all firms in my data.
Section 2.5.2 reports these estimates. I discuss the robustness of my estimates in
Section 2.5.3. Finally, Section 2.5.4 provides reasons for why my marginal abatement

cost estimates are significantly above market prices for emission allowances.

2.5.1 Production Function Estimates

Table 2.2 reports production function estimates for the main specification: Cobb-
Douglas with a linear control function that does not contain emission price proxies.
The input elasticity estimates of labor, capital and materials are reasonable and stable
across specifications. The low capital coefficient estimates are not unusual for gross
output production functions (Collard-Wexler and De Loecker (2015), Gandhi, Navarro
and Rivers (2020)). The elasticity estimates are also broadly similar to estimates in
the literature for similar industries. I find my estimates of steel, cement and paper

similar to Collard-Wexler and De Loecker (2015), Backus (2020), and Doraszelski

and Jaumandreu (2018) and Demirer (2020) respectively’?. The returns to scale

52My elasticity estimates need to be divided by 1-8. to be able to compare but this does not
make a meaningful difference for most industries. The returns to scale estimates are essentially the
same using both forms of the production function. Note that the above papers use vastly different
methdologies and datasets to estimate production functions. Gandhi, Navarro and Rivers (2020)
and Demirer (2020) uses non-parametric estimators for the widely used plant level Colombian and
Chilean data. Gandhi, Navarro and Rivers (2020) finds average cross-industry capital elasticities
of 0.14 (Colombia) and 0.16 (Chile). Demirer (2020) finds average S, 0; and B, are 0.09, 0.36
and 0.59 for the Colombian paper industry. Doraszelski and Jaumandreu (2018) estimates are 0.09,
0.321 and 0.621 for Spanish paper firms. Collard-Wexler and De Loecker (2015) uses Olley-Pakes
type of control function and plant level steel data from the US Census of Manufacturers. Their

32



estimates are statistically not different from one for most industries. The estimates
indicate weak market power for chemicals, refineries, power companies and do not
signal misspecification®. I report statistics for total productivity wj +e€;. My average
persistence estimate is 0.79 while the interquartile range is 38 log points®®. Altogether,
I interpret these estimates as supporting evidence that introducing emissions as inputs
to the production function does not change estimates fundamentally. This conclusion
is ex-ante implied by my model but empirically did not have to be so. Additionally,
these results provide confidence in the data and in particular, against serious issues
due to vertical integration.

The average f3, estimate is 0.068%°. Decreasing emissions by 1% while keeping
other inputs constant is associated with a drop in output of 0.068% for the average
firm in my data. Generally, a higher (5. estimate indicates that emission intensity
is less responsive to abatement expenditures. Based on this metric, it is the most
difficult to decrease emissions in cement and the least difficult in chemicals. Decreas-
ing emissions by 1% while keeping other input level constant is associated with a
drop in output of 0.127% for the average cement firm in my data. An alternative to
interpret my (. estimates is through the lens of the structural model of production
and abatement. Decreasing the share of output that is not dedicated for abatement

by 1% is associated with a drop in emission intensity of ﬁ = 7.9% for the average
cement firm. Alternatively, a 1 percentage point increase in the share of abatement
expenditures translates to roughly 7.9% drop in emission intensity for the average

cement firm%°. It is somewhat difficult to get a good sense of how realistic the mag-

benchmark estimates for S, 8 and 8, are 0.08,0.27 and 0.68 respectively. Backus (2020) uses an
input cost-share based method and finds a close to zero capital coefficient estimates for US cement.

53The lowest implied demand elasticity is close to 10. I find lower returns to scale estimates when
I use a second-order polynomial control function. The lowest implied demand elasticities are in the
range of 4 to 6 which is more in line with what the literature considers reasonable (Asker, Collard-
Wexler and De Loecker (2014), De Loecker (2011)). In any case, my returns to scale estimates are
below or around one and do not indicate misspecification.

54This is broadly in line with the literature. For instance, Asker, Collard-Wexler and De Loecker
(2014) reports a median productivity persistence in the US census data to be 0.85. Syverson (2004)
reports an interquartile range of 28 log points.

551 exclude category other from this comparison. The average is weighted by the number of
observations in each industry.

56Notice that the share of abatement expenditure is likely to be very low for the average firm.
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nitude of these estimates are. In Section 2.5.2, I calculate marginal abatement costs
which is easier to interpret. Nevertheless, it is clear that estimates of S, are sub-
stantially above the revenue share of emissions (see Table 2.1). The average [, is
0.068 whereas revenue share is around 0.01. Robustness exercises (see Section 2.5.3)
confirm that this difference is unlikely to be caused by measurement error due to ver-
tical integration. In a static, frictionless world, input revenue shares and elasticities
are equal. However, firms operate in a dynamic, uncertain environment when both
adjustment and transaction costs are important. Therefore, the cost share estimator

likely underestimates the input elasticity of emissions®’.

Therefore, a percentage point and a percentage change in 1 — a;; are numerically similar. However,
these are very different for a;; itself. For instance, when a;; grows from 1 to 2% of output corresponds
to doubling abatement expenditures. 1 — a;; would decrease from 0.99 to 0.98, that is, roughly by
1%.

5TMy marginal abatement cost estimates are above market prices for similar reasons. See the
detailed discussion in Section 2.5.4.
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Table 2.2: Production Function Estimates

(1) (2) (3) (4) () (6) (7) ®) (9) (10)

Cem Cer Chem Glass  Non-ferr Oth Paper  Power Ref Steel

Other input elasticities

B, 0448 0463 0104 0324 0044 0348 0294 0163 0073  0.294
(0.044) (0.031) (0.078) (0.043)  (0.078)  (0.027) (0.043) (0.027) (0.121) (0.040)

Brm 0.348 0360 0431 0494  0.708 0436 0532 0404 0487  0.624
(0.042) (0.023) (0.056) (0.029)  (0.059) (0.021) (0.046) (0.035) (0.046) (0.034)

Br 0073  0.122 0339 0103  0.111  0.184 0128 0204  0.193  0.040
(0.028) (0.015) (0.070) (0.026) (0.054) (0.017) (0.018) (0.026) (0.095) (0.015)

Emaission elasticity

Be 0127 0120 0.015 0058  0.068  0.022 0022 0051 0125  0.028
(0.021) (0.016) (0.020) (0.015)  (0.032)  (0.006) (0.009) (0.014) (0.062) (0.013)

Returns to scale

Br + B+ Bm + Be 0.995 1.064 0.888 0.979 0.931 0.990 0.976 0.912 0.878 0.986
(0.012) (0.012) (0.035) (0.021) (0.063)  (0.008) (0.012) (0.012) (0.055) (0.010)
Productivity
Persistence 0.867 0.763 0.791 0.808 0.882 0.876 0.802 0.760 0.924 0.709
Median 2.086 0.958 3.220 1.927 2.567 1.582 1.723 2.814 4.325 1.542
Inter-quartile range 0.400 0.388 0.468 0.300 0.359 0.467 0.233 0.653 0.768 0.238
Observations 1713 4534 901 1953 274 17674 3988 2684 506 1785

Notes. An observation is a firm-year, all observations (unbalanced panel) included, 2005-2016. Block bootstrapped (firm level)
standard errors reported in parenthesis, 100 iterations. Control function is linear in log inputs, emission price controls not included.
Instruments: {kit; kv’,t—la kit_g, lit—h l,;t_l,m“_l, Mit—2,€it—1, 61;15_2}. Estimated productivity L:Jit calculated as g{)() — f(), does
not contain measurement error €;. Persistence is calculated as the regression coefficient on w;; = pwiz—1 + V.



2.5.2 Marginal Cost of Abatement Estimates

In this section, I present marginal abatement cost (MAC) estimates for carbon dioxide
emissions at the individual firm level. As I show in Appendix A.3.5, under the
assumptions of my model marginal cost of abatement is equivalent to the marginal

revenue product of emissions (MRPE) in the transformed production function. My

measure of MRPE (denoted by A) is purged of measurement error®®:

OY (K,L, M, F)
OF

Of(K,L, M, FE)
oE

Ay =E [ ] = e*itE[e] )
A;; measures the expected revenue impact of an additional ton of C'O5 emissions in the
beginning of time t at the observed levels of inputs and productivity. Alternatively, it

represents additional abatement expenditures (in €) when the decreases CO, emis-

% As such, A;; does not include adjustment costs associated with

sions by one ton
changing abatement expenditure or emission levels. A;; best represents the marginal
cost of abatement at the observed level of output and emissions without adjustment
costs. With the Cobb-Douglas functional form and after taking logs this simplifies

to:

Et Ele“t]e™ and Ay = In(Ele“]) — € + yir — €ir + In(fBe).
t

Ny = /86 YZ:
i
Marginal abatement costs are high when the output elasticity of emissions (/) is
high, that is, when emissions are not very responsive to abatement expenditures.
Low emission intensity of production (high y;; —e;;) translates the estimated elasticity
impacts into high nominal values of MACs.
Table 2.3 reports the distribution of marginal abatement cost estimates for the
industries in my data. The median estimated MAC across all industries is 90 €/t.

There is vast heterogeneity both within and across industry. First, across industries

the median MAC ranges from 22 €/t in cement to 717€/t in non-ferrous metals.

58] experiment with a measure that includes measurement error as well. The key results do not
change, the distribution remains very similar.

59Since it is the derivative of abatement expenditures in emissions and hence should be interpreted
as a marginal impact. I decided for the simpler interpretation in the main text.
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Table 2.3: Marginal Abatement Cost Distribution Across Industries

Cem  Cer Chem Glass Non-ferr Paper Power Refineries Steel All
Cross-industry
Be 0.13 0.12 0.01 0.06 0.07 0.02 0.05 0.13 0.03 0.07
Y /E median 149 714 3113 1588 7895 2646 407 2104 3793 1693
Ay distribution
10th percentile 11 29 6 41 46 22 9 22 17 22
25th percentile 15 45 16 58 73 36 16 48 54 37
Median 22 98 48 96 717 66 35 363 116 90
75th percentile 36 235 149 170 2319 157 238 1053 199 239
90th percentile 113 523 429 397 6667 499 3593 2554 378 1045
Observations 1713 4534 901 1953 274 3988 2684 506 1785 18338

Notes. An observation is a firm-year, unbalanced panel, 2005-2016. A;; is measured in €/ton CO2 equivalent. A;;
represents the expected marginal abatement cost for firm i in time t at the observed level of output and emissions.
Control function is linear in log inputs, emission price controls not included. Firms in category other not reported
and excluded from ” All”.

Both, the inverse of emission intensity and abatement elasticities contribute to these
estimated differences. For instance, the five times bigger median MAC for ceramics
than cement is almost entirely due to emission intensity differences. In contrast, the
difference between glass and steel can be best explained by differences in abatement
elasticities. My estimates suggest that the lowest costs of decreasing emissions are
in cement, power and chemicals. Second, I find that the within industry dispersion
is substantial in all industries. The MAC of the 75th percentile plant is 3-10 times
bigger than that of the 25th percentile in most industries. Again, this is mostly due
to heterogeneity in emission intensity at the firm level.

Median marginal abatement costs are higher than most previous estimates but
the relative ranking of industries is similar. The general consensus in the EU ETS
considers switching from coal to gas in power generation one of the cheapest abate-
ment options. Several other options in the power sector, such as switching to wind
generation, have low estimated abatement costs (Gillingham and Stock (2018)). Con-
sequently, Nauclér and Enkvist (2009) predicts marginal abatement costs in the power
sector around 20€/t in 2030. Evidence for other industries is more scarce. Average
predictions from Nauclér and Enkvist (2009) for 2030 are around 0€/t for cement,
5€/t for chemicals and 18€/t for steel. In contrast, Borenstein et al. (2019) assumes
that there is no price-responsive abatement in manufacturing industries indicating
a belief in high MACs. More importantly, my MAC estimates are also significantly
above market prices that predominantly stayed in the 0-20€/t range in 2005-2016.

Both the level and dispersion of my MAC estimates are likely to suffer from measure-
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ment error in emissions. Therefore, I perform several robustness checks in Section
2.5.3. Section 2.5.4 explores potential explanations for why my MAC estimates are

consistently above market prices.

2.5.8 Robustness

I examine various alternative specifications to validate the robustness of my elasticity
estimates. Here I overview the main findings, while detailed results are reported in
Appendix A.5. First, I address the possible bias due to non-classical measurement
error in emissions associated with vertical integration. I try several ways of narrow-
ing my sample to firms that are less likely to be vertically integrated and to own
plants outside the regulation of the EU ETS. My elasticity estimates do not signif-
icantly change when I narrow my sample to firms with the modal NACE4 code in
an industry, to firms that are active only in a specific four-digit NACE industry but
nothing else, to single plant firms or to small firms. I also run my estimates on a
narrower industry specification based on EU ETS activity types and find that the
average estimates at the main industry level are very similar. In addition, these also
results suggest that any potential industry classification misspecification is unlikely
to significantly influence my findings. Finally, I find similar results using fixed ef-
fects estimators that can partially control for persistent measurement error at the
firm level®. Second, I experiment with different control functions. Appendix A.3.1
presents the theoretical foundations for including emission prices in the control func-
tion. Since I do not observe individual emission prices, I use various proxies based on

the market price, firm level allowance allocation and banking decisions. The elasticity

estimates are similar across all specifications. The correlation of the Be with the main
specification is in between 0.7 and 0.95. Adding emission price controls does increase
the standard error estimates. Using second-order polynomials does not change the
emission elasticity estimates substantially. Returns to scale is slightly lower and the
second-order polynomial specification attributes a bigger part of productivity endoge-

nous. [ also experiment with different instruments. Using only instruments from last

60As well known in the literature, fixed effects methods can exacerbate the measurement error
in the capital coefficient and result in a downward bias for Sx. Likewise, I find that the capital
coefficient estimate is lower in these specifications.
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year’s information set (I;_1) does not change the estimates meaningfully but increases

standard errors.

I also consider the robustness of my marginal abatement cost estimates. These
are influenced by the elasticity estimates and individual firm level emission intensities
in the data. In addition to potentially biased elasticity estimates, emission intensities
might be undermeasured for firms that are vertically integrated. Therefore, this
issue is likely to be more pronounced for MAC than for elasticities. In particular,
measurement error is expected to increase MACs estimates. I analyze the MAC
distribution for the different industry specifications where the measurement issue is
likely to be the most severe. The results suggest that the impact of measurement error
on MAC estimates are likely to be small. Even in the specifications with the lowest
MAC estimates, median A; across all firms is around 70€/t, around 20% lower,
than in the baseline estimate. MACs in other specifications are similar or higher
than in the baseline. Finally, the ranking of industries is strikingly similar across all
specifications. Altogether, these results suggests that my key findings are unlikely
to be driven by measurement error, industry misspecification, control function and

instrument choice.

2.5.4 Why Are Marginal Abatement Costs Significantly Above Allowance Prices?

Economic theory suggests that without frictions a market for emission allowances
equates marginal abatement costs with the allowance price. As a consequence, marginal
abatement costs are equal across firms. The EU ETS market price moved in the range
of 5 to 15 €/t in most of my sample period (see Figure 2.1). Most of my individual
marginal abatement costs estimates are significantly above this price range. My esti-
mated median across all industries is an order of magnitude higher. This suggests that
firms should find it optimal to increase emissions which drives down their marginal
abatement costs and increase market prices. I argue that the combination of asym-
metric adjustment costs, long-run expectations and the dynamic nature of abatement
decisions are the most likely explanation for the discrepancy between economic theory

in a frictionless world and my empirical estimates. Start with adjustment costs®'. A

61 Adjustment costs are consistent with my model and empirical strategy but are not included in
my marginal abatement costs estimates.
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majority of abatement options are at least partially irreversible. Energy efficiency
improvements and switching from coal to gas are challenging to reverse. Modern,
emission efficient plants are difficult to switch to older capital. The irreversibility
creates asymmetric adjustment costs. Adjusting to higher levels of abatement expen-
ditures or abatement capital might be costly but it is even more costly to go back
to lower levels. Supporting the existence of significant adjustment costs, I find that
the dispersion in the marginal product of emissions is comparable to capital and is
above material and labor (Appendix A.6). Moving to expectations. The program
were created to slowly restrict the supply of allowances after a relatively generous
starting pool. Firms knew they had to decrease emissions on the long run. As a
response to low prices, the European Commission considered drastically decreasing
the amount of allowances or introducing price floors for a long time. Firms rightly
expected supply to tighten and prices to rise on the long run. Prices were consistently
above 30€/t in 2020 supporting a possible regime change in price dynamics.

In this environment, it can be optimal for firms with high marginal abatement
costs not to increase emissions. The sum of adjustment costs and emission prices
might be higher than the marginal abatement costs. Then, the costs of increasing
emissions overweigh the benefits even in the static sense. Additionally, the firm has an
incentive not to raise emissions today if it expects to emit less on the long run. This is
realistic in an environment with high future price expectations. In this case, the firm
has to pay adjustment costs again when it eventually settles on low emissions. How
do firms reach a state with high marginal abatement costs? Alternatively, how do
firms become overly emission efficient? Firms might start with relatively modern and
emission efficient plants in the beginning of the program. The technology might be
inherently emission efficient even without explicit abatement. Finally, in an uncertain
dynamic environment with adjustment costs in inputs, dispersion in marginal prod-
ucts can arise naturally as adjustment is not perfect to changing conditions®2. Since
marginal abatement costs are equivalent to the marginal product of emissions in my
model, this provides a natural explanation for the dispersion in my MAC estimates.

I consider two alternative explanations. First, firms might find that the transac-

52For instance, see Asker, Collard-Wexler and De Loecker (2014) for dispersion in the marginal
product of capital.
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tion costs of purchasing additional allowances are too high. In 2015, 48% of firms
with above market MACs had more allowances that they ended up using. Generally,
firms with high MACs tend to be significantly long on allowances. Transaction costs
are not a relevant constraint for these firms. Around 75% of underallocated have
MACs at least 15€/t higher than the market price. With transaction costs 15€/t,
around 90% of all plants would find it optimal to additional allowances and increase
emissions assuming the market price did not change. Second, firms might not make
abatement and trading choices optimally. Around 50% of firms do no trade in my
data. This suggests, that many firms might take the allowance allocation as a hard
cap on emissions. As a consequence, firms decrease emissions below the cap even if it
would be cheaper to buy allowances in the market. However, 75% and 50% of firms
who are overallocated end up emitting at least 15% and 34% less than allowances
received. It is difficult to see why firms would go under their limits by this margin.
Alternatively, survey evidence shows that most firms think of abatement as a byprod-
uct of energy efficiency improvements. My results are consistent with this hypothesis
only if firms do not internalize the impact of emissions costs on energy efficiency
projects. In this case, my estimates suggest that firms overinvest in energy efficiency
improvements. Altogether, transaction costs and lack of optimization are unlikely to

contribute significantly to the gap between MACs and market prices.

2.6 Implications for the EU ETS Market and Environmental Policy

Market prices were generally considered to be too low in the 2005-2016 time period.
For most of this time frame, prices were below the social cost of carbon (SCC). An
efficient regulation should equate allowance prices with the social cost of carbon. The
Obama Administration’s SCC estimate was around $30/t and served as a guidance for
global social cost of carbon estimates in the early years of the EU ETS. The current
scientific consensus is that the SCC is likely above $100/t in 2020 (Carleton and
Greenstone (2021)). The European Commission long recognized the need to decrease
emission caps or to introduce price floors to help raise prices. My results shed some
light on what to expect if market prices get closer to the social cost of carbon. My

marginal abatement cost estimates predict where to expect abatement at different
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levels of market prices. At a carbon price of 30€/t, many cement, chemicals and power

firms would find it optimal to decrease emissions®. In contrast, most glass and non-
ferrous metal producers would rather buy allowances at market prices. When market
price reaches the 100€/t range, the majority of firms in most industries are expected
to decrease emissions. However, there is significant overlap in the distribution across
industries to expect abatement in all industries at reasonable price levels.

My marginal abatement cost estimates are not informative of by how much, how
soon and through what mechanism would firms decrease emissions as a response to
different market prices. Generally, the key limitation of my approach is the difficulty
of predicting non-marginal changes. Any non-marginal response is associated with
adjusting the capital, labor and material inputs as well as emissions. Of these, capital
is particularly problematic as it is a dynamic input with likely significant adjustment
costs. Therefore, I would need to specify, solve and simulate a full dynamic model
of investment. Nevertheless, my results shed some light on the key characteristics of
the equilibrium at different levels of emission caps. Since marginal abatement cost
estimates are relatively continuous, it is unlikely that higher emission caps would lead
to dramatic carbon price increases.

Finally, my estimates can provide guidance on which industries to target with
environmental policies. It is beneficial for society to incentivize firms with marginal
abatement costs below the SCC to decreases emissions. It is unlikely that the United
States will introduce a carbon price or carbon market in the foreseeable future due
to political constraints. However, subsidizing emission intensity improvements might
be feasible. Targeting industries with the lowest marginal abatement cost estimates
(cement, chemicals, power) would increase social welfare the most. Since technology
is likely similar for the same industry in different locations, these results are relevant

for a wide range of countries.

63Al1l of my statements in this section assume downward adjustment costs away. Small and
homogenous adjustment costs do not change these statement substantially.

42



2.7 Conclusions

This paper uses production function estimation methods to understand the trade-off
of productivity and carbon dioxide emissions. I propose a production and abatement
model to help identify the abatement elasticity of emissions without explicitly ob-
serving abatement expenditures. I estimate the model using data from the EU ETS
for 2005-2016. Then, I use my estimates and the model’s implications to calculate
marginal abatement costs for participating firms. MACs are generally above pre-
vailing emission allowance prices but below reasonable estimates of the social cost of
carbon. I find vast heterogeneity within and across industries. The distribution of
MAC s is continuous and spans a wide range. As a consequence, it is unlikely that the
price increase to tightening emission caps would be radical. My methodology can be
applied to other setups where data on financial statements and emissions are avail-
able. This is important, because many environmental policy decisions depend on the
quantitative trade-off between growth and harm to the environment. For instance,
my estimates can help target industries with subsidies to decrease emissions when
introducing a carbon tax is not politically feasible.

One caveat of my analysis is that I only observe firm level data on production
variables whereas emissions are at the plant level. This potentially introduces non-
classical measurement error especially for firms that are vertically integrated. I per-
form several robustness exercises to understand how this might influence my results. I
find that my key results are unlikely to be driven by this data limitation. Nevertheless,
future research using plant level data is needed to exclude this possibility. Manufac-
turing census data is available for several countries in the EU. An additional benefit
of using these data sources is the ability to differentiate mechanisms that operate at
the plant and firm levels. In general, this data does not allow a detailed empirical
analysis of abatement mechanisms. An additional caveat is that my marginal abate-
ment costs results are only indicative of likely market outcomes to different policies.
In particular, they are not informative of the extent and timing of emission adjust-
ments. Answering these questions would require a fully specified dynamic model of

investment and abatement.
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3

Technology Transition and Environmental
Regulation in Power Generation

3.1 Introduction

Slowing down climate change and global warming is likely the most important chal-
lenge of humanity in the 21st century. Now it is well established, that greenhouse
gas (GHG) emissions are the key reason behind climate change and global warming,.
Power generation is responsible for around one-third of total greenhouse gas emis-
sions in developed countries!. As such, any plans to slow down climate change must
put a large weight on transitioning away from fossil fuels in power generation. Not
surprisingly, leading developed countries made commitments to almost completely
eliminate carbon-dioxide emissions from power generation by the middle of the 21st
century. For instance, Germany’s 2010 plans included decreasing GHG emissions
in power generation by 80-90% by 2050. Since then, many countries made similar
commitments. However, it is not clear how this transition will take place and what
economic policy can and needs to do to support it.

Since GHG emissions are a negative externality, absent of regulation, neither the

!For instance, the Energy Information Administration (EIA) reports 33% for the United States
in 2018
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equilibrium nor the transition is efficient. Transition is likely to be highly welfare
relevant in power generation. High entry costs and long-lasting capital result in slow
transition. For instance, coal power plants require an initial investment $1-5 billion
and have a lifetime of at least 40 years. Early retirements are costly exacerbating the
dynamic inefficiency of the negative externality. Lack of other frictions, a carbon tax
would restore the efficient equilibrium both in a static and dynamic sense. However,
introducing carbon taxes is politically not feasible in the United States?. Therefore,
second-best policies are likely to be important in the energy transition of the United
States. It is both theoretically and empirically uncertain how close these second-best
policies can get to the efficient outcome.

In this paper, I study the speed of transition and how it interacts with policy
instruments. I focus on PJM, the biggest electricity system in the United States.
Recent market trends and geographical characteristics suggest that the key transi-
tion in PJM is away from coal and towards natural gas. I develop a non-stationary
fully dynamic competitive model of power generation. The problem is essentially
non-stationary as it is focused on the path from the current state towards a new
equilibrium. I introduce multiple technologies with different cost structures in the
model, a key feature of electricity markets. In every period, gas power plants can
enter while coal power plants can exit the market. To simplify computation I assume
that other technologies are exogenously on the market but can not enter or exit. I
model yearly profits as an outcome of competition on hourly spot markets. Demand
variation is a key feature of how firms make profits in this market. High marginal cost
power plants only produce in high demand hours but usually tend to have lower fixed
costs to recover. I calibrate most of the parameters, such as marginal costs, entry and

other fixed costs, demand, of the model using publicly available data. I pick the few

2The Obama administration tried introducing a cap and trade system that implicitly puts a
price on carbon emissions and under certain conditions is equivalent to a carbon tax. However, they
could not get any legislation passed due to serious opposition both in the US Senate and in the
US population. Most Democratic presidential candidates in 2020 did not talk about a carbon tax
explicitly even though they support environmental regulation.
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parameters with no clear guidance from the literature to match historical patterns in
the data and produce reasonable results. I consider three instruments that are easy
to implement in the model, carbon taxes, gas entry subsidies and coal exit subsidies.
I pick the levels of subsidies so as to produce a similar long term outcomes as the
carbon tax.

My findings highlight the importance of analyzing the full transition path when
comparing environmental policy instruments. Policies that lead to similar long-term
outcomes induce vastly different transition dynamics. A carbon tax set to $30/CO;
ton is associated with an almost immediate entry of the long-run gas capacity. The
impact of carbon tax is radical because it makes coal immediately redundant for
competition. In contrast, gas entry and coal exit subsidies do not change spot market
competition fundamentally and result in a slower and smooth transition. The existing
coal fleet slows down gas entry. These differences are also welfare relevant. Both gas
entry and coal exit subsidies improve on the baseline scenario by inducing capacities
that are close to the carbon tax optimum. Neither of these eliminate the static
inefficiency due to the emission externality. However, the welfare improvements are
relatively minor. Introducing high gas subsidies that overincentivize entry on the long
run improve welfare compared to lower levels. The dynamic analysis points to higher
optimal gas subsidies compared to two-period model.

This paper contributes to three separate literatures. First, I contribute to the
large literature in economics, operation research and engineering about modeling
investments in power generation. Most of the economics literature uses two-period
models®. Recently there is interest in applying fully dynamic models. Bushnell and
Ishii (2007) describe a fully dynamic model with market power but acknowledge that
it is only possible to be solved for a few number of firms and time periods. Cullen and

Reynolds (2017) solves the planner’s problem in a fully dynamic model where plants

3This is understandable given the complications of spot markets of electricity. Most papers take
this seriously (second stage) and focus on a long term equilibrium.
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choose in each period whether to be available for production. Long term planning
models are widely used in operations research, engineering and policy analysis. For
instance, both the Energy Information Administration (EIA) and the Environmental
Protection Agency (EPA) uses a long term planning models to simulate the impact of
environmental policy?. These models minimize the total cost of producing electricity
under constraints defined by technological (e.g. capacities, transmission constraints)
and economic conditions (marginal costs, startup costs. The methods essentially
solve the social planners problem and can be applicable as long as the decentralized
and the social planner solution coincide. In contrast, I present an approach to find
the decentralized equilibrium in a model that is able to incorporate several of the
complicating features of electricity markets. As such, my method can be used in
situations when the decentralized and social planner solutions differ.

Second, my model extends non-stationary dynamic competitive models (in the
Hopenhayn (1992) style) by adding multiple technologies and an hourly spot market.
Similarly to Costantini and Melitz (2008), the non-stationary transition is key to
my model and I extend their computational algorithm to solve the model. Adding
multiple technologies expands the dimensions of the search space but is otherwise
relatively straightforward. My spot market model replicates market outcomes closely
while also significantly decreasing computational time. The key observation is that it
is enough to focus on 50 representative hours that cover demand variation well. Then,
once outages are accounted for, a fully competitive capacity constrained Bertrand
model performs relatively well.

Finally, I contribute to the literature on investments in power generation and
environmental regulation. In particular, my paper fits in the literature of estimating
the welfare costs of second-best policies. Most of the literature uses two-period models
(Fischer and Newell (2008)) which limit the range of comparable policy options or
long-term planning models (Murray et al. (2014), Fell and Linn (2013)). Linn and

4EIA et al. (2016) contains a detailed analysis of the expected impact of the Clean Power Plan
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McCormack (2019) finds that recent coal production decline and exit decisions were
driven mostly by gas price decrease and not environmental regulation. Bushnell et al.
(2017) focuses on the incentives to choose mass-based or rate-based standards under
the Clean Power Plan. Abito et al. (2019) uses empirical methods by Bajari, Benkard
and Levin (2007) to study gas power plant entry and the Clean Power Plan in PJM.
Aldy, Gerarden and Sweeney (2018) and De Groote and Verboven (2019) empirically
study investment subsidies for wind and solar respectively. Most of these papers focus
on final equilibrium outcomes. My contribution is to focus on the entire transition
path and directly compare how different tools influence the speed of transition. My
quantitative comparisons are novel as they include differences through the entire

transition path.
3.2 Industry Background

[ study wholesale electricity markets in the United States. Power generation (whole-
sale) is the production of electricity. Electricity is physically delivered to end users
through transmission and distribution lines. Households are connected to distribution
lines and purchase their electricity from retail companies. Historically, the industry
was organized as a set of utilities; fully vertically integrated regulated monopolies for
distinct geographic regions. Operating electricity infrastructure (transmission and
distribution lines) is a natural monopoly. In contrast, wholesale and retail mar-
kets are not necessarily natural monopolies. A long deregulatory process started in
the 1990s with liberalizing wholesale electricity markets®. Power generation markets
opened up for competition. Supply and demand of electricity needs to be balanced
in every time period (there is very limited storage). Lack of a single producer, a cen-
tralized entity is necessary to ensure this balance. In liberalized electricity markets

this role is fulfilled by independent system operators (ISOs). In addition to operating

5The process stopped mainly due to the California electricity crises in the early 2000s
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Figure 3.1: Liberalized Wholesale Electricity Markets in the US

wholesale markets for electricity, ISOs also operate transmission infrastructure®. The
distribution network remained with traditional utilities. In most states the retail mar-
ket remained regulated. Figure 3.1 shows the current state of liberalized wholesale
markets. Several states and smaller regions remained under the traditional regulatory
framework. Currently, there are six fully competitive wholesale electricity markets in

the United States”. My analysis uses data from PJM, the biggest ISO in the US.
3.2.1 Supply and Demand for Electricity in PJM

Demand for electricity varies significantly both across and within days. Figure 3.2
presents the daily load profile of PJM and the within day variaton for a representative
day. Demand is also very inelastic. Households are usually not very responsive to
changes in pries. Households usually pay a fixed price for electricity that does not vary
by the hour. Even when it does, it is questionable whether households respond to it.
The literature estimates price elasticities for real-time pricing programs in the range of

—0.04 to —0.15 (Allcott (2012a)). However, Ito (2014) finds that household respond

6ISOs are natural monopolies and regulated on a cost plus basis

"SPP is a power pool that resembles competitive markets.
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Figure 3.2: Demand and Supply in Power Generation, PJM (2017)

to the average price of electricity. Even this response is very inelastic®. Demand
variation combined with inelasticity puts significant burden on the system operator.
Although it is mostly predictable, last minute changes do occur. Because demand
is inelastic, supply has to be flexible enough to be able to satisfy this variation. A
prime example is the morning rampup that happens from around 5 to 10am. Power
plants need to increase output or need be started to satisfy this increase in demand.
The system needs technologies that are able to start flexibly and quickly.

Electricity supply is characterized by a set of technologies. In this paper I classify
technologies to seven distinct groups based on primary fuel input and plant type.
The categories are coal, gas, hydro, nuclear, oil, solar and wind®. First, technologies
can be categorized as dispatchable and non-dispatchable!. Dispatchable technologies

are able to adjust their production. In contrast, wind or solar power plants are non-

8 Another way to see this is to estimate the value of lost load (essentially reservation price).
Frayer, Keane and Ng (2013) estimates VOLL around 6000$/M W h.

9There are additional technologies that I do not include in the discussion: biomass, biogas,
geothermal and others. Some plants can use multiple fuels. The two common power plant types when
this happens are turbines that can operate with oil and gas or biomass and coal. This specification
is just for modeling and descriptive purposes. In the data I have the heat content of the actual fuel
used and also the thermal efficiency of the plant. This allows me to precisely estimate the marginal
cost of each generator.

0Dispatch refers to the system operators instructions to produce.
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dispatchable as their production solely depends on weather'’. Second, technologies
can be categorized based on flexibility. Nuclear, coal and combined-cycle gas turbines
(CCGT) are slow to adjust production'?. They are usually considered baseload plant
as they historically produced almost always at a lost cost serving baseload. In con-
trast, conventional combustion turbines (fueled by gas, oil or both) are able to react
quickly but are relatively expensive. Traditionally, these plants served the peak load.
Hydroelectric power plants vary greatly in flexibility!3.

Figure 3.2b presents the merit order for PJM in 2017. Power plants are ordered
by their marginal costs resulting in a supply curve for the industry. Solar, wind and
nuclear plants have very low marginal costs and as such, these technologies are on
the left of the supply curve. In PJM, coal and gas produce in a similar range of
marginal costs. Inside each category, specific power plants differ significantly based
on the efficiency and the heat rate of the fuel used. Finally, oil power plants produce
at the highest marginal cost levels. Technologies also differ in fixed costs such as
construction and yearly operational costs. Generally, there is a negative trade-off
between marginal and fixed costs. Additionally, high marginal costs plants need to
be flexible to be able to produce.

The system operator has to ensure that supply and demand balances in every
instant. Any imbalance can result in drops or raises in system frequency that can re-
sult in damaged equipment and in severe cases blackouts. In liberalized US wholesale
markets this is achieved by a sequence of two-sided uniform price multiunit auctions.
Power plant operators submit quantity-price pairs that describe the quantity they

are willing to supply at a given price. Similarly, demand submits demand schedules.

1Or at least they can not increase their production.

12More precisely, they are capable of very small adjustment occasionally (required for frequency
regulation) but can not ramp up their production quickly.

13Conventional hydro plants have reservoirs that allows to control water flows to produce when
the price of electricity is the highest. Of course, this is limited by earlier water inflows and the
capacity of the reservoir. Pumped-storage hydro plants are essentially storage tools. Run of river
plants have no reservoirs and hence no control over production.
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The system operator aggregates these offers to build industry supply and demand
curves. Essentially, the intersection of the two curves determines prices, quantities,
production and consumption. In reality, markets clear with a complicated algorithm
that also considers constraints. These constraints come from generator characteristics
(capacity constraints, ramping rates, etc) and system constraints (transmission). In
addition, participants are allowed to trade bilaterally and centralized futures markets
also exist. Both are financial markets only, physical delivery is completely determined
by the auctions. Most ISOs also use tools to mitigate market power. Every US ISO
has price caps that limit the maximum offer price. Moreover, most ISOs apply ”offer”
capping to mitigate local market power (due to transmission congestion). The ISO
can change the offer of a power plant to marginal cost plus a small (e.g. 10%) margin.
Although these caps do not necessarily bind they likely deter firms from submitting
bids that are far away from true marginal costs. Offer capping makes these markets
more competitive by mitigating market power due to congestion.

Finally, the system operator also has a responsibility for the security and stability
of the electricity system on the long run. ISOs usually plan to be able to match max-
imum demand plus a reserve margin. Reserve margins meant to provide an insurance
against unexpected power plant shut downs, congestion or changes in demand. The
socially optimal level of reserve margins balances the cost of additional capacity to
the benefits of less frequent shortages. PJM supplements the energy market with
ancillary services markets for short-run security of supply and capacity markets for

the long-run. See Appendix B.1 for details.
3.2.2  Relevant Market Trends

There are two large changes in the industry during the time of the data. First, subsi-
dized renewable energy started to enter US power markets. Subsidies were considered
necessary to induce innovation and drive down the cost of these technologies. Wind

and solar are both high fixed costs zero marginal cost technologies that result in lower
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prices on average. Second, the shale gas revolution in the United States led to a drop
in current and long-run expected natural gas prices. In the meantime, coal prices were
essentially unchanged. The business case of gas-fired plants improved. As their major
substitute, this hurt coal the worst. The key change in PJM was a slow entry of gas
and exit of coal power plants that started around 2011 and coincided in timing with
decreasing gas prices. Renewable generation was less influential due to geographical
characteristics and the lack of extensive subsidies. Since gas power plants do set the

market clearing price relatively frequently, average prices also decreased across the

US and in PJM as well.

3.3 Model

I introduce a non-stationary dynamic competitive entry-exit model that is motivated
by the characteristics of the power generation market in PJM. The model is designed
to answer questions of the power generation market for which transition is of primary
importance. There are two key differences to standard entry-exit models'*. First,
multiple technologies exist. I allow for entry of the newly competitive (gas) and exit

of the less competitive (coal) technology because these are the institutional realities of

4The entry and exit dynamics in my model are similar to Hopenhayn (1992) but there is no firm
level persistent heterogeneity!®. Instead, firms only draw an i.i.d. scrap value.

93



PJM today. I assume away entry of any other technology and exit of other technologies
currently in the market. Second, power generators compete in hourly organized spot
markets. This is essential as hourly demand varies substantially. High marginal cost
technologies set prices at high levels of demand. This generates rents for technologies
with lower marginal costs that help finance their higher entry and fixed costs. High
marginal cost technologies earn rents from scarcity of supply. To solve the non-
stationary equilibrium I use a computation method similar to Costantini and Melitz
(2008). I extend this method for the case of two distinct technologies.

Both coal and gas power plants emit carbon dioxide and this negative externality
is the only friction in the model. Environmental regulation influences the speed
of technology transition because technologies differ in their environmental impact.
I consider a carbon price and various alternative policy options that are easy to
implement in the model. The transition to less polluting technology is slowed down by
the existing fleet of capacity. Introducing a carbon price can both result in a different
equilibrium and speed up the transition process. For instance, making current coal
capacity exit to make way for gas expansion can increase welfare if this results in a

faster drop of costs.
3.3.1 Model Setup

Firms make entry and exit decisions in every time period. Firms operate power
plants with different technologies some of which might enter and exit. I call coal (¢)
and gas (g) endogenous as these are the only technologies that can exit and enter.
The two technologies have similar marginal costs (c. ~ ¢,) but coal has higher entry
(CE. > CE,) and operating costs (F, > F,)'®. Coal plants can also expect higher

scrap values!” Both technologies are dispatchable and can change production levels

16T do not have to assume only gas enters but since this is clearly the solution to my calibrated
model I assume away potential coal entry

17T do not consider heterogeneity in costs. Every endogenous coal plant has the same parameters.
Similarly, every entering gas plant is the same. This assumes away differences in efficiency.
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immediately. Capacities are denoted by K. and K,. Firms are infinitesimal. Com-
petition is essentially between MW's of technology. Capacities of other technologies
are given exogenously. There is an exogenous state variable z; with a known path
that is observed in the beginning of the time period 0. z; contains fuel prices, de-
mand and the capacities of exogenous technologies. The endogenous state variables
are capacities of each technology K; = (K¢, K/). The timing in each period is the

following:

1. Entry decisions are made at the beginning of the period. Firms pay entry costs.

Entrants become incumbents.

2. Incumbents observe scrap values F* and decide whether to exit. If exit, receive

scrap values immediately.

3. Incumbent firms compete on the hourly spot markets (knowing the sequence of

exogenous hourly states).

4. The industry states update and next period starts.

3.3.2  Spot Market

Let 6 denote demand distributed with cdf F(-) with support normalized to [0, 6)].
Demand is perfectly inelastic. In the model, firms behave as price takers on the
spot market given the capacities on the market. Knowing endogenous capacities (K.,
K ), exogenous capacities and marginal costs (c., ¢,) is sufficient to calculate market
outcomes, prices and profits. Market clearing is simplified. First, I calculate the
merit order (industry supply curve) given marginal costs and capacities. Second, the
intersection of supply and demand determines prices for every hour. {P!} denotes
the set of hourly prices in time period t. If a firm’s marginal cost is below the

market clearing price it uses its entire capacity to produce. The firm that sets price
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produces the satisfy the remaining load. Yearly profits are calculated as the sum of
hourly profits. The spot market model assumes away congestion, market power, the
interdependency of hours due to starting costs and additional profits in the ancillary

services markets.

3.3.83  Dynamics and Equilibrium

In each period firms maximize value by deciding whether to continue or exit. Their

choices satisfy the following Bellman equation:

Vi( Ky, 2, FE* a) = Hel%X{H(Kt, zt,a) + BE[Vi1 (K1, 241, Feh, a)l, Fy*}, (3.1)

where a denotes the technology of the incumbent and IT1( K3, 2, a) denotes spot market
profits. The expectation is over F*  the scrap values. I let F,, distributed as an
exponential random variable with parameter A and cdf G(-). I use the exponential
distribution as it has a full support and therefore guarantees that there is always exit
and entry. I introduce the expected value function as the value of the firm before

observing its scrap value:
E%(Kt, 2ty Cl) = E(%(Kt, 2t Ftex, a) = / W(Kt, 2ty Ftex, a)dG

Exit strategies are characterized by an exit threshold. We can solve for the expected

value function analytically:
EVi(Ky, 2, a) = I(Ky, 2, a) + BEV 41 (K1, 241, a)

+ A1 = GUII(Ky, 21, a) + BEVi1 (Kiga, 2e41, a)]

This expression allows me to calculate the stationary equilibrium by value function
iteration on the expected value function. Similarly, setting £V at the long run new

stationary level allows to calculate the path of EV; by backward induction.
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Entrants can only enter with technology gas or coal by paying the entry cost.
Entry is realized immediately and entrants become incumbents from that period
on. Entrants are ex-ante identical. Entry decisions are made before observing scrap

values. Entrants enter if the value of entry is positive:
‘/;E(Kh Zts a) - E‘/t(Kh 2ty CL)) - CECL

A dynamic equilibrium is characterized by capacities { K, K{}, the price path

{P'} and exit thresholds. An equilibrium have to follow the following conditions:

1. Firms maximize value. Firms exit decisions satisfy equation (3.1) (antic-
ipating entry and decisions of all other incumbents). These choices lead to

capacities { K¢, K7} and price path { P/} that are consistent with firms choices.

2. Free entry. In equilibrium V,® (K}, z;, a) must be non-positive for both tech-

nologies in all time periods. Entry must be zero if V,¥(K}, 2, a) is negative.

The equilibrium is non-stationary and finite horizon. Firms take capacities as given
but their overall behavior determines capacities. I assume that after period T firms
receive the stationary payoffs. Due to the path of exogenous states I assume only
gas can enter. Solving the model is non-trivial, since the solution space is a vec-
tor of capacities. Hourly market clearing complicates calculating yearly profits and
increases computational time. I solve the model using a computational algorithm sim-
ilar to Costantini and Melitz (2008). I modify the algorithm to accomodate multiple

technologies. The algorithm is described in detail in Appendix B.2.
3.4 Empirical Approach

In this section, I describe my approach to applying the model to the practical ap-
plication. First, I discuss the data. Second, I describe my approach to estimating

marginal costs and implementing spot market clearing. Then, I explain how I cali-
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brate key parameters that drive dynamic decisions. Finally, I discuss how I model

environmental regulation.
3.4.1 Data

[ use publicly available data for US power markets from 1990 to 2018. EIA (Energy
Information Administration) collects data on power generator characteristics in Form
860 and Form 861. These include the owner, capacity, technology, location, operating
status, first and last year of operation. The data allows me to reconstruct the gen-
eration portfolio of PJM every year. EIA Form 923 (and previously 906/920) collect
detailed monthly generator operations data. This includes fuel receipts and generator
output that allows for the estimation of the heat rate (efficiency) and fuel input cost
of the generator which are key ingredients to estimating the marginal cost. Unfortu-
nately fuel contract data currently is only available for regulated plants'®. The data
allows me to produce reasonable marginal cost estimates for every power plant in ev-
ery year. Capital cost estimates are also widely available. EIA published capital cost
estimates in 2010 and 2017 for every power plant technology. PJM publishes capital
cost estimates in its annual market reports!?. The data is not as easily available for
before 2010. Additionally, PJM publishes net revenue estimates for new gas power
plants for every year which is useful to estimate spot market revenues. Finally, PJM

publishes hourly system load and prices.
3.4.2  Spot Market

I estimate marginal costs for each power plant in PJM using data from the EIA. I
use gross marginal costs that include fuel costs, variable fixed costs and SO, costs.

EIA provides yearly variable fixed costs estimates for every technology®. SO, costs

IBEIA made the entire data available upon request before 2017. The key implication for my work
is that I have to extrapolate fuel costs extensively based on similar plants with available data.

9Table 7-23 in 2017 Volume 2 contains gas power plant cost estimates, Table 6-15 in 2012.

20These include maintenance and costs associated with raw water treatment, waste treatment
and catalysts.
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come from SO, emission rates and yearly market prices as reported by the EIA.
When I implement carbon prices, I use carbon emission rates and add carbon costs
to gross marginal costs. I correct for outages at the plant level. I use outage rates
as reported by PJM: 5% for gas, 15% for coal. T assume nuclear, wind and hydro
output is based on exogenously given capacity factors. Scheduled maintenance is
exogenous for nuclear plants and weather conditions determine output for wind and
hydro. In the dynamic model I assume coal is homogenous to simplify exit decisions
and solving the model. Therefore, I have to make a choice on the characteristics of
the representative coal plant. I calibrate the heat rate of the representative coal plant
to match historical hourly prices in PJM in 2011-2017. I select 50 hours by a k-means
clustering algorithm to represent all hours of the year. I find that the using these 50
hours results in essentially the same results while reducing the computational burden
of the dynamic model.

Figure 3.4 reports the key result of the spot market exercise. Generally, the
figure provides confidence in my way of modeling the spot market. On average,
replicated prices are relatively similar to market prices in every year from 2011 to
2017. The homogenous coal scenario is picked so as to match average prices so its
good performance is not surprising.

Real and replicated price mean comparisons

[ Real
[ Replication |
"] Hom. coal

2011 2012 2013 2014 2015 2016 2017

Notes: homogenous coal is the scenario when I replace all coal plants with a repre-
sentative technology. The representative heat rate is chosen to match average prices.

Figure 3.4: Mean Predicted and Real Prices, PJM (2011-2017)
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Although my spot market model matches average prices, it struggles to generate
realistic variation in prices. Replicated prices are less dispersed than prices in the data
(Appendix B.4). The homogenous coal scenario does not generate price variation in
2017. However, in the long run, there is price variation even in this scenario. This is
not surprising. Real-world dispatch takes into consideration ramping, congestion and
market power which are absent in my model. As a result, my model yearly profits
for high marginal costs plants and overestimates for low marginal cost plants (see
Appendix B.4). However, in the relevant price range for coal and gas plants, my

estimated profits are not far from data.
3.4.3 Calibration and Estimation

I calibrate most of the parameters of the model using publicly available data from PJM
and the EIA. I also make parameter choices to fit the data best. Table 3.1 summarizes
the calibrated and estimated parameters. I assume demand is the observed historical
quantity in 2017 and that it stays the same after 2017. This is not unreasonable,
PJM’s forecasts demand not to grow mostly due to energy efficiency improvements
balancing the need for more energy. I calibrate entry and variable costs using data
from the EIA. T estimate marginal costs for all power plants based on existing heat
rates and fuel prices. I assume fuel prices are as of 2017 and do not change. I set
the discount rate 8 to 0.95 which is a common choice. I assume a time period is a
year and I set the number of years to 39. I set the price cap to $400/MWh and the
value of lost load to $1000/MWh?'. When implementing the carbon price, I use the
Obama administration’s social cost of carbon estimate of $30/tonCO,. This is on
the lower end of the current academic consensus. I implement the carbon tax as a
factor that increases the marginal cost of production. I do not assume a pass-through
of carbon taxes to prices, this is determined by hourly spot market competition. I

choose the heat rate for the entering new gas power plants based on the best available

21These choices are not crucial, my results are not sensitive to these. The price cap is almost
irrelevant as it never binds, while the VOLL estimate is if anything on the lower end.
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technology in EIA’s 2010 estimate. Gas power plants did not improve substantially

recently, and the consensus is that they are unlikely to improve further in the future.

Table 3.1: Parameters and Exogenous Variables Used

Notation Measure Value Source

F Load cdf K-means(50), 2017 PJM
Nucl, hyd MWh Capacity factors* MW EIA

I, Fy $/MW /year 50000; 10000 EIA
CE.,CE, m$ /MW /year 3.6, 0.978 EIA
Fossil cap., mc MW, $/MWh Author estimates EIA

0& M mc $/MWh 35,5 EIA
Outage % 5% gas, 15% coal PIM

Ié] 0.95

T Periods 39

Deap, VOLL $/MWh 400, 1000

sce $/t 30 EIA (Obama)
Scrap mean m$ 0.425, 0.001 Reasonable
Coal heat rate ~ mbtu/MWh 11.1 Fit

Gas heat rate mbtu/MWh 7: Best available EIA (2010)
Fuel prices After 2017=2017

Entry subs. m$ 0.09 Same long-run EQ
Exit subs. m$ 0.6 Reasonable

Notes: the first value is always for coal and the second is for gas. Scc: social cost
of carbon. Parameters are set relatively close to real values but also to illustrate
the mechanisms of the model. Fit: picked to fit data. Reasonable: picked for
reasonable comparisons for different scenarios.

I start my dynamic simulation in 2011. Since data is available until 2017, I can
use the time periods of 2011 to 2017 to compare my model to real world outcomes. I
pick the coal scrap value so that the baseline scenario leads to almost all exiting in
the 39 years of my modeling horizon. I set the scrap value for gas at 0.001 so that
I do not incentive any gas exits for capturing scrap values. As described in Section
3.4.2, I pick the homogenous coal heat rate to match average spot prices. I choose gas
entry subsidies to match stationary equilibrium outcomes for the calibrated carbon
price. Finally, I choose the coal exit subsidy and the high gas entry subsidy to
incentivize faster and relatively comparable transition. This allows me to compare
transition dynamics of different environmental policies that result in similar long term
outcomes. The subsidies are a transfer from the government to the firms. I assume
away any frictions of raising government revenue.
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3.4.4  Welfare

Welfare in this model is the total cost to society of satisfying consumer demand. I

calculate it using the following formula:

W; = —ConsumerC; + 11, — ECy + SCy — VOLL; — CarbonC; + Gouy,

where ConsumerC} is yearly consumer spending on electricity, II; denotes yearly
spot profits, EC; is entry costs, SCY is the sum of scrap values, VOLL; denotes the
value of loss load, C'arbonC} is the cost of carbon emissions for society and Gowv; is
government balance from the power generation market. I consider scrap values as
increasing welfare as the literal interpretation of these is what firms can recover from
their investment. My entry cost and scrap value calculation are simplified. T only
consider the total change in capacity??. When total generation is below total demand,
I use the value of loss load estimate to calculate the harm to consumers. I calculate
carbon costs using the social cost of carbon. Finally, government revenues include
carbon tax revenues, entry subsidies and exit subsidies?®. Appendix B.5 describes the

details of how I calculate the building blocks of welfare.

3.5 Results

3.5.1 Stationary FEquilibrium

The model has a stationary (or long-run) equilibrium that the non-stationary equi-
librium converges to. Table 3.2 describes the key characteristics of the stationary
equilibrium. Column 1 represents the baseline scenario. In the long run, all of coal
capacity exits and is replaced by gas power plants. The reason is simple, gas is su-

perior to coal in the model. Gas is cheaper to build and maintain and with current

22Tn the model, there is gas exit in gas even when gas capacities are increasing. This results in
higher scrap values and entry costs. I assume this channel away from welfare calculations.

23Notice that carbon taxes can generate higher cost for consumers and profits for companies in
this market with heterogenous technology.
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fuel prices it has lower marginal cost as well. The carbon price scenario (column 2)
has a very similar long-run equilibrium. Spot market prices are higher (pass-through
is perfect) but the gas capacities are only slightly higher. This is because the prof-
itability of gas power plants in the stationary equilibrium is not effected much by the
carbon tax. Gas is most of the time the marginal plant in the stationary equilibrium
and hence its carbon cost gets perfectly passed through to prices. An alternative way
of looking at it is that since carbon prices are low, they do not influence outcomes too
much. The coal exit subsidy (column 3) can not influence the long-run equilibrium
level of gas capacities. Since coal exits in any case, exit subsidies do not influence
long-run market outcomes. In column 4, I set the gas entry subsidy to induce the
same capacities as the carbon price. Long-term welfare is very similar across all sce-
narios. Capacities are essentially the same across all scenarios. The impact of the
carbon price is limited, since on the long-run spot market it barely generates any
reorganization of production. Simplified welfare calculations show that welfare dif-
ferences are small?*. These results highlight the limitations of looking at only the
stationary equilibrium. Differences across policies are minor. However, it is possible

that the same policy tools induce vastly different transition paths. This is what I

explore in the next section.
3.5.2  Non-Stationary FEquilibrium and Welfare

In this section, I discuss the key results of this paper. The solution to my non-
stationary model is mainly characterized by the path of coal and gas capacities.
Figure 3.5 presents these outcomes for the baseline, carbon tax, coal exit subsidy and

two gas entry subsidy scenarios. With the calibrated parameters, coal completely

24] assume away entry costs and scrap values on the stationary path. Even though capacity does
not change, there is entry and exit in the model. Some firms get high scrap values resulting in exit.
Firms enter so that capacity remain unchanged. This would cause only a small difference without
differences in capacity, entry and scrap values. However, the difference can be significant with high
entry subsidies making comparisons uninformative. Therefore, I do not report the high gas entry
subsidy scenario.
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Table 3.2: Stationary EQ Under Different Policies

Baseline Carbon Coal exit Gas entry

price subsidy  subs. low

Descriptives

New Gas K (GW) 50.91 51.17 50.91 51.17

Coal K (GW) 0 0 0 0

Mean price ($/MWh)  35.36 46.48 35.36 34.83
Simplified welfare

Static welfare (b$) -0.053 0 -0.053

Entry cost (b$) +0.84 0 +0.84

Total welfare (b$) -0.21 0 -0.21

Notes: Gas subsidies are set to induce gas capacities as with carbon
tax. The equivalent entry subsidy is m$0.09 . Exit costs not included
in equilibrium, gas scrap values are low but not 0. Higher entry costs
mean lower welfare. Welfare results are simplified. Total welfare is
calculated as the discounted future payoff from static welfare minus the
entry cost in the initial period. Only the difference to the basic scenario
is reported. Stationary exit-entry assumed away.

exits in 40 time periods (years) even in the baseline scenario?. Similarly, the tran-
sition to gas capacities in the stationary equilibrium is complete in 40 years in the
baseline scenario. All other scenarios lead to faster transition towards the stationary
equilibrium. Moreover, scenarios lead to vastly different transition paths. A carbon
tax of $30/tC'O; induces immediate gas power plant entry that is close to the long-run
equilibrium. Carbon tax immediately increases prices (see Appendix B.6 for details)
on the market incentivizing entry?6. It also creates a big cost advantage for gas power
plants and results in coal production close to zero. The gas subsidy that results in
the same stationary equilibrium as the carbon tax does not differ substantially from
the baseline scenario. Introducing a higher gas entry subsidy does lead to higher gas
capacities on the long run and a faster but not immediate transition. Neither gas

subsidies changes coal exit speed fundamentally from the baseline. Finally, coal exit

25The baseline scenario results in somewhat faster early entry and exit than what I observe in
the data. This is mainly a result of high coal scrap values.

26The carbon price I consider is on the lower range of current academic consensus. Lower values
can lead to less immediate entry. Higher values would produce similar outcomes.
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subsidies can also speed up transition by providing incentives for coal plants to exit
earlier. This in turn, also leads to faster gas entry. Exits can be faster than in the
carbon tax case, but not entry. Coal plants in the market hinder the ability of gas
to enter as long as they are relatively competitive. The impact of the carbon tax is
radical because it makes coal immediately redundant for competition. In line with
results on generation, emissions are decreasing almost immediately in the carbon tax
scenario and more smoothly in others. My simulations generate lower emissions than
the goals of the Clean Power Plan of the Obama administration (see Appendix B.6
for details). Changing the levels subsidies influence the speed of transition, but not
the general characteristics. Subsidies result in smooth transitions since they do not
fundamentally alter the spot market merit order®”. It is clear from these comparisons
though, that subsidies that result in similar stationary equilibrium can not generate
gas entry that is comparable to a high carbon tax. Welfare comparisons are necessary

to examine the attractiveness of each scenario further.

7% 104 Coal ity (MW) s «10% CCGT new capacity (MW)
Baseline -

6 Carbon tax B o —
Coal exit subsidy 5t — S
Gas entry subsidy / _——
Gas entry subsidy 2 | e
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Notes: baseline calibrated parameters as described in Section 3.4.3 and Table 3.1.
Carbon tax is $30/tCO,. Gas entry subsidy 1 set to induce the same stationary
equilibrium as the carbon tax. Coal exit subsidy and gas entry subsidy 2 picked
to induce relatively fast coal exit.

Figure 3.5: Coal and Gas Capacities in Different Regulatory Scenarios

Table 3.3 reports welfare results. Confirming theoretical predictions, carbon pric-

ing at the social cost of carbon leads to the highest welfare across all scenarios.

2"This is partially due to the functional form of coal exit scrap values. However, this is likely
a good representation of heterogenous coal in the real world. Coal marginal costs are essentially
continuous and they determine exit. The result is a relatively smooth transition.
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However, consumers pay higher prices. This can be alleviated by redistributing the
government revenue of the program. Notice that profits are higher in the carbon tax
scenario because of the cost heterogeneity. Entry and exit subsidies improve on the
baseline scenario by getting closer to the carbon price outcome. Since capacities in
the small gas entry scenario are very close to baseline, it is not surprising that it in-
creases welfare only moderately. The gains also remain low with substantial coal exit
subsidies?®. Although coal exits fast in this scenario, the remaining coal plants keep
producing for long which limits the gains. The key drawback is that coal exit subsi-
dies come at substantial costs for the government. Finally, high gas entry subsidies
get closest to carbon price outcomes even though they induce too much capacity on
the long run?®. Both consumer and government costs are low making implementation
relatively easy. Altogether these results confirm the welfare importance of transition.
Tools that are close to efficient on the long run (low gas subsidies) perform poorly

when considering transition dynamics.

28This is partially because I count scrap values as increasing welfare. Without this, coal exit
subsidy scenario is closer to substantial gas entry subsidies. In general, scrap values do not make
much of the difference between scenarios.

29Tt is likely that the optimal gas entry subsidy can not get very close to the carbon price for two
reasons. First, subsidies are a dynamic instrument and do not improve on spot market efficiency.
Second, it is unlikely that they can incentivize immediate entry at a reasonable long run cost of
overcapacity. Finally, my assumption of calculating only capacity changes in welfare might help
the high gas entry subsidy scenario. It is unlikely to change other scenarios significantly, since the
probability of gas exit is very low in my preferred calibration without entry subsidies.
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Table 3.3: Simplified Non-Stationary Welfare Under Different Policies

Baseline Carbon Coal exit Gas entry Gas entry
price subsidy  subs. low subs. high

Consumer costs (b$)  -326 -433 -328 -320 -308
Profits (b$) 62 72 131 61 61
Scrap value (b$) 60 57 54 60 59
Entry costs (b$) -35 -45 -39 -36 -40
Carbon costs (b$) -126 -98 -114 -123 -116
Gov. (b$) 0 99 .65 3 12
Total welfare (b$) -365 -349 -362 -363 -357

Notes: all lines include discounted (8 = 0.95) totals. VOLL is 0 across all sce-

narios and therefore not reported. Only impact of net capacity changes included
in welfare.
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4

Do Players Bid Truthfully in VCG Auctions? -
Evidence from the New England Frequency
Regulation Market

4.1 Introduction

[ analyze bidding behavior in the New England (NE) frequency regulation market. My
interest in this market comes from the market design change in 2015. As a response
to a regulatory intervention, the market design changed from a single dimensional
uniform price auction to a multidimensional Vickrey-Clarke-Groves (VCG) auction.
This setup is unique as there is virtually no observational evidence on how the VCG
mechanism performs for multiunit auctions'. The VCG auction is attractive in this
environment as it is truthful, efficient and robust to bid skewing, a general concern of
scoring auctions. Despite the favorable theoretical predictions, I find indirect evidence
that market participants do not bid their true marginal costs. Optimal strategy under
VCG is very simple if bidders know their own marginal costs. In contrast, finding

optimal bidding strategies in uniform price multi-unit auctions is difficult. Hortagsu

'The topic is relevant today as, although in rankable multiobject environment, both Facebook
and Google uses VCG auctions to sell online advertisements. For instance, Varian and Harris (2014)
notes for Google about VCG: ”From what we can tell, it seems to be working well”.
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and Puller (2008) propose VCG as an alternative to reduce strategic complexity in the
Texas balancing energy market. My findings indicate that players were not able to
learn optimal bidding most likely due to a combination of low stake and a complicated
market design in which it is difficult to link bids to outcomes. Altogether, my results
suggest that using VCG bids as estimates of true marginal costs can be misleading.

Vickrey auctions have a long history in market design. Vickrey (1961) proposed
a single unit auction design in which the winning player pays the highest losing bid?.
This design is attractive for two main reasons. First, players’ optimal strategy is to
bid truthfully their valuations. Second, the resulting allocation is efficient: the player
with the highest valuation receives the good. However, the extension to multiunit
auction environments is not obvious. Consider uniform price auctions for multiple
identical objects. Players bid quantity-price pairs. With n objects to sell the n highest
unit bid receives an object. The price is determined by the highest losing bid. Then,
each player pays this price for each unit allocated. Truthful reporting is not optimal
when players have any market power (Wilson (1979)) and the uniform price auction
is almost never efficient (Ausubel et al. (2014)). In contrast, Vickrey auctions are
always efficient and truthful. In VCG auctions for n identical objects allocation is
determined by the n highest bids. Then, the mth highest winning bid pays the mth
highest losing bid that did not belong to the same bidder. This way bidders are only
interested in maximizing surplus which results in truthful reporting and an efficient
allocation.

Despite some favorable theoretical properties VCG was rarely applied to multiu-

2Lucking-Reiley (2000) notes that economists attributed the invention of the second price sealed
bid auction to Vickrey. However, the design was used at least as early as in 19th century for stamp
auctions.
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nit auctions®. There are several theoretical and practical issues for implementation®.
Two of these question whether players would bid truthfully in practice. First, re-
peated interactions can create incentives not to reveal true valuations. Second, VCG
can be complicated for market participants to fully understand. Therefore, empirical
evidence is needed to test the truthfulness property. The experimental auction liter-
ature established early that players overbid in second price auctions (Kagel (1995)).
Experimental studies generally find that players overbid under multiunit VCG auc-
tions as well (see Kagel and Levin (2016) for a summary). The usual limitations of
experiments apply. The stakes are rarely high®. Additionally, the limited amount
of interactions hinder participants ability to learn optimal behavior. In any case,
observational evidence is clearly needed to complement these findings.

To test whether players bid truthfully in a multiunit VCG auction I analyze bid-
ding in the NE frequency regulation market. Frequency regulation is necessary in
every electricity system. Small differences between supply and demand can result in
drops or rises in system frequency which is costly for consumers. These small differ-
ences are balanced out by fast ramping power plants that are able to react (produce
more/less energy) in a very short time frame. In 2011, the Federal Energy Regula-
tory Commission (FERC) issued Order 755 that substantially changed the market

design. Order 755 required independent system operators (ISOs) to introduce a new

3There is an extensive literature on simultaneous ascending-bid auctions for rankable multiob-
ject and combinatorial auctions. These are practical implementations of the VCG mechanism for
multiple, non-identical objects (see Milgrom (2000) and Ausubel (2004) for proving outcome equiv-
alence to VCG.). The combinatorical clock auction (CCA, as proposed by Ausubel (2004)) received
substantial attention especially for spectrum auctions. However, bidding behavior is difficult to
empirically study due to the low number of observations.

4See Ausubel and Milgrom (2004) and Rothkopf (2007) for an exhaustive list. Here I list a
few. First, the mechanism might result in low revenue for the auctioneer. Second, a well-known
feature of VCG auctions is that players with higher market power receive higher payments. The
two features can be exaggerated by non-convexities in energy auctions. Hobbs et al. (2000) use data
for the PJM electricity market in an hour with relatively high demand to simulate the outcomes of
the VCG auction. They find that this difference can be significant: the player with the strongest
market power gets around twice the average payment per MWh than the weakest player. Hobbs
et al. (2000) also find that average price suppliers are paid in a VCG auction can be around 50%
higher than competitive prices. Fourth, the mechanism is particularly vulnerable to collusion.

A critique somewhat less relevant for field experiments such as List and Lucking-Reiley (2000)
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dimension for bidding and compensation that relates to the actual service provided.
As a response, the New England ISO implemented a VCG auction. Power plants
submit a capacity and a service bid that can be associated with fixed and variable
costs respectively. The frequency regulation auction in NE is organized and cleared
jointly with the energy auction. The auction takes place every day as 24 separate
hourly auctions. I observe all of these bids but not outcomes. Although information is
available to replicate outcomes it is unfeasible in practice®. Moreover, simplifications
are likely to distort the simulated results at the frequency regulation market even if
the energy market is replicated to high precision. Therefore, I focus on how power
plants change their bids through time.

I find that the fixed cost component of bids varies with indirect measures of
market power. First, bids are higher when demand is higher. Second, bids are higher
when energy prices are higher. Fuel prices and energy demand determine the relative
position of power plants in the energy market that has implications for availability
and pricing in the frequency regulation market. I use energy prices as a proxy for
outcomes in the energy market. Both of these factors should influence the fixed cost
component of bids under a uniform price but should not under a VCG auction. Then,
I look at the behavior of individual participants. I categorize individual bidders after
visually investigating bid-time diagrams. I find significant heterogeneity across groups
in the frequency and likely drivers of bid chances. Group frequency changes bids very
frequently following energy prices and demand changes. Group seasonal changes
with a seasonal pattern following demand. Group occasional changes bids rarely but
mostly when energy prices are high. Finally, more than half of the participants never
change their bids. Based on my results, it is likely that most of these players had
only a small chance of winning in the auction. These findings suggest heterogeneity in

bidding strategies and sophistication. I argue that the most likely explanation is that

SEven ISOs only estimate the solutions using supercomputers and highly tailored optimization
algorithms.

71



learning fails to deliver optimal bidding for two reasons. First, learning is difficult
as it is difficult to link bids to outcomes due to the complicated market clearing.
Second, the stakes are low that limits player’s willingness to experiment. I consider
alternative explanations such as varying marginal costs, multiple plant ownership and
the hypothesis that the market is still under an experimental bidding phase. I provide
evidence against each of these explanations.

Several papers in the experimental auctions literature directly test the truthfulness
property of VCG in a multiunit auction setting”. These studies generally find that
players bid above their valuations (Porter and Vragov (2006), Engelmann and Grimm
(2009). However, none of these experiments studies procurement auctions or scoring
auctions with a VCG design.

My paper is also related to the literature on scoring auctions and in particular
unit-price auctions. Asker and Cantillon (2008) shows general conditions under which
even though bids are multidimensional only unidimensional pseudotypes influence
outcomes. The two most closely related theoretical papers are Ewerhart and Fieseler
(2003) and Chao and Wilson (2002). Ewerhart and Fieseler (2003) assumes two
dimensions (materials and labor), a fixed scoring rule and heterogenity across players
in the amount of labor to finish a project. A key feature of the equilibrium is bid-
skewing®. Under a similar setup motivated by electricity reserves auctions, Chao and
Wilson (2002) proves that the VCG design is truthful and efficient?. A key reason
why [SO NE decided for the VCG design was its robustness against bid skewing.

There is substantial recent empirical work on multi-unit auctions (see Hortagsu

and McAdams (2018) for a summary). Hortagsu and Puller (2008) studies the Texas

"Again, see Kagel and Levin (2016) for a review. There is also a literature on testing dynamic
implementations of VCG for combinatorial auctions in the lab.

8 Another concern is potential information asymmetries between bidders and the auctioneer,
see Athey and Levin (2001) and Bolotnyy and Vasserman (2018) for common and private values
respectively.

9There is recent interest in the design of electricity reserve auctions. In Europe, the European
Commission proposes a multi-dimensional scoring auction with uniform prices. Ocker, Ehrhart and
Belica (2018) compares the uniform and pay-as bid formats but not VCG.
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balancing energy market. Large players followed optimal bidding closely. Although
small players deviated substantially, the cost of optimizing bidding likely overweight
potential additional profits. I attribute my findings to similar forces. Hortagsu and
McAdams (2010) recovers valuations for US treasury bonds from bidding under a
uniform price auction!®. They estimate a VCG counterfactual assuming truthful
bidding to compare the efficiency of different auction formats. My results question
the viability of this assumption but not the general results of the paper.

My paper also contributes to the empirical literature on auctions of electricity
reserves and frequency regulation. Doraszelski, Lewis and Pakes (2018), the most
closely related empirical paper, study the frequency regulation market in the UK
after the introduction of a new market design (2003-2006). Although the product is
essentially the same, the market design differs substantially from my setup. Regu-
lation was procured through a pay-as-bid unidimensional auction with less frequent
(monthly) interactions. Doraszelski, Lewis and Pakes (2018) observe outcomes which
allows them to fit a structural model of bidding behavior. They use this model to
study the convergence process to the new equilibrium. They find that after 40-50
periods of interaction market participants converged to an equilibrium best described
by a differentiated price setting game. In contrast to their results, my findings in-
dicate that market participants do not converge to an equilibrium predicted by the-
ory. Other relevant recent empirical papers include Knittel and Metaxoglou (2008)
(markups in California), Ocker, Ehrhart and Ott (2018) (bidding in reserve markets)
and Metaxoglou and Smith (2007) (efficiency of reserve markets in California).

The rest of the chapter is organized as follows. In Section 4.2, I describe the indus-
try, the frequency regulation product and the market design. Section 4.3 introduces

theoretical models for the market design before and after the policy intervention.

10The literature have long recognized that if valuations are not flat, step-function bidding results
in partial identification (such as in Hortagsu and McAdams (2010)). In my setup, power plants can
only bid flat supply functions. If marginal costs are also flat this feature significantly simplifies the
analysis of bidding behavior
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Section 4.4 describes the data and key descriptive statistics. In Section 4.5, I present

and interpret my main empirical results. Section 4.6 concludes.
4.2 Industry and Market Background

This paper studies the frequency regulation market in New England, the region under
the oversight of the ISO New England (NE). The ISO NE is the regional transmission
organization'! for the states of Connecticut, Maine, Massachusetts, New Hampshire,
Rhode Island and Vermont. The ISO NE is responsible for the reliability of the
electricity system in New England. The New England electricity system with an
average load of 14 GW in 2017 is among the smallest of the market based electricity

systems'2.
4.2.1 The Frequency Regulation Market in New England

Frequency regulation is necessary in every electricity system as supply and demand
needs to be equal all the time. Small differences between supply and demand can
result in drops or rises in system frequency which is costly for consumers. These
small differences are balanced out by fast ramping power plants that are able to pro-
duce more/less energy in a very short time frame (from milliseconds to seconds). In
deregulated electricity systems, such as New England in the US, the system opera-
tor procures this service from power plant operators through a sequence of auctions.
The product is an option for the system operator to call the power plant to in-

crease/decrease output. Most dispatchable!® power plants can offer this service for

H11SO: Independent System Operator. ISOs are similar to regional transmission organizations
(RTOs) with slightly less responsibilities. In the paper, I will use the term ISO even when talking
about RTOs as the two terms are very similar.

121t lacks behind PJM (88 GW) but is at the same magnitude as California (26 GW) and New
York (18 GW).

13Dispatchable power plants can change their output by decision. All conventional power plants
are usually dispatchable. Non-dispatchable technologies include wind and solar.
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a part of their operating range'*.

For example, resource 34578 in my data has an
economic maximum energy capacity of 543 MW and on average it offered its range
from 420-540 MW for regulation with significant variation. Only power plants that
are not producing at their operating limits can offer the service. As a consequence,
power plants need to have leftover capacity to be able to provide regulation. Winners
in this auction have to switch their power plants to regulation mode which presents
a fixed cost. There are additional variable costs (energy, wear and tear) power plants
incur when the option is called.

The frequency regulation market in New England is relatively small. The yearly
cost of procuring the service was $28 million in 2017 and it was in the $20-30 million
range every year from 2013 to 2017. In contrast, the total wholesale cost of electricity
in 2017 was $9.1 billion of which $4.6 billion were energy costs. Other categories
include capacity payments, transmission costs and ancillary services'®. Frequency
regulation accounted for a 0.33% share of total wholesale electricity costs or 0.65%
share of energy costs'®. Frequency regulation in New England is provided mostly
by gas and pumped storage power plants. In 2008, the only year with available
information on winners, the market shares of gas and pumped storage plants were
90% and 5% respectively

The amount of frequency regulation needed for the system depends mostly on

electricity demand and varies by day and hour. The average yearly regulation re-

quirement remain unchanged at around 60 MW in 2013-2019. Figure 4.1a shows the

1Power plants have to satisfy a set of requirements to be eligible to sell this product, see for
instance ISO New England (2015) for details.

15The term ancillary services groups different products the system operator uses the ensure system
reliability. It includes frequency regulation and various reserves. Similarly to regulation, reserve
products are sold as options. There are two key differences. First, when the option is called power
plants have more time to respond (few minutes for spinning reserves to hours for black start). Second,
while in frequency regulation the option is almost always called in reserves it is rarely. In NE, the
cost of procuring frequency regulation is around the same as procuring reserves.

16In comparison to other US system the ISO NE procures less regulation capacity at a higher
price resulting in similar total regulation payments for the size of the system (Xu et al. (2016)).
The comparison masks a number of differences between electricity systems, regulation products and
market rules.
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Figure 4.1: Regulation Requirement and Available Capacity, 20177.

average hourly requirements in 2017. The hourly variation is substantial: a multi-
plier of 5 exists between the lowest (30 MW for hours 1-5 in weekdays) and highest
(150 MW for weekdays hours 7-8) hours. Figure 4.1b shows that in all hours of the
day there was plenty of available capacity for regulation. I argue in Section 4.2.3
that due to product differentiation some producers can have strong market power. In
around 10% of hours in 2017, only one unit covers regulation. In almost 50% of hours
3 or 4 units provide regulation (see Appendix C.1). These numbers suggest, that
although the regulation requirement is low, the optimization results in distributing

supply across several power plants.
4.2.2  The Electricity Market in New England

Frequency regulation is offered by the same power plants who participate in the energy
market. Energy market outcomes and conditions have a strong influence on frequency
regulation outcomes. Therefore, understanding the key characteristics of the energy
market is essential for understanding the regulation market. Energy systems are
characterized by substantial seasonal and daily demand variation. Because supply
is mostly the same in all hours the strongest driver of prices is demand variation.
Because the same capacity can not be used for energy and regulation simultaneously,

high demand periods result in lower available supply for frequency regulation. This
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in turn has an effect on competition and prices.

The New England electricity system is characterized by a high share of gas and
nuclear generation and a lack of coal power plants. Gas and nuclear power plants have
a share of 48% and 31% of total electricity production in 2017 respectively'®. The
remaining 21% is distributed between hydro (8%), wind (3%), coal(2%) and other
categories (8%)'. Yearly variation in energy prices is mostly determined by gas
price variation. Gas fired power plants set the price of electricity in 60-70% of hours
in real-time markets. The 4 biggest firms own 48% of capacity. In the electricity
market, a pivotal supplier existed in 58% of hours in 2017 but there is significant

yearly variation.
4.2.3  Frequency Regulation Market Rules in New England

The ISO NE uses a sequence of auctions (day-ahead and real-time) to procure elec-
tricity and several ancillary services products. Power plants submit a joint bid for
these products and the auctions clear jointly. The ISO NE minimizes the total cost
of procuring all products. By co-optimizing clearing the system operator improves
efficiency and decreases wholesale electrictity costs. Complementarities between these
markets arise from several sources. First, startup costs and minimum operating limits
create strong non-convexities in costs?. Second, if the optimizing solution results in
losses for power plants the ISO needs cover these losses (make-whole payments). For
instance, power plant operating at its minimum capacity might not be able to recover
its startup costs from market prices alone.

Market clearing is easiest to illustrate through an example. The example is de-

signed to illustrate that in a market with ample regulation capacity, the outcome of

18 All following evidence refers to the market in 2017. Source: ISO NE Internal Market Monitor
(2018)

90ther includes oil, landfill, gas, methane, solar, steam and wood.

20For example, for a conventional gas fired power plant with 100 MW of capacity increasing
production from 0 to 1 MW is not possible if the minimum limit is 10 MW. Increasing production
from 0 to 10 MW is much more costly than increasing production from 50 to 60 MWs.
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the frequency regulation market might be far from an outcome from separate market

clearing.

Table 4.1: Example for Joint-Clearing of Energy and Frequency Regulation

Unit Min gen Cap Reg cap. Energy bid Reg bid En won Reg won

1 20 100 10 30 10 95 5
2 20 100 10 35 10 85 10
3 20 400 40 100 0 0 0

Table 4.1 describes the available power plants and their offers. Units 1 and 2 are
small combined cycle gas turbines (CCGT) that are efficient but relatively inflexible.
They can produce up to 100 MW. Unit 1 is cheaper with an energy bid of $30/MWh.
Unit 3 is a bigger, less efficient conventional gas power plant. All plants are able to
provide regulation up to 10% of their energy capacity when that capacity is available.
Unit 3 is by far the cheapest source for regulation with a bid of zero. Suppose every
plant receives the market clearing price for the product times the quantity won. The
energy load is 180 MW and the reserve requirement is 15 MW. There are ample
supplies for regulation. Under the joint cost-minimizing solution only Units 1 and
2 operate. By not operating Unit 3 the system operator can save the high energy
cost of operating Unit 3. Unit 1 produces 95 MW of energy and provides 5 MW of
regulation. Unit 2 produces 85 MW of energy and provides 10 MW for regulation.
The market clearing price for energy is $35/MWh. Unit 1 could have earned an
additional $5/MWh by producing on the energy market were not instructed to provide
regulation. System operators have different ways of recovering these lost opportunity
costs (LOC). The ISO NE includes this in the final market clearing price since 2013.
This means that the market clearing price for regulation is 10+5=$15/MWh.

This example illustrates three key points that make it very difficult to replicate
market outcomes from bidding data only. First, the ISO prefers power plants that are

already operating to provide regulation?'. This can lead to relatively uncompetitive

2Doraszelski, Lewis and Pakes (2018) models the decision of the system operator as choosing
from differentiated products where differentiation comes from whether the power plant operates.
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outcomes even under ample supply of regulation such as in New England. Second,
the market clearing price for frequency regulation can be very different from a simple
separate clearing of equating demand with an aggregate supply curve. Lost opportu-
nity cost creates a wedge between winning bids and clearing prices. Third, there is a
high probability that bids below market price do not to win in the auction.

Until 2015, the frequency regulation product was procured by a relatively sim-
ple multi-unit auction. Offers included available capacity (MW) and a capacity bid
($3/MWh). Bids were one-step functions and not increasing supply curves as common
in multi-unit auctions. Additionally, power plants also submitted bids for the en-
egy market along with technical parameters such as startup costs and ramping rates.
Selection was determined by the joint cost-minimization of electricity and regulation
auctions subject to technical parameters such as startup costs and ramping rates. The
clearing price equals the shadow price of the constraint on the regulation requirement.
This is equivalent to a uniform price auction. Until 2013, the clearing price did not
include lost opportunity cost. Plants were refunded separately for their LOCs. Since
2003, resources were compensated for the mileage (service) provided without explic-
itly bidding for it (FERC (2011)). Service or mileage is defined as the sum of total
absolute changes in the output of plant providing regulation. Service is essentially the
variable cost component of frequency regulation. The underlying service price was set
to one-tenth of the capacity price to make the share of mileage payments around 50%
of total regulation compensation. Dispatch was and is optimized based on bids and
ramping rates (Cramton (2012)). The ISO sends an Automatic Generation Control
(signal) to instruct power plants to increase/decrease output.

In 2011, the Federal Energy Regulatory Commission (FERC)?? issued Order 755
that substantially changed the market design. FERC wanted to address unfair com-
pensation practices and improve the efficiency of the regulation market. The intention

was to introduce a more fair compensation scheme that rewards performance mostly

22FERC regulates wholesale electricity markets in New England.
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to support storage resources providing frequency regulation. Order 755 introduced
three main changes in frequency regulation markets for the electricity systems under
FERC’s mandate?. First, FERC required ISOs to introduce a market based com-
pensation for the actual regulation service provided. Fast ramping resources, such as
batteries, usually provide more mileage for the same capacity sold. Second, FERC
required ISOs to link compensation to accuracy. Third, FERC required ISOs to in-
clude the lost opportunity cost in the market clearing price. Order 755 started a long
procedure of updating market rules. All ISOs proposed different solutions based on
their market characteristics and existing rules®*

The New England ISO proposed a VCG auction to procure frequency regulation
(ISO New England (2012)). The key theoretical problem of designing an auction
is how to combine two bidding dimensions into a selection criteria. As Cramton
(2012) summarizes, the ISO NE chose VCG because of its simplicity and efficiency
even when only a few resources are selected. Cramton (2012) describes in detail the
disadvantages of other possible auction formats?®. Lost opportunity cost was included
in the market clearing price as of July 1, 2013. The final accepted market rule was
introduced on March 31, 2015. Since March 31, 2015 participants submit a service
bid ($/Mile) along all previously used bidding parameters. Selection is based on
minimizing the expected total cost of providing frequency regulation. The service is
provided based on an ACG signal just as before. Compensation is based on actual

service provided multiplied by market clearing prices along both dimensions?®. The

23These include the California ISO, Midwest ISO, the New York ISO, ISO New England, the
PJM Interconnection and the Southwest Power Pool. Source: FERC (2011).

24ISO NE’s initial response was submitted in April 30, 2012. The actual implemented market
rule changed significantly from this initial proposal.

25Most other ISOs (CAISO, NYISO) implemented a simple scoring auction with a fixed capacity-
to-service multiplier. The main problem with this approach is the potential for skewed bidding such
as in Ewerhart and Fieseler (2003). The sequential auction format proposed by Chao and Wilson
(2002) and implemented in other reserve markets is not a real option in NE as their are only a few
resources selected at each hour.

26Clearing prices are calculated in a nonstandard way. The original proposal of the ISO NE
was rejected by FERC. Standard VCG does not produce prices along each bidding dimension.
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mileage payment is reduced in proportion to the precision the power plant was able

to follow the AGC signal.
4.3 Theoretical Predictions

This section describes two auction models. First, in Section 4.3.2 I introduce a bidding
model with capacity constraints for the market environment before FERC Order 755.
The model shows that in equilibrium power plants bid above marginal cost. Moreover,
bids can vary based on changes in market power induced by changes either in energy
demand or lost opportunity costs. Second, I introduce a multi-unit VCG auction
model. The model shows that in equilibrium power plants bid truthfully. As long
as the marginal cost of providing regulation stays the same bids should remain the

same.
4.8.1 Setup

The system operator (ISO) attempts to procure Dy of frequency regulation capacity
and D}" of mileage. Resource i can offer capacity ¢; at a marginal cost of cf,. ¢
represents fixed costs including incremental maintenance for providing regulation and
fuel market or other potential risks. When power plants are called by the regulator

they incur a marginal cost of ¢} for providing regulation mileage. c}

represents
increased operating and maintenance costs, and incremental fuel costs resulting from
the generator operating less efficiently when on regulation (ISO NE Internal Market
Monitor (2018)). In addition, since the power plant can not produce for the energy
market it loses the potential profit it could have earned (lost opportunity cost or loc;).
I assume that marginal costs are constant for the entire range of the power plant’s

regulation capacity. Demand for each hour (Dy, D}*) in the frequency regulation

market is common knowledge. The capacity requirement is published for every hour

It only produces bundled payments for each participant. In Section 4.3.3 I describe precisely the
mathematical formulation of the problem. I also prove that the modified VCG design is still truthful
in Appendix C.3.
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of the year much before the market starts. Mileage is relatively predictable based
on the past?’. Power plants only know their own marginal costs (c5, ) and the
distribution of other’s marginal costs. Power plants can only offer their entire range
of regulation capacity at a uniform price. Since marginal costs are constant and bids
can not be increasing, the analysis of bidding behavior is simpler than in general

multi-unit auctions.
4.83.2  Before Order 755 - A Uniform Price Auction

Bidders submit a one-dimensional bid b; for all available regulation capacity. Pay-
ments are calculated based on a uniform market clearing price which is set by the bid

of the last MW unit did not win. Winners earn profits per unit of MW:
mie = (P +p"qiy) — (¢ + i qy) = Rie — Car,

where p;" and ¢}} denote service price and mileage provided. The service price is
calculated by dividing the market price by the mileage ration that is set to 10 by the
system operator. I assume that all plants incur the same amount of mileage for a
unit of capacity provided?®. As a consequence, every winning MW earns the same
R;;. The key to observe is that power plants can be characterized by pseudo-type
¢;¢ which represents the entire cost of the power plant supplying 1 MW of regulation
capacity?”. ¢; includes fixed costs and the cost of providing service as well. ¢;; is the
only parameter that determines the relative position and one-dimensional bid (b;) of
a power plant.

The setup allows me to use results from one-dimensional multi-unit auctions to

analyze bidding behavior. Optimal bids increase in ¢; and the market power of the

27T can allow for a known stochastic distribution of mileage. This will introduce an additional
complication only when the system operator and participants disagree over this distribution.

28This assumes away ex-ante differences in costs incurred by providing regulation service across
plants that is not explained by marginal costs.

29Pseudo-types play an important role in the scoring auction literature in which many multi-
dimensional auctions simplify to single dimensional auctions in pseudo-types. The argument I make
here is a simplified version of Asker and Cantillon (2008).
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firm?3°

. Any factor that influences ¢; increases b;. High energy price increase bids
because they directly raise mileage costs on the energy produced for all plants other
than hydro. Energy prices also change the relative market power of bidders but this
effect is likely less important. Most bidders are gas power plants and energy prices
effect costs similarly for these plants. Altogether, I predict energy prices to increase
bids in the uniform price auction. Demand only influences bids through the market
power channel. When demand is high, there is less competition, all firms have more
market power; and hence, bids are high. Finally, introducing lost opportunity costs
are unlikely to change these predictions. Higher demand on the regulation market
does not influence LOCs on the energy market. When energy prices are higher, lost
opportunity costs are higher since there is more profits to be earned in the energy

market for everyone. LOCs shift upward, therefore increasing bids. The impact on

relative market power is likely to be second-order in importance.
4.8.8  After Order 755 - Multi-Dimensional Multiunit VCG Auction

This section presents a simplified model of the VCG auction implemented by the ISO
NE3!. The model is based on Chao and Wilson (2002). Power plant bids are a two-
dimensional vector b5, b}. Both b, and b} are relevant for the entire capacity range.
Hence, bids are not increasing supply functions. The system operator minimizes the

total cost of procuring regulation given bids and constraints in every time period:
Jo(bg, 07") = ming, pm, D imy bqi + D i, Vi al
(s.t.): Zqit =Di, >, =D

Selection is based on cost-minimization. An alternative to think about selection is to

think about the added value of each resource to the system. Added value is essentially

30For instance, see Hortagsu and Puller (2008). This is a direct consequence of results by Wilson
(1979) applied to procurement auctions.

31Here, I present the standard VCG model without the modifications requested by FERC. In
Appendix C.3 I present an example to show that the modifications kept the truthfulness property.
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a score with lower scores winning in the auction. Compensation is a bundled payment

for providing both capacity and mileage:

bundle; = J_i(bS;;,0™,,) — Je(b7, 07") 4+ 05, * iy + bl = (q}").

The key feature of the VCG mechanism is that the compensation of a plant is
independent of its bid; however, whether a plant gets selected is not. This is because
J¢(bY,b7") includes the terms b5, * ¢, and bl} * (¢/7*) which therefore cancel out. The
result is truthful reporting. Chao and Wilson (2002) shows that this mechanism
results in truthful bidding and an efficient allocation. If marginal costs are reported
truthfully the allocation must be ex-ante efficient®2. The system operator minimizes
total procurement costs for the true marginal costs which by definition leads to the
efficient allocation. The model does not include LOCs, make-whole payments and
startup costs. The beauty of the VCG design is that the truthfulness property is
robust to these complications. This was the key reason why the ISO NE suggested
the VCG design. Cramton (2012) argues that the VCG design results in truthful
reporting even with LOCs. In Appendix C.2, I provide an example to illustrate why
players bid truthfully even with LOCs.

As a consequence of truthful bidding, neither energy prices nor demand influences
capacity bids. Energy prices increase service marginal costs; and therefore service
bids. Energy prices also increase LOCs but these do not change capacity bids under
the VCG auction format. Finally, since demand is independent of costs, it does not

impact bids either.

32Gince I assume away uncertainty in mileage, this means the allocation is also ex-post efficient.
Bid skewing incentives are only present if the system operator and the power plants disagree about
expected mileage or if there is heterogeneity across plants. This is a well documented incentive in
the scoring auction literature also noted by Chao and Wilson (2002). See for instance Athey and
Levin (2001) for common value or Bolotnyy and Vasserman (2018) for a private value environment
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4.3.4  Summary of Testable Predictions

The key difference between the two regimes lies in bidding incentives. Plants opti-
mally report their true marginal costs across all bidding dimensions under VCG. The
uniform price auction merges different costs into a one-dimensional bid and intro-
duces markups related to market power. I do not observe marginal costs or auction
outcomes that would allow me to infer them. Therefore, I need to test indirect impli-
cations of the two model such as the impact of energy prices and demand on bids. In
addition, I also analyze variability of bids. The key observation is that under VCG,
power plants should rarely change their bids. Underlying marginal costs are unlikely

to change®.

However, under the uniform price auction power plants should change
bids more frequently. Energy prices and demand shift marginal costs and market
power and influence bidding incentives. Table 4.2 summarizes the predictions of the

two theoretical models.

Table 4.2: Theoretical Predictions

Model Prediction
VCG Capacity bids are independent of energy prices.
VCG Capacity bids are independent of regulation demand.
VCG Energy prices influence mileage bids.

Uniform price Energy prices have an impact on capacity bids.

Uniform price Regulation demand influences bids.
Comparison  The impact of energy price is higher for bids before 2015.
Comparison  The impact of demand is higher for bids before 2015.
Comparison  The variance of capacity bids are higher before 2015.

0 3 oot ixlw o~ (T

4.4 Data and Descriptive Statistics

In this section, I describe the data and present key descriptive statistics of the NE
frequency regulation market. Prices increase after the introduction of the new market

design in 2015. Bid descriptives show that this price increase is likely caused by

33Doraszelski, Lewis and Pakes (2018) calculates the marginal costs of providing regulation in the
UK. They assume that the marginal cost do not change over time. Their marginal cost estimates
are very low (in the range of 1.5-3§/MWh in 2003 prices.)
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selection due to new eligibility requirements for participants. I find that both the
average and the mean of bids for power plants always bidding decreased after the
market design change. The median plant does not change bids through time but is

also unlikely to win.
4.4.1 Data

Most of the data comes from publicly available information on the New England ISO’s
website3*. T observe all bids for energy and frequency regulation auctions with a 3
months time lag from 1999. Bidder and plant identities are masked consistenly across
the dataset. I can follow individual plants through time and I see whether plants are
owned by the same company. I observe a set of physical characteristics (capacities,
startup costs, ramping rates)*®. Data is not available for settlements. I do not observe
the winners of these auctions or the actual market shares of participants®®. This is
crucial because due to the complications of the market clearing process I can not
replicate auction outcomes with reasonable precision. The sample I analyze in this
paper goes from 2013 to 2019. There is a day-ahead (DA) and a real-time (RT)
auction. I focus on DA as this is the key mechanism to procure regulation. Similarly
to most electricity markets, RT is a deviation market from DA and is of secondary

importance. Most participants keep their DA bids when submitting for RT.
4.4.2  Prices

Table 4.3 presents the mean and standard deviation of hourly regulation capacity
prices (measured in $/MWh) respectively. The price increase from 2013 from 2015

(Column 1 to 2 and 3) is mostly due to LOCs being included in prices. As I show

341 download all data using ISO NE Web Services API available at: https://webservices.iso-
ne.com/docs/v1.1/

35 Although I do not know the identify of the plant, some characteristics might be possible to
infer from bidding behavior on the energy market.

36Communications with the ISO NE made it clear that it is almost impossible to get this data.
The ISO NE has a data policy that is signed by market participants. Any additional data is only
available if allowed by all market participants which is almost impossible to achive.
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later in detail, the price increase after 2015 is mostly due to selection of power plants
eligible to offer regulation. The standard deviation of prices does not show a clear
pattern but it is considerable in magnitude. Moreover, the distribution shows that
high prices are not uncommon which suggests plants can win on the auction even with
high bids as long as their LOCs are relatively low. Service prices are a magnitude
smaller, again with significant standard deviation (see Appendix C.4 for details).
Total service payment only accounted for 14% in 2017 (ISO NE Internal Market
Monitor (2018))3". Figure 4.2 shows that there are significant differences across daily
average capacity prices at least partially caused by outcomes in the energy market.
The correlation of hourly regulation capacity and energy prices is 0.40 before and
0.23 after the market design change with strongly yearly and monthly variation. The
data is suggestive that energy and regulation prices move less strongly together after

the VCG design was introduced.

Table 4.3: NE Regulation Capacity Price Distribution

2013 2014 2015b 2015a 2016 2017 2018 2019
Mean 11.7 19.0 23.6 23.6 273 29.2 283 22.0
Standard deviation 18.6 374  30.8 30.8 33.3 381 445 21.7
Distribution
10th percentile 6.0 6.3 8.3 8.3 9.4 8.3 8.5 8.3
25th percentile 6.7 7.3 11.2 11.2  12.6 10.8 11.0 10.5
Median 7.5 9.6 16.2 16.2 186 17.0 169 14.7
75th percentile 10,6 16.0 26.8 26.8 314 325 314 2438
90th percentile 18.7 38.2 422 42.2 51.8 60.8 56.3 425
Observations 8760 8760 2135 6625 8784 8760 K759 K759

Notes: An observation is an hour. 2015b and 2015a is before and after the rule
change respectively.

4.4.8  Bid Descriptives

Table 4.4 presents bid descriptive statistics for plants who bid every year from 2013 to
2019. Since 2015, the set of eligible plants shrank as the ISO New England changed

37Unfortunately, detailed information of settlements is not available. The system operator ex-
pected service prices to be much higher based on the 50-50% rule before 2015.
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Figure 4.2: Daily Average (Unweighted) Regulation Capacity Prices, 2013-2017

the technical parameters of providing regulation. I observe 81 plants who bid in all
years. First, I take the yearly mean and standard deviation of hourly capacity bids
for each of these plants. Then, I report the mean and median of the 73 mean and

standard deviation. I repeat the exercise for service bids.

Table 4.4: NE Regulation Individual Bid Statistics - Always Bidders

2013 2014  2015b 2015a 2016 2017 2018 2019
Mean - cap  24.80 2850 2898 2208 2275 2214 2154 2144
(15.85) (19.40) (15.02) (8.99) (8.50) (8.00) (7.88) (9.00)

Sd - cap 5.99 7.70 3.19 1.84 2.01 2.76 2.38 3.44
(0.00) (0.00) (0.00) (0.56) (0.00) (0.00) (0.00) (0.42)

Mean - serv 1.81 2.01 1.57 1.27 1.45
(0.14) (0.19) (0.06) (0.01) (0.05)

Sd - serv 0.37 0.29 0.42 0.18 0.42
(0.08) (0.00) (0.00) (0.00) (0.00)

Observations 73 73 73 72 73 73 73 73

Notes: An observation is a plant-year. 2015b and 2015a is before and after the rule
change respectively. Only plants who bid every year included. Statistics aggregated
to the plant-year level. Variable "Mean - cap bid” represents the individual plant’s
mean capacity bid in a given year. Means, medians in parenthesis.

The mean and median of individual mean capacity bids dropped significantly after
the market design change (rows 1-2). The mean capacity bid decreased from 30.28
$/MWh in 2014 to 23.79 $/MWh in 2016 while the median decreased from 19.40
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$/MWh to 8.99 $/MWh. Similarly, the mean standard deviation of capacity bids
dropped (rows 3-4). However, the median standard deviation of bids is zero in 2014,
2015, 2016, 2017 and 2018. The median plant submitted the same bid for all hours
in these years. Similarly, the median plant did not change its service bid in 2016 and
2017. One potential explanation is that these power plants are either certain winners
or never win in these auctions. There is some evidence for experimentation. The
median plant changes its bid through 2015 after the design change.

Doraszelski, Lewis and Pakes (2018) estimates a marginal cost of 1.5-3 §/MWh
for gas plants for providing regulation including the mileage costs as well. Bids are

way above this estimate in 2016 indicating bidding above marginal costs.
4.5 FEmpirical Results

In this section, I present the main empirical results of this paper. First, I report
regression outcomes on capacity bids as dependent variable. Players bid high when
demand is high and when energy prices are high. Both findings are against the
theoretical predictions of Section 4.3. Then, I investigate individual bidding behavior
in more depth. I categorize bidders into four groups and find significant differences
across these groups. I attribute these findings to the failure of learning the optimal

bidding strategy. Finally, I discuss alternative explanations.
4.5.1 Bid Regressions

In order to investigate how power plants modify their bids through time I estimate
regression models for capacity bids. I focus only on power plants who bid in all
years from 2013 to 2019 and who did vary their bids in a given year. This leaves me
with 45 and 47 bidders before and after 2015 respectively. Changer plants bid lower
on average confirming the hypothesis that they have a higher chance of frequently
winning in these auctions (Appendix C.4 for details). I estimate regression models for

predicting capacity bids of power plants before and after the market design change.
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I choose to include all years in my data in the preferred specification:8

bs, = a+ By * pi % + By x DY + yeontrolsy + N + €, (4.1)

where Dy, is regulation requirement, \; are plant specific fixed effects, while con-
trols include regulation status (available or not), regulation capacity®® and regulation

response rate. Theory models predict (see Table 4.2 ):
1: Bffter =0, 2: ﬁ;ﬁer =0, oratleast 6: ,B‘ffter < Bi’efm"e, 7 Bgft” < Bgeﬂw.

Table 4.5 presents the results of this model for the two specifications before
(columns 1 and 2) and after the policy change (columns 3 and 4). [ estimate the
two models separately which allows me to estimate separate behavior in the two
regimes including the fixed effects. In order to allow for autocorrelation in the bids
submitted by the same power plant, I cluster standard errors at the power plant

level0

. My preferred specifications include power plant fixed effects (columns 2 and
4). I report OLS estimates (columns 1 and 3) for comparison. The estimates reject
predictions 1, 2 and 7 but confirm prediction 6. The coefficient on energy prices (/)
is statistically different from 0 after 2015. The impact of energy prices on bids is
lower after the policy change. On average, a $1 increase in the energy price led to
a $0.145 and $0.0352 increase in capacity bids before and after the policy change

respectively. Both estimates are significant at the 5% level*'. In addition, the two

coefficient estimates are statistically different at the 1% level. Demand has a sta-

381 experiment with alternative specifications of leaving some years out. Winters in New England
can experience gas shortages which were especially severe in 2014. NE does not have sufficient gas
pipeline capacity to cover winter months when residential gas demand has priority. Gas power plants
might not be able to operate leading to unusual market environment. Unavailable gas production
is substituted by oil. In addition, there is slightly more experimentation in 2015. Dropping these
unusual years do not change the results substantially.

39With regulation requirement (demand) included, there is no need to control for month, day and
hour.

40Because I only have around 50 clusters my standard errors increase significantly.
41Using robust but not clustered standard errors would make the coefficients statistically signifi-

cant even at the 0.1% level.
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Table 4.5: Capacity Bid Regressions

Before OLS Before FE After OLS After FE
Energy price ($/MWh) 0.149*** 0.145*** 0.0129 0.0352**
(0.0242) (0.0233) (0.0192) (0.0146)

Reg. requirement (MW) -0.000251  0.0000781  0.00248*  0.00273***
(0.00139)  (0.00121)  (0.00134)  (0.000882)
Status 11.98*** 1.104 -2.802 -1.572%
(4.008) (2.615)  (2.916)  (0.936)
Regulation capacity (MW) 0.0970 -0.0436 0.0255 0.0103
(0.0685)  (0.0273)  (0.0726)  (0.00782)
Response rate (MW /min) 0.252 0.487
(0.331) (0.325)
Constant 0.756 17.49*** 6.899 11.90**
(4.365) (2.497) (4.888) (1.158)
Observations 664687 672412 1325959 1325959
Adjusted R? 0.194 0.562 0.101 0.658
Clusters 45 45 47 47

Notes: an observation is a power plant in a given hour. Dependent variable is the
capacity bid. Before and after are relative to FERC Order 755 and include years
2013-2015Q1 and 2015Q3-2019 respectively. FE: power plant fixed effects. Only
plants who bid every year and change their bids in a given year included.
Standard errors are clustered at the power plant level and are reported in paren-
theses.

*p <01, p<0.05 " p<0.01

tistically significant impact on capacity bids (52 # 0) after the policy change. In
contrast, before the policy change demand does not seem to influence bids for the

average plant.
4.5.2  Individual Bidding Patterns

Although the regression results in Section 4.5.1 are informative of the aggregate pat-
tern they mask individual differences. As I show in this section, power plants follow

different bidding strategies. I classify the bidding behavior of power plants to 5

91



groups*2.

Plants in the first group (frequency) change their bids in high frequency
seemingly following some external signal. The second group (occasional) is charac-
terized by occasional bid changes. Plants in the third group (hourly) seem to follow a
recurring bidding pattern. In particular, most of these plants bid the same depending
on the hour of the day. This might happen if plants follow regulation requirements in
their bids. The fourth group (changer) is characterized by plants who changed their
bidding strategy. Finally, some plants never change their bids. Figure 4.3 presents

examples for bid timelines for the first 4 groups.

rouptyen month day hs) arouptyen month da hr) aroustyen month day hs) crouptyen month day b

(a) Frequency (b) Occasional (c) Hourly (d) Changer

Figure 4.3: Bidder Timelines 2016. Group - Representative Bidder

[ estimate fixed effects models similar to Equation (4.1) for the four groups sepa-
rately. Table 4.6 presents the results of these estimates. Groups follow quantitatively
different bidding strategies. Group 1, seems to follow the energy price closely. Most
likely, they actually modify their capacity bids as the underlying fuel (gas) price
changes. The impact of energy prices is economically significant for this group. A
1$/MWh price energy price increase is associated with a 0.0962$/MWh increase in
individual bids. Although, the coefficients of regulation requirement (demand) and
regulation capacity are statistically significant their magnitude is very small. The
model explains around 53.6% of the variation in bids which is high considering the
frequency of bid changes. Occasional bidders seem to modify their bids occasionally
without a clear pattern. Plants in the third group seem to modify bids mostly based

on regulation demand. The impact is both statistically and economically significant.

42The classification is based on visually investigating how bids of an individual plant changes over
time. See Appendix C.5 for these graphs for each group.
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On average, bids are $0.96 higher for a 100 MW increase in demand (the difference
between demand at 4am and 8am). Finally, changers group plants who appear to

have changed bidding strategies.

Table 4.6: Capacity Bid Regressions by Group (After 2015)

(1) (2) (3) (4)
Frequency Occasional  Hourly Changer
Energy price ($3/MWh) 0.0962*** 0.00450 0.00608  -0.00511
(0.0278) (0.00767)  (0.00336) (0.00446)

Regulation requirement (MW)  0.000497  -0.000331  0.00958*  0.00121
(0.000715) (0.000210) (0.00247)  (0.00119)

Status -2.515 0.138 -1.736*** -0.352
(1.537) (0.319) (0.106) (0.262)
Regulation capacity (MW) -0.00324 0.00641  0.0565***  0.0331***
(0.00414) (0.00550) (0.0121)  (0.000545)
Constant 13.54*** 8.954*** 5.309*** 6.101***
(1.057) (0.617) (0.788) (0.406)
Observations 398117 224468 210048 105024
Adjusted R? 0.536 0.638 0.057 0.232
Clusters 12 9 6 3

Notes: an observation is a power plant in a given hour. Dependent variable is the
capacity bid. Only after FERC Order 755 included, 2016-2019. All specifications
include power plant fixed effects. Only plants who bid every year and change their
bids in a given year included.

Standard errors are clustered at the power plant level and are reported in paren-
theses.

*p<0.1,* p<0.05 " p<0.01

4.5.8  Summary of Findings and Interpretation

Table 4.7 summarizes the results of empirical tests of theory predictions. The results
question the theoretical prediction of truthful bidding under the VCG design. In
particular, they suggest that bidders followed similar bidding strategies before and
after the market design change. The results are surprising because bidding under

VCG is simple if bidders know their own marginal costs. For example, Hortagsu and
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Puller (2008) proposes VCG as an option over more strategically complex mechanism
such as the uniform price auction. My results suggest that VCG does not resolve the
problems of strategic complexity. Power plant operators still follow different strategies
possibly due to differences in strategic sophistication®?.

Frequently repeated interactions should allow power plant operators to converge
to best response behavior such as in Doraszelski, Lewis and Pakes (2018). T provide
four reasons why the learning channel might fail to deliver optimal bidding. First,
power plant operators might not be informed of market rules to sufficient detail. Bid-
ders might have started with beliefs that previously optimal bidding is still optimal.
Second, although optimal bidding is simple, proving that truthful bidding is optimal
is hard. Third, the stakes are not too high. Any optimization is likely to be costly
for power plant operators. Simply, the cost of optimizing bidding might overweigh
the benefits**. Fourth, learning is particularly difficult in this environment. Every
hour, only a few power plant operators win in the auction often due to energy auction
outcomes. As a result, linking regulation bids to compensation might be difficult even
with significant effort?®. Altogether, my findings warn against using bids from a VCG

mechanism to identify marginal costs.
4.5.4  Alternative Fxplanations

First, I consider the possibility that demand and energy prices are correlated with
marginal costs. Gas fired power plants provide the bulk of regulation and gas prices
are highly correlated with energy prices in New England. Higher gas prices might
increase the opportunity or the actual cost of providing regulation. Lost opportunity

cost should not influence bidding under VCG (see Appendix C.2.). If providing reg-

43Gee for example, Hortagsu et al. (2017)

4 Hortagsu and Puller (2008) finds that large power plant operators are closer to best response
bidding in the Texas energy balancing market. Small operators follow rule of thumb strategies. They
also find that the benefits of optimization are likely to be too small for small operators to invest in
optimization.

4Doraszelski, Lewis and Pakes (2018) finds that bidders converge to an equilibrium best described
by Nash best response bidding in a similar environment.
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Table 4.7: Theoretical Predictions
Model Prediction Finding
VCG Capacity bids are independent of energy prices. X
VCG Capacity bids are independent of regulation demand.
VCG Energy prices influence mileage bids.

Uni. price Energy prices have an impact on capacity bids.

Uni. price Regulation demand does influence bids.

Compare The impact of energy price is higher for bids before 2015.
Compare The impact of demand is higher for bids before 2015.
Compare The variance of capacity bids are higher before 2015.

(o N BN G, BNY NGURE R IS+

N X AN[X NIX X

ulation is not energy neutral power plants fuel prices directly influence costs. This
effect is likely to be small and likely to alter service bids rather than capacity bids.
However, I find that service bids are responsive to energy prices (see Appendix C.4 for
details). A 10 $/MWh is associated with a 0.02 $/Mile service bid increase which is
around 10% of the market clearing price. However, the impact is not statistically sig-
nificant using clustered standard errors. Given the economically significant response
of service bids there is no reason why power plants should increase capacity bids as
well. Finally, fuel prices do not explain why power plants respond to demand changes.

Second, owners of multiple plants might co-optimize. Competitive auction models
assume that bidders do not coordinate bidding. My sample consists of companies
owning multiple power plants. The VCG design does not take ownership into account.
Resources are selected and compensated as if they are owned by different companies.
Compensation of a winning bids is based on bids of losing bids. Hence, a bidder
might bid higher in its losing resources to increase the compensation of its winning
resources. As Cramton (2012) also highlights, this creates an incentive to overbid only
for rejected marginal resources. Cramton (2012) argues that it is difficult to know in
advance which resource will be optimal. Moreover, any overbidding is limited by the
offers of other bidders.

Finally, it is unlikely that market might is still under a phase of experimentation.

Doraszelski, Lewis and Pakes (2018) finds that the UK frequency regulation market
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needed 3.5-4 years with monthly interactions to converge to a new equilibrium. In
New England, participants interact daily. Therefore, it is likely that in 2018 or 2019
(after more than 1000 interactions) the market would be in the new equilibrium. In
addition, the data shows that firms experimented mostly until the end of the 2015

calendar year.

4.6 Conclusions

I provide evidence that power plants do not bid optimally in the ISO NE frequency
regulation auction after the 2015 change to a VCG design. Power plants change their
bids when demand changes. High demand is associated with weaker competition and
higher market power of participants. However, under the modified VCG auction bids
should be independent of market power. My preferred interpretation is that finding
optimal bidding by experimentation is hard. Bidders kept strategies used before
the market design change without major updating. My results suggest that VCG
algorithms might not be superior in complex auction environments. This paper also
questions the validity of using VCG bids to identify marginal costs. A key limitation
is that I do not observe market outcomes therefore it is difficult to confidently say

that power plants ”leave money on the table”.
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5

Conclusions

In Chapter 2, I estimate carbon dioxide marginal abatement costs for various manu-
facturing industries using observational data for the first time. The empirical strategy
I propose is new. The key advantage of my methodology is that it can be used with
widely available data on production variables and emissions. I find that marginal
abatement costs are the lowest in the cement, chemicals and power industries. When
introducing a carbon tax is not politically feasible, targeting these industries with
subsidies to decrease emissions would increase social welfare the most. My results
have implications for the market design of carbon markets around the world. Ce-
ment, chemicals and power firms are the most likely to decrease emissions as the
carbon price rises to levels close to the social cost of carbon. My estimates show vast
heterogeneity both within and across industries but no clear gap in the distribution
of marginal abatement costs. This suggests that it is unlikely to observe drastic price
increases when the allowance caps is lowered.

In Chapter 3, I study the transition towards a cleaner power generation fleet
in PJM. I extend non-stationary dynamic competitive models by adding multiple
technologies and an hourly spot market. Both of these are key characteristics of

power generation markets. My findings highlight the importance of analyzing the full
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transition path when comparing environmental policy instruments. Policies that lead
to similar long-term outcomes induce vastly different transition dynamics. Neither
entry nor exit subsidies come close to the efficient outcome which is achievable by a
carbon tax. My results show that these instruments are a poor substitute for carbon
taxes when welfare along the transition path is considered.

In Chapter 4, I analyze bidding in a multi-unit VCG auction. My setup is unique
as there is virtually no observational evidence on how the VCG mechanism performs
for multiunit auctions. Bidding under a VCG design is simple since truthful bidding
is optimal. However, I find that participants bid higher when relative market power
increases. Additionally, my results suggest heterogeneity in bidding strategies and
sophistication. My preferred interpretation is that players were not able to learn
optimal bidding most likely due to a combination of low stake and a complicated
market design in which it is difficult to link bids to outcomes. Altogether, my results
suggest that using VCG bids as estimates of true marginal costs can be misleading

in complex environments.
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Appendix A

Appendix to Chapter 2

A.1 Data Construction and Quality

A.1.1 FEU ETS Registry Data

I access data through the European Union Transaction Log (EUTL)'. The unit of
regulation is an installation (plant). However, trading is done at the firm level. The
registry administers several types of accounts used for compliance and trade in the
program. The two most important are Operating Holding Accounts (OHA) and Per-
son Holding Accounts (PHA). OHAs belong to firms that directly own installations.
A typical OHA is a firm at the country level who operates installations. PHAs do
not directly own installations but might own them indirectly. A typical PHA is the
headquarters or the trading arm of a multinational firm. Compliance with the pro-
gram is completely through OHAs and I focus my analysis on the activities of them.
PHA accounts might be used to reshuffle allowances in between firms that belong to
the same parent company.

I get information on installations and OHAs by scraping the ”Operating Holding

Accounts” tab on the EUTL website. The data contains identifying information on

!Data is available through The European Union Transaction Log (EUTL) website at https:
//ec.europa.eu/clima/ets/.
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both the installation and the OHA it belongs to. I observe the main activity of
the installation, its emissions and surrendered allowances. This is the only source of
data at the installation level that I use. I observe a national company identification
number for OHAs. Since this data contains mistakes, I use Jaraité et al. (2013)’s
cleaned national ID data?.

I scrape the "Transactions” tab on the EUTL website to get information on al-
lowance trading. In contrast to the OHA data this requires more cleaning. First, the
timing of the program does not perfectly correspond to calendar years. Firms have
to surrender allowances by the end of April the following year to cover their yearly
obligations. Therefore, I create the relevant year from May to May for transactions
trading. Second, the data contains transactions of all types including the initial allo-
cation and auctioning of allowances, trading inside and outside firms, surrenders and
administrative transactions. I categorize and clean these based on the description
of codes and the entities involved. Eventually, I need to be able to build variables
describing banking and trading behavior of firms. I use the initial allocation of al-
lowances and surrenders as observed in the OHA data3. I include inside and outside
firm transaction and auctioned allowances in net trade yearly balances for OHAs*.
Then, I generate the full yearly balance by adding net trades to the initial allowances
minus surrenders. Finally, the current bank of allowances is derived by adding up the
yearly balance to last year’s bank. Transferring allowances is not allowed from Phase
I to Phase II, so the bank starts at 0 in 2008.

Even though the two EU ETS registry datasets come from the same source, merg-
ing them is not trivial. There is no numerical id linking the two datasets. Therefore,

I have to merge on account names. The accounts dataset contains OHAs, whereas

2Most of the cleaning they do is about company identifiers in Germany that are often misspecified
in the original data. Since most accounts were established early, even though done in 2013 the
cleaning takes cares of most of the issues. There is also less mistakes in later years.

3Surrenders almost always equal to emissions.

4The auctioned allowances are hard to identify from the data.
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transactions have PHAs as well. An OHA might not show up in the transaction
database and a PHA might have the same name as a missing OHA. My scraping
algorithm does not always produce consistent results for strings which I also have
to correct. Therefore, I treat the accounts dataset as the basis and add transaction
information to it using OHA accounts only. This results in an almost perfect merge
but possible loses some OHA trades. I match 90% of total transactions done by OHAs
to OHA accounts in my data. I treat firms without observed transactions as if they

did not trade at all.
A.1.2 Orbis Dataset

Orbis is a global database that includes information on public and private firms’ high
level balance sheet and income statements that is provided by Bureau van Dijk®.
Orbis’s European module is called Amadeus which covers all countries under the
EU ETS. Amadeus also includes information on company ownership. Data quality
varies among countries but is generally considered to be better for the EU. In all EU
countries, even small firms must file financial statement information to a national
registry for administrative and tax purposes. BvD collects information from these
national registries®. Kalemli-Ozcan et al. (2015) provides a detailed guide on how
to use Orbis data for economics research. They are able to cover around 70% of
total economic activity in the EU with Orbis while also being able to reproduce firm
distributions produced by Eurostat. Furthermore, Orbis data is widely used in the
literature on finance, trade and macroeconomics and more recently in the literature
on productivity and markups’. I access historical Orbis data through the license

of the Ford Library of the Fuqua School of Business of Duke University®. I follow

5Orbis is an umbrella term to describe the entire portfolio of BvDs offerings.
6The requirements for filing vary across the EU. See Kalemli-Ozcan et al. (2015) for a review.

"Recent papers using Orbis data to measure productivity and markups include productivity and
markups include Asker, Collard-Wexler and De Loecker (2014) and Autor et al. (2020).

8Depending on the source of access, the data quality can vary. Historical Orbis data on disks is
generally considered to be the best quality (Kalemli-Ozcan et al. (2015)). The data I have access to
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Kalemli-Ozcan et al. (2015) to process the Orbis dataset.

Because Orbis is based on financial statements it is not as detailed on the operation
of firms as manufacturing censuses. Furthermore, it is at the firm and not the plant
level. The data includes production variables in monetary terms such as revenues
(output measure) and materials costs (intermediate inputs). I observe the wage bill
and the number of employees separately. Since I do not observe investments, the
capital measure I can use is balance sheet based (fixed assets). In addition, Orbis
provides several company identifiers and industry classification codes (SIC, NACE,
NAICS). Data availability varies by country and variable. For the EU ETS firms
that I am able to match, balance sheet data is available for around 95% of firm-year
observations. That is, for 95% of the firm-year observations when Orbis reports a
database entry I also observe balance sheet variables. Key lines of income statements
such as revenues and EBIT are available for around 90%. The wage bill, number of
employees and materials costs are available for around 80%, 80% and 70% respectively.
Orbis does not track firms through time consistently. Firms might start reporting
late, stop reporting, altogether or miss reporting in some years. Balanced panels of
Orbis do not actually represent real entry and exit. Furthermore, the number of firms

without missing observations for a ten year time period is very small.
A.1.3 Linking EU ETS Data with Orbis

I link the EU ETS data with Orbis using national company identifiers. Orbis reports
several national identifiers for each firm. For most countries, this includes at least
a tax identifier, likely one from the trade registry and possibly others. The source
of the identifiers used by the EU ETS is not defined and varies by the country.
Therefore, I collect all BvD ids that belong to any national ID that I observe in the
EU ETS dataset. To arrive at a unique BvD id for each national identifier I make

the following choices. First, I keep only consolidated entries when multiple available.

is essentially a replication of the historical disks.
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Second, I keep only end of the year reports for firms who report multiple times a
year. Finally, I keep only one source if there are multiple sources of reporting for the
same company-year. In some cases, there is several BvD id-s belonging to the same
national ID. These are usually cases when the national ID belongs to the mother
company whereas BvD has more detailed information on subsidiaries. I make the
general rule of picking the mother companies as this seems to be the optimal choice
for the observations I manually check. After these steps, there are still multiple
BvDids for some accounts that I clean manually. The above procedure assigns Orbis
BvDid matches to around 80% of EU ETS OHA accounts in my data’. The success
of the merge varies substantially across countries: it is above 90% in Italy, but below

70% in the Netherlands.
A.1.4 Data Quality

Table A.1 reports statistics describing the quality of the data in more detail. The
data covers 12 years (2005-2016) and 8707 EU ETS accounts. Column (1) reports
statistics for the full potential sample, notably, around 31% of observations have
zero or missing emissions. Column (2) contains the 80% of accounts for which I am
able to find an Orbis match irrespective of whether the data is missing for a given
year. Column (3) reports the full sample I am able to match to Orbis irrespective of
whether Orbis have all the variables available. I lose around 14 thousand (or 17%) of
observations due to missing yearly reporting or firm exits in Orbis. Column (3) covers
around 75% percent of all emissions. Column (1)-(3) are very similar in variables of
the EU ETS accounts data. I tend to lose observations with zero emissions in a given
year. Column (4) describes the sample for which I observe the full set of variables
required for production function estimation. Compared to column (3) I lose the 25%
of observations with zero emissions and the rest to variables missing in Orbis. The

biggest drop is due to missing materials costs. The production function sample covers

91 experimented with fuzzy matching based on account holder names but did not manage to
improve the rate much.

103



Table A.1: Data Availability and Selection
(1) (2) (3) (4) (5) (6)

All Orbis ever Orbis Prod fn Balanced Transactions

zero_emis 0.31 0.28 0.25 0.00 0.00 0.05
log_emissions 9.88 9.92 9.93 9.91 10.37 9.92
log_allocation 10.22 10.27 10.29 10.30 10.66 10.30
log_sales 17.41 17.74 18.31 17.57
log_materialcosts 16.50 16.88 17.52 16.66
log_laborcost 15.57 15.65 16.21 15.67
log_employees 5.10 5.18 5.47 5.18
log_fixedassets 16.98 17.24 17.82 17.17
log_ebit 15.06  15.08 15.52 15.14
log_balance_year 8.79
anytrade 0.53
Observations 104484 86320 72013 31767 9828 51577

Notes. An observation is a firm-year. Variable means reported. Columns indicate
different samples.

around 50% of all emissions and has firms that are generally bigger. The difference
is around 36% (or 36 log points) in sales, 26% in capital and 7% in the number of
employees. As expected, we miss variables and observations for smaller firms more
often. However, the difference in emissions is very small. Moving to a balanced
sample with all production variables available (Column (5)) comes with a loss of 70%
of observations. The balanced sample is also very different in size (57 log points bigger
in sales) and emissions (36 log points). Column (6) contains the full sample for which
I have transactions, Orbis and EU accounts data for (Column (3)+transactions).
Compared to Column (3) I lose 20% of observations with no emissions in a given
year'?. The remaining firms are modestly bigger (in sales, capital and labor) but do
not emit more. Again, this is expected, as it is more likely that bigger firms ever show
up in the transactions dataset. Around 53% of firm-year observations does participate

in trading in the EU ETS with lower shares trading in earlier years.

0This is somewhat surprising since most OHAs receive free allocations; therefore should show
up in the transactions dataset even if they are not trading. This is the main reason I use initial
allocation of allowances from the accounts data.
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A.2  Industry Classification

A.2.1 Detailed Description of Industries

This section describes the industry categorization in detail. EU ETS defines a main
activity for each plant under regulation. Whether a firm is included in the EU ETS
is roughly based on these activity types!!. I assign activity categories to the firm
based on the most common activity among its plants. Around 87% of the firms have
plants with only one activity type. A common pattern across the remaining firms
is to have a plant classified as power which I read as the plant has on-site power
generation. I categorize the firm in this case by the other activity type it has'?.
Eventually I am interested in assigning the main activity type to a firm. Therefore,
all activities leading to a final product are grouped together. An example is coke
production. Although the production of coke might be closer to refining of oil than
the production of steel I include it under the category ”steel”. Steel firms likely own
both a coke and a steel plant and this way the firm can clearly be classified as a
"steel” firm. I very briefly describe the manufacturing process and the main sources
of carbon dioxide emissions. Finally, I also provide rationale for some of the less
obvious groupings.

The category cement contains plants across the whole chain of cement produc-
tion'®. Cement production starts with mining limestone. For most cement plants,
the mine is either on-site or very close due to high transporting costs. Limestone
is heated with supplements to produce clinker, the main ingredient of cement. The

data contains both integrated and unintegrated cement plants but also standalone

limestone plants. Around one-third of plants seem to be limestone only, while the

The EU ETS has a finer product-based categorization used for benchmarking which I do not
have access to.

12The most common is an other and power combination, but almost all other categories have a
combination with power as well.

BEU ETS activities: ”Production of cement clinker”, ”Installations for the production of cement
clinker in rotary kilns or lime in rotary kilns or in other furnaces”, and ”Production of lime, or
calcination of dolomite/magnesite”.
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share of unintegrated plants is not clear. Carbon emissions come from the chemical
process of separating CaCOj3 to CaO (clinker) and CO, and the production of heat
and electricity.

Ceramics include production of bricks, tiles, porcelain and gypsum or plaster-
board, and other ceramics. Ceramics are hard, brittle and resistant materials made
by firing nonmetallic minerals (usually clay) at a high temperature!?. Plasterboard
is included here since it is mostly produced from clay and the key product is used
in construction. Gypsum or plasterboard is around 2% of total firms in the ceramics
category and are unlikely to significantly influence the estimates. The required heat
is usually generated by burning fossil fuels (mostly carbon) which is the key source
of C' Oy emissions.

The category chemicals include petrochemicals (e.g. plastic), carbon black, am-

15 The biggest category is the

monia, hydrogen, nitric acid and sodium carbonate
production of bulk chemicals (75% of observations) that is likely petrochemicals. The
most common process of manufacturing petrochemicals is steam cracking which re-
quires high temperatures. Similarly to petrochemicals, carbon black is manufactured
from heavy petroleum products and is most often used in tires. Ammonia is pro-
duced by reacting nitrogen in a high temperature high pressure environment. Nitric
acid production requires ammonia and heat. All chemicals production is highly en-
ergy intensive. The bulk of carbon emissions is coming from creating a high heat

environment by burning fossil fuels.

Glass'® includes industrial and commercial glass manufacturers and mineral wool.

MEU ETS activities: ”Manufacture of ceramics” ,”Installations for the manufacture of ceramic
products by firing, in particular roofing tiles, bricks, refractory bricks, tiles, stoneware or porcelain”,
and ”Production or processing of gypsum or plasterboard”.

I5EU ETS categories: ” Production of bulk chemicals”, ” Production of carbon black”,” Production
of adipic acid”,” Production of ammonia”, ” Production of hydrogen and synthesis gas”,” Production
of nitric acid” ,” Production of soda ash and sodium bicarbonate”

I6EU ETS activity types: ”Installations for the manufacture of glass including glass fiber”, ”Man-
ufacture of glass” and ”Manufacture of mineral wool”. T decided not to include sodium bicarbonate
production. It is an important raw material but its production process puts it closer to chemicals
than glass.
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Glass is most often produced by melting raw materials (silica, sodium carbonate) in
a furnace at high temperatures. Mineral wool production is relatively similar and is
often categorized as glass'”. The source of carbon emissions is again generating heat
by burning fossil fuels.

Non-ferrous metals is the production of several metals that do not contain iron
such as aluminium, copper and zinc!'®. Non-ferrous metals production is highly elec-
tricity intensive as it requires electrolysis to convert raw materials (ore) to the final
metal. Most carbon emissions come from the onsite generation of power.

The category paper covers both industrial and commercial production of various
types of paper!®. Paper production starts with manufacturing paper pulp most often
from wood. The process is relatively energy intensive and often achieved by on-side
generation of heat and electricity from burning fossil fuels.

Power covers electricity generation?. Standalone power plants generating electric-
ity for the whole market are straightforward and are included in this category. Power
plants onsite of industrial facilities are more difficult to classify and it is not clear
that the EU ETS treats these consistently?!. Therefore, I am restricting the power
category to plants that belong to firms whose main NACE industry classification is
power generation. I assign other power plants in category other.

The category refineries is fairly straightforward®?. Refining uses fractional distil-

lation which is highly energy intensive. Crude oil is heated and refined products are

I"EU ETS categorizes a Hungarian firm focusing on mineral wool as a glass producer.

I8EU ETS activities: "Production of primary aluminium”, ” Production of secondary aluminium”,
and ”Production or processing of non-ferrous metals”.

YEU ETS activity types: ”Production of paper or cardboard”,”Industrial plants for the pro-
duction of (a) pulp from timber or other fibrous materials (b) paper and board”,”Production of

pu1p77

20Includes EU ETS activity types: ”Power”, ”Combustion of fuels”, ”Combustion installations
with a rated thermal input exceeding 20 MW”.

21T am aware of mistakes such as categorizing the only Hungarian refinery as a ” Combustion of
fuels” plant.

22EU ETS categories:” Refineries”,” Mineral oil refineries” and "Refining of mineral oil”
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differentiated by their boiling points. Most refineries produce the required heat by
burning oil or coal on-site which is the main source of carbon emissions.

Steel includes the production of coke, steel and other ferrous metals (alloys of
iron) such as stainless steel?. Coke is a key ingredient to steel production and is
often produced at the same plant as steel. Coke is produced by heating coal to a
very high temperature in the absence of air. Ferrous metals are produced in furnaces
at very high temperatures. Most carbon emissions come from generating the heat
required to melt the raw materials.

Finally, other covers the category type other, all missing activity types and onsite

power generation. Aviation is not included in the EU ETS accounts data and therefore

neither in my dataset.
A.2.2  Activities and NACFE Classifications

In this section, I provide details on how my activity classification corresponds to
standard industry classifications. I pick NACE Rev. 2 as this is the primary classifi-
cation system Eurostat uses?*. The key takeaway of the analysis is that my activity
classification resemble well 3-digit NACE codes. NACE codes are assigned to a firm
”... according to its principal economic activity. The principal activity is the activity
which contributes most to the value added of the unit.” (Eurostat, 2008, p.29). Ta-
ble A.2 shows the most common primary NACE3 industry classification code and its
share. Activity categories are fairly homogenous: for most activities, the most com-
mon NACE3 code represents around or above 70% of firms. The standard complica-

tion of industry classifications is of vertically integrated firms. Vertical integration is

likely responsible for most of the remaining codes. A cement producer might mine

23EU ETS activity types:” Production of pig iron or steel”,” Installations for the production of pig
iron or steel (primary or secondary fusion) including continuous casting”,” Production or processing
of ferrous metals”,”Metal ore roasting or sintering”,”Metal ore (including sulphide ore) roasting
or sintering installations”,” Coke ovens” and ”Production of coke”. Coke could be included with
refineries as the distillation process is not unlike oil refining.

2ANACE: Nomenclature des Activités Economiques dans la Communauté Européenne. The re-
sults using NAICS (North American Industry Classification System) are similar.
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limestone and manufacture ready-to-mix concrete. In the data, the second and third

)

most common NACES codes for cement are ” Quarrying of stone, sand and clay” and
”Manufacture of concrete products for construction purposes” with shares of 7% and
5% respectively. For steel, the remaining codes are several categories of processing
steel (casting, manufacturing of pipes, etc) which similarly fits the vertical integration
logic. That is the key reason I am using activity categories that can span a vertically
integrated industry. The only outlier is power, which represents any power generating

unit that is likely located at manufacturing sites in my data. Power NAICS codes

represent a wide array of industries in my dataset.

Table A.2: Most Common NACE3 Primary Codes by Activity

Activity Description NACE3  Share
Cement Cement, lime and plaster 235 79
Ceramics Clay building materials 233 74
Chemicals Basic chemicals, fertilisers and nitrogen compounds... 201 s
Glass Glass and glass products 231 78
Non-ferrous metals Basic precious and other non-ferrous metals 244 71
Other 353 23
Paper Pulp, paper and paperboard 171 71
Power Electric power generation, transmission and distribution 351 100
Refineries Refined petroleum products 192 75
Steel Basic iron and steel and of ferro-alloys 241 57

Table A.3 shows the most common primary NACE4 industry classification code
and its share. My activity categories are less homogenous in this case but the logic

of vertical integration being mostly responsible for the differences holds similarly.

Table A.3: Most Common NACE4 Primary Codes by Activity

Activity Description NACE4  Share
Cement Cement 2351 40
Ceramics Bricks, tiles and construction products, in baked clay 2332 55
Chemicals Other organic basic chemicals 2014 24
Glass Hollow glass 2313 37
Non-ferrous metals Aluminium 2442 38
Other Steam and air conditioning supply 3530 23
Paper Paper and paperboard 1712 60
Power 3511 100
Refineries Refined petroleum products 1920 75
Steel Basic iron and steel and of ferro-alloys 2410 57
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A.3 Model Details

A.3.1 Intermediate Input Demand and Control Functions

First, I derive a formula for the intermediate input demand function from the static
profit maximization of the materials choice. I assume that productivity is factor neu-
tral, there is no uncertainty, materials choice is static, capital, labor and abatement
are already chosen. Not all of these are necessary but they make the exposition simple.
For deriving the control function it is easier to start from the original system of two
equations: the production function and the abatement technology separately. Under
the assumptions of the model with perfect competition, material choice satisfies:
max [;; = Pitf(Kita Li, Mit) - Z Pii(Xit — Tit B,
it
where X refers to inputs {K,L,M}, P is input price. Emissions are determined as a
function of abatement and all other input choices: E;; = g(ay)f(Ky, Lit, My). Profit
maximization leads to the following first-order condition:
af()

Py — tug(ay)) === = PY,
( it thg(azt)) 8]\/[ 2t

The expression shows that materials demand depends on emission prices and abate-

ment decisions (or emissions). The general expression is complicated but it is possible

to arrive at an expression for the transformed productivity term Qi as a function of
K,L,M,E,P™ P and 7. The functional form depends on the production function
f(+) and the abatement technology g(-).

Next, I derive the expression for the Cobb-Douglas case with a constant elasticity

abatement technology.

i = Pa(1 — ai)Qu K< LG MG = " P Xy — 7By

1
where Ej = By(1 — ay) s Qu K;* Ly M. The first order condition of materials

choice is:
Y; LY
Piag, (1 — ait)ﬁi — TuBi(1 — ay) e M:t = szy
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Then, I have to rewrite this to the transformed production function that has emissions

as input. After taking logs and reorganizing:

- E;
Wit = log (Pli” + mﬁ) —log(Py) — log(ay,) — agkiy — agliy — ceeir — (a — 1)myy
it

where w; = (1 — ap)wy — aglog(B;). This it the familiar Cobb-Douglas materials
control function with additional terms to correct for materials choice’s impact on
emission costs. What is key to observe here is that emission prices 7;; do not enter
linearly and complicate the otherwise linear functional form. A first-order Taylor
approximation of the first term and reorganizing the m; terms leads to:

. Eq

Wit =~ Tit Siiar . log(Py) — log(am) — arki — culiy — aceiy — (o)t

P, it Mit

I do not observe 7;; and only have proxies for it. I observe the market price of emission
allowances, allowance allocations and the stock of allowances each firm holds in the
beginning of the year. The functional form of how effective emission prices depend
on these is not clear. Suppose 7;; = 7, + 07 (Allocation, Emission, Bank) Then, 1

arrive at a functional form that I can use for estimation:

E;
—I—(WitM—t —log(Py)—log(am) —arky—aily—aeey— (om)my (A1)
Pit Mit

Wit =~ Ty

it
Py Mi
A.3.2  Imperfect Competition Case

This section discusses conditions under which my empirical strategy is valid with
imperfect competition and unobserved prices. I also detail how the interpretation
of some of the estimates are different in this case. I follow De Loecker (2011) and
Asker, Collard-Wexler and De Loecker (2014) and introduce a CES demand system

with monopolistic competition. Suppose the log production function is
Qi = exp(wiy + uy) K F Ly MG™ Ege
and the demand for a firm’s product has constant elasticity:

Qir = Py” * exp(&ir)
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where p is a parameter of demand elasticity and &; are idiosyncratic demand shocks.
Note that I could also introduce aggregate demand shifters or allow demand to depend
on prices of competitors such as in De Loecker (2011). We can use the demand system
to obtain an expression for price and arrive at revenue production functions of the

form:

* * * * * *
Tit = Wy -+ Oékkit + (7} lit -+ o, Mt -+ €4t + git + Uit -

The new input elasticity parameters measure the combined impact of production and
demand: of = ap[l — p7'] for h = k,l,m,e. Similarly, the new productivity term
picks up both demand and production effects w} = [1 — p~|w;; and demand shocks
need to be scaled according to demand elasticities £, = p~1&;. Alternatively, we can
combine w}, and &, into a joint term w;. In this case, w; picks up a weighted sum of
productivity and demand shocks where the weights are determined by the demand
elasticity.

Next, I derive material demand assuming materials are decided last and static
optimization in materials hold. Similar equations hold with slightly different timing

assumptions as well. The firms solves:
L wRAES [ T O g e, aad X v
max Wiy = e K, Lyt My ™ Byt — ) Py X
1

The resulting intermediate input demand equation takes the following form:

my = (1 —ap,) " wi + & + ok + ol + ey + log(as,) — log(PY)] .

This shows that intermediate input demand is monotonic in the new productivity
term wj, as well as its components. The control function based on the inverse of this
equation can only control for w}, even the best case when there is no variation in
demand shocks and input prices. When output is measured in revenues is controlling
for output prices (or its determinants when unobserved is correct), since output prices

are also endogenous to input choice.
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A.3.8  Abatement Choice, Emissions and Productivity

This section provides an illustrative proof for why emissions are correlated with un-
observed productivity. I assume that productivity is factor neutral, there is no un-
certainty, abatement choice is static and other inputs are already chosen. These are
not necessary but make the illustrative example simple. With these assumptions,

abatement expenditures are chosen to maximize per period profits:
I = Pie(1 — ag) f(Kit, Lig, M) — Z P{i{Xit — Tit Bt

where E;; = g(a, ) f(Ki, Ly, M;). The first order condition is

In this simple example, the abatement choice only depends on output and emission
prices and the abatement technology. By assumption, abatement does not influence
other input choices other than emissions. Therefore, neither productivity, nor the
functional form of the production function influences the abatement decisions. How-
ever, emissions are still positively correlated with productivity (even conditional on
other inputs choices) since they are explicitly a function of it. Notice that this would

be the case even if emissions would not depend directly on €2, since in this case the

1
abatement choice would. When g(a,-) = B;(1 — a)* emissions are:

1

Ei = BZOCET;FME (pitaE) 1_;“'9 f(Km L, M’it)

This shows that emissions are increasing in emission intensity (B;;) even though abate-
ment also increases in Bj;. Emissions also increase in the emission input elasticity,

output prices, productivity and other inputs.

A.3.4 Alternative Models

In this section, I show how my model can accommodate three alternative modeling

assumptions. First, the interpretation of a;; as abatement stock is consistent with the

model. Suppose Y;; = (1 —ay)f(+), By = (1 — ait)ﬁf(-), but a; is not interpreted
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as abatement stock. Total abatement expenditures in time period ¢ are unchanged:
a;Yy. Therefore, the marginal abatement costs (the derivative of the former in emis-
sions) is unchanged as well.

I also show an alternative model, when my empirical method fails. Suppose that

the production function is Cobb-Douglas and that Y;; = (1 — ay)f(+), Eyx = (1 —

1
ai)°r f(+). ay is abatement expenditure stock which evolves to the following similar
specification: a;; = a; + a;—1. After the inversion output depends on last year’s

abatement stock (ay;_1):

Yie = f(-)"7PEYF + ay 1 f ().

Empirically, omitting a;;_; from the production function results in biased elasticity
estimates. Input choices and in particular Fj; is likely negatively correlated with
abatement stock. Therefore, ag is likely to be underestimated (the direction of the
bias is not that clear since the functional form is not additive in logs.). Notice
however, that the interpretation of ag is different in this model since it measures the
impact of abatement stock and not just this year’s abatement expenditure. For the
inversion to work and for emissions to proxy for abatement expenditures there must
be a one-to-one mapping between a;; and Ej;.

Second, I assume that the abatement technology only requires capital. 1 show
that in this case, my empirical approach is valid and my model estimates can be
interpreted as a function of the parameters of this new model. The key to these
results is that capital is an observed stock measure and hence its measurement is
compatible with a stock interpretation of abatement. Consider the following model

with capital only abatement technology: Y = f((1 — ayu)Ky, Ly, M) and Ey; =

1

(1 — ay) e f(Ky, Ly, My). Then, a; Ky is capital allocated for abatement. As such,
abatement capital is indistinguisable from ordinary capital in the beginning of the
period. Although, this might be a strong assumption, the idea that a; can be thought
of as the share of abatement capital is useful. The key here is that capital is a stock
measure with dynamic implications and therefore the abatement technology inherits

these characteristics. When a;; increases the change additional abatement capital
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decreases emissions and not the change in abatement expenditures investment to
abatement capital. Notice that the one to one mapping in this case is between a;
(the share of abatement capital) which is a stock measure. As such, it can capture
the persistent impact of abatement expenditures. This model leads to the following
production function:
Y, = <Qilt_aEaK B;CXECYK)KgK(l_aEOCK)L?tL(l_aEOCK)M;:]M(l_aEOCK)EZ‘};EOLK

The functional form is the same and my empirical method produces consistent esti-
mates of the production function. The transformed estimates can yield drastically
different estimates of ap. Note that the interpretation of the estimates is also dif-
ferent. The elasticity of emissions intensity to abatement capital and to abatement
expenditure are different. Especially, since abatement capital measures the effects of
a stock measure, the estimates are likely higher. Allocating an a;; share of the capital
input gives up less output (how much less depends on «). However, to allocate a
similar amount in monetary terms, the firm would need to allocate a much higher
share of capital than output. Therefore, the two models measure the same underlying
phenomenon. The interpretation of the capital only model might be more reasonable

for some circumstances.

Third, assume emissions do not increase linearly with potential output: Y;; =

(1 —ay)f(:) and B = (1 — ait)éf(-)‘w. When ay = 1, we get back the lin-
ear case. With ay above 1, emissions are increasing faster than linear in output.
The reason it is important is because in this case, there is an additional chan-
nel through which technology effects emissions. Any methodology that is trying
to separate the impact of abatement expenditures from technology have to account
for this. The transformed production function takes the same Cobb-Douglas form:
Y = Ql-esay pmos pos ([ox [or Mfom)l=asay - The input elasticities are slightly dif-
ferent. When With ay is above one, relative importance of emissions is higher in the

final production function. The overall implications are similar.

115



A.8.5 Marginal Product of Emission is Marginal Abatement Costs

In this section, I show that the marginal product of emissions in the transformed
production function is equivalent to the marginal cost of abatement for the Cobb-
Douglas case. First, notice that abatement expenditures in this model are measured
by aQ2f(-). From the abatement technology (equation 2.2) we can derive the following

expression:

af ()= f() = B2 B (f(:))'"" = f()) = BB (f(-))' "

Notice that emission influence abatement expenditures only through the second
term which is the transformed production function (f(-) — QK%K L3 M& FoB) Tak-
ing the partial derivative of af(-) in E measures the marginal abatement costs. The
above shows that this is equivalent to -1* the marginal product of emissions in the

transformed production function.

A.4  Vertical Integration and EU ETS Coverage

The EU ETS regulates emissions at the plant level for certain industries and above a
certain level of activity. Firms that own these plants likely have other activities that

make the firm level measurement inaccurate. The firm variables also include other

activities such as an unregulated plant in the same industry or plants in other indus-
tries. It is likely that output and inputs are generally higher than the aggregates of
EU ETS plants the firms own. For instance, a vertically integrated cement-concrete
firm has higher revenues and other inputs for the same emissions as a similarly pro-
ductive non-vertically integrated firm. Alternatively, emissions are underestimated
for vertically integrated firms and for those active in other industries. The key to
understand the potential bias this might cause in the coefficient estimates is to real-
ize that essentially this is an issue of measurement error in emissions. Suppose we
observe é; = e;; + v, where e;; is log emissions and v is measurement error. At best,

when the measurement error is classical it causes to coefficient estimates of the emis-

sion input elasticity attenuated towards zero. However, v;; is likely to be negatively
correlated with e;. Since vertically integrated firms they tend to be bigger (have

additional activities), they would have had higher emissions if they were a similar
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sized non-vertically integrated firm?°. Therefore, v;, is likely a high negative value for

these high emissions firms (again compared to the hypothetical if they were the same

size but non-integrated firm). In the followings, I show that the sign of the bias of B,
is not clear even in the single-variable OLS regression of output on emissions. The

bias in this case is:

2
plimf, = (1 Ty 1 Oer )ﬁe

g2 2
o+ 0.+ 20,

In contrast to the classical measurement error case (0., = 0), a negative o, can result
in an overestimate of a positive .. |0.,| > o2 when the correlation of e and v is high
and the standard deviation of e is much higher than of . This is not unlikely, and in
the extreme case, can result in a strong upward bias of the coefficient estimate. When
the measurement error is correlated with emissions is when the potential bias for [,
is likely to be the most severe. However, v might also be correlated with other inputs
or unobserved productivity. In this case, other coefficient estimates are likely to have
a stronger bias. Again, the directions of this bias are unclear. This exercise shows
that the bias due to mismeasurement in my case is unclear even in an simple OLS
setup. Showing the sign of the bias in my production function estimation method
is much more difficult. In any case, it is likely that the sign or magnitude of the
bias is not possible to determine ex-ante. that instrumenting for e; with e;_; does
not resolve this issue, since e;_; is likely to be similarly mismeasured for vertically
integrated. Collard-Wexler and De Loecker (2016) proposes a method to deal with
classical measurement error in inputs in production function estimation which requires
a second, uncorrelated measure. Unfortunately, in my setup this is hard to come by
since the real measurement is a hypothetical (using allocations has the same issue as

emissions).

A.5 Robustness

This section reports the results of several robustness exercises. The key results are

discussed in detail in Section 2.5.3. First, I address the robustness of my elasticity

25 Alternatively, we observe firms that should not be in the data that have emissions measured
too low.
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and MAC estimates to measurement error due to vertical integration. I restrict the
sample to firms for whom the vertical integration issue is less likely to be serious.
Table shows my elasticity estimates are similar across different specifications. Table
A.5 reports the distribution of marginal abatement costs across the restricted samples.
Table A.6 shows that the industry rank of MACs is essentially unchanged across the

specifications.

Table A.4: Robustness of Elasticity Estimates to Measurement Error
Standard Mode Mode+ ETS Narrow Single Small

Elasticity

Bk 0.146 -0.015 -0.022 -0.008 -0.017  0.002 -0.000

B 0.315 0.039  0.037  0.029 0.031 0.012  -0.002

Bm. 0.455 -0.018  0.004 -0.018 -0.001 -0.018 -0.005

Be 0.068 0.007 0.004 0.005 0.004 0.012  0.007
Elasticity - absolute

| Bk 0.146 0.018 0.024  0.019 0.036  0.014  0.003

18 0.315 0.042 0.050  0.035 0.069  0.018 0.009

|Bim| 0.455 0.038  0.045 0.035 0.042 0.019  0.008

|Be 0.068  0.011  0.018 0.011  0.019 0.012 0.008
Standard error

se B 0.025 0.008  0.008 0.004 0.007  0.005 0.004

se B 0.042 0.008  0.010  0.009 0.016  0.007  0.001

se Bm 0.036 0.007  0.015 0.009 0.013 0.008  0.003

se fe 0.016 0.004  0.010  0.003 0.005 0.003  0.001
Scale and persistence

scale 0.984 0.013 0.023 0.007 0.018 0.008 -0.000

w;¢ persistence 0.907 0.003 -0.010 0.014 -0.817  0.010 -0.004
Correlation

Be 1.000 0.894 0.880 0954  0.874  0.972 0.995
Observations 18338 10861 6711 11210 17761 13370 18338

Notes. An observation is a firm-year. Firms from activity other are excluded. Years: 2005-2016
Standard: Cobb-Douglas with linear materials control function, high level activity aggregation,
means reported. All other specifications show the mean of the individual differences to standard
estimates.

Mode: Firms with modal NACE4 code only. Mode+: Mode and no other industry codes. Mode
ETS: Firms with modal EU ETS mainactivity. Narrow: estimated at the EU ETS mainactivity
level. Single: single plant firms only.

Second, I turn to the robustness of my elasticity estimates to different control
functions. I estimate several specifications when I use different proxies and functional
forms to control for emission prices (7;;) in equation A.1. T experiment with different
ways to proxy the first and second terms of equation A.1. I do not directly observe

these terms and it is not ex-ante clear what the best proxies are. "ME1” T uses

variables 71 = 7 % ¢/m and 17, = log(A/E)E/M as proxies for the first and second
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Table A.5: Robustness of Marginal Abatement Cost Estimates
Standard Mode Mode+ ETS Narrow Single Small Poly2

A, distribution

25th percentile 37 32 42 40 42 51 45 77
Median 90 68 70 108 156 115 104 173
75th percentile 239 189 152 277 587 314 271 468
90th percentile 1045 1198 628 1037 2178 1535 1177 1632
Observations 18338 10861 6618 11210 35109 13370 18338 18338

Notes. An observation is a firm-year. Firms from activity other are excluded. Years: 2005-2016.
A;¢ is measured in €/ton CO4 equivalent. A;; represents the expected marginal abatement cost
for firm i in time t at the observed level of output and emissions. Standard: Cobb-Douglas with
linear materials control function, means reported. Mode: Firms with modal NACE4 code only.
Mode+: Mode and no other industry codes. ETS: Firms with modal EU ETS mainactivity.
Narrow: estimated at the EU ETS mainactivity level. Single: single plant firms only. Poly2:
standard but control function is second-order polynomial.

Table A.6: Median MAC industry Ranking in Different Specifications

method lowl low2 high2 highl

cd_m Cement Power Refineries Non-ferrous metals
cd_m_ind_ets_m Cement Power Refineries Non-ferrous metals
cd_m_ind_mod Cement Power Chemicals Non-ferrous metals
cd_m_ind_mod_r Power Cement Non-ferrous metals Chemicals
cd_m_mainact Refineries Cement Glass Ceramics
cd_m_poly2 Cement Power Refineries Non-ferrous metals
cd_m_small Cement Power Refineries Non-ferrous metals
cd_m_sp Cement  Chemicals Non-ferrous metals Refineries

Methods are Standard, ETS, Mode, Mode+, Narrow, Poly2, Small and Single plant.
Industries are ranked by median marginal abatement costs (A;) Lowl: lowest, low2:
2nd lowest, high2: 2nd highest, highl: highest.

term respectively. "ME2” includes the emission price 7; and allocation level a; to
simplify the functional form. "ME3” includes the emission price 7; and the size of the
allowance bank b;. Again, b; proxies for emission prices. "ME4” replaces b;; with
log(Bi/Ey). Finally, "ME5” includes 7 and log(By/E; * E/M as proxies. Table
A.7 reports the difference of the different emission control proxy cases to the main
specification. Generally, the estimates are very similar. The two specifications that
are the most different are likely to be misspecified (w; persistence is too low).
Finally, Table A.8 show the robustness of my elasticity estimates to using a second-

order polynomial control function. MAC estimates for this specification are reported

in Table A.5.
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Table A.7: Robustness to Emission Prices in the Control Function
CD M proxy ME1 ME2 ME3 ME4 MES5

Elasticity

Bk 0.146 -0.010 -0.002 0.000 0.004 -0.016

B 0.315 -0.025 -0.010 -0.025 0.010 0.013

Bm 0.455 0.033 0.020 0.010 -0.025 -0.008

Be 0.068 -0.022 -0.002 -0.016 0.015 0.003
Elasticity - absolute

| Bkl 0.146 0.012 0.014 0.014 0.009 0.018

= 0.315 0.027 0.040 0.031 0.043 0.034

|Biml 0.455 0.035 0.026 0.026 0.039 0.052

|Bel 0.068 0.025 0.021 0.021 0.032 0.021
Standard error

se B 0.025 0.011  0.006 0.001 0.004 0.030

se O 0.042 0.046 0.010 0.014 0.013 0.053

se Bm 0.036 0.0563 0.013 0.011 0.010 0.063

se Be 0.016 0.040 0.018 0.015 0.016 0.055
Scale and persistence

scale 0.984 -0.024 0.006 -0.030 0.005 -0.008

w;¢ persistence 0.907 -0.252  -0.082 0.026 -0.060 -0.194
Correlation

Be 1.000 0.538 0.925 0.924 0.824 0.798
Observations 18338 18338 18338 18338 18338 18338

Notes. An observation is a firm-year. Firms from activity other are excluded. Years:
2005-2016.

CD M proxy: Cobb-Douglas with linear materials control function, means reported.
All other specifications show the mean of the individual differences to CD M proxy
estimates. ME: different specifications with materials proxy controlling for emission
prices.
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Table A.8: Production Function Estimates - Second Order Polynomial Control

(1) (2) (3) (4) () (6) (7) (8) (9) (10)
Cem Cer Chem Glass  Non-ferr Oth Paper  Power Ref Steel

Other input elasticities

B, 0493 0411 0150  0.148  -0.057  0.343 0357  0.051  0.299  0.303
(0.167)  (0.060) (0.177) (0.117)  (0.150)  (0.067) (0.067) (0.088) (0.238) (0.066)

B 0277 0311 0496 0608  0.721 0405 0362 0396  0.199  0.617
(0.136)  (0.040) (0.188) (0.100)  (0.092)  (0.028) (0.074) (0.053) (0.171) (0.048)

Br 0.079  0.092 0179 0116 0113  0.146 0171 028 0070  0.051
(0.032) (0.020) (0.072) (0.024) (0.060) (0.022) (0.030) (0.053) (0.092) (0.021)

Emaission elasticity

Be 0.090  0.166  0.027 0.037 0092 0028 0142 0.038 0280 0011
(0.088)  (0.047) (0.092) (0.086) (0.088)  (0.033) (0.040) (0.040) (0.095) (0.040)

Returns to scale

Br + B+ B + Be 0938 0981  0.853 0909  0.869 0922 1.032 0769  0.848  0.982
(0.072) (0.041) (0.204) (0.067)  (0.096)  (0.073) (0.035) (0.073) (0.144) (0.037)

[lem] Productivity

Persistence 0.889 0.828 0.836 0.838 0.895 0.892 0.793 0.800 0.940 0.707
Median 2.905 2.478 3.989 2.816 3.721 2.816 1.729 4.964 6.452 1.508
Inter-quartile range 0.429 0.509 0.453 0.383 0.440 0.559 0.320 0.919 1.785 0.237
Observations 1713 4534 901 1953 274 17674 3988 2684 506 1785

Notes. An observation is a firm-year, all observations (unbalanced panel) included, 2005-2016. Block bootstrapped (firm level)
standard errors reported in parenthesis, 100 iterations. Control function is second-order polynomial in log inputs, emission price
controls not included. Instruments: {k;:, kit—1, kit—2, lit—1, lit—1, Mit—1, Mit—2, €4—1, €4—2 }. Estimated productivity w;; calculated
as é() — f (+), does not contain measurement error €;;. Persistence is calculated as the regression coefficient on @;; = pwir—1 + Viz.



A.6 Marginal Revenue Product Comparison

I calculate the dispersion of marginal revenue product (MRP) of all inputs in my
main specification. Table A.9 reports two measures of dispersion across firms within
a year. MRPE shows the most heterogeneity. Table A.10 shows within firm through
time dispersion. Emissions vary more than any other input within firms through
time. This supports an explanation of possible high adjustment costs combined with

long-term high price expectations hindering firms increasing emissions.

Table A.9: Dispersion in Marginal Products - 2015
Cem Cer Chem Glass Non-ferr Paper Power Ref Steel All

St. dev
K 0.75 0.91 0.92 0.75 1.15 0.93 1.63 148 1.28 1.06
L 0.34 041 1.10 0.50 1.56 0.61 1.55 1.35 0.71 0.77
M 0.50 0.51 0.86 0.36 0.48 0.36 1.00 1.13 0.37 0.56
E 1.00 1.06 1.61 0.96 1.69 1.58 2.44 198 1.25 1.47
Igr
K 0.91 1.14 1.00 0.94 1.12 1.00 1.70 152 1.26 1.17
L 0.46 0.44 1.01 0.68 1.48 0.55 1.55 1.69 0.86 0.81
M 0.52 0.52 0.71 0.46 0.75 0.28 1.00 1.89 0.46 0.59
E 0.81 1.38 241 0.97 2.85 1.65 3.01 296 114 1.72
Observations 137 326 107 166 42 319 237 44 162 1540

Notes. Category other excluded. Main specification. Iqr: interquartile range.

Table A.10: Dispersion in Marginal Products Through Time
Cem Cer Chem Glass Non-ferr Paper Power Ref Steel All

St. dev
K 0.31 0.38 0.35 0.38 0.30 0.37 0.46 054 039 0.39
L 0.16 0.21 0.57 0.18 0.22 0.18 0.48 0.37 0.24 0.26
M 0.25 0.31 0.32 0.15 0.11 0.14 0.37 031 0.13 0.24
E 0.37 0.55  0.65 0.38 0.57 0.52 0.72 047 044 0.52
Igr

K 0.20 0.29 0.17 0.22 0.21 0.19 023 020 026 0.23
L 0.09 0.14 0.16 0.10 0.19 0.11 0.23 0.18 0.14 0.14
M 0.13 019 0.15 0.10 0.09 0.09 019 0.12 0.08 0.14
E 0.17 0.28 0.32 0.14 0.42 0.17 034 019 021 0.23
Observations 1586 4093 855 1805 267 3668 2527 472 1670 16943

Notes. Category other excluded. Main specification. Iqr: interquartile range.
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Appendix B

Appendix to Chapter 3

B.1 Background - Capacity and Ancillary Services Markets

The system operator also has a responsibility for the security and stability of the
electricity system on the long run. Not only is it required to match supply and
demand today, ISOs also have to set up incentives such that demand can be satisfied
years ahead. ISOs usually plan to be able to match maximum demand plus a reserve
margin. Reserve margins meant to provide an insurance against unexpected power
plant shut downs, congestion or changes in demand. The socially optimal level of
reserve margins balances the cost of additional capacity to the benefits of less frequent
shortages.

Energy-only markets require power plants to recover their entry costs from spot
market profits alone. The key idea is that when capacity is low profits are high
resulting in scarcity rents. With free entry scarcity rents drop to a level of recovering
entry costs. Lack of distortions, energy-only markets are capable of incentivizing the
socially optimal investment (Hogan et al. (2005)). In real-world energy markets there
are several distortions that result in a ”missing money” problem. Lack of demand

elasticity, inefficient scarcity pricing, market power mitigation (offer and price caps)
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can all result in socially unoptimal scarcity rents and entry!.

The idea of Installed Capacity market designs (ICAP) is to complement scarcity
rents such that the new equilibrium capacity is optimal. The implementation is
market based. Retailers are required to procure capacity up to their peak demand
plus the reserve margin. Thus, power plant operators receives payments for holding
capacity. Implementation varies across ISOs in whether the market is centralized,
what exactly is required from supply receiving payments, whether there is a forward
market and whether only new entry is eligible to set prices. The key is that capacity
payments are determined in equilibrium. Hence, the most efficient technologies and
operators receive capacity payments. Of course, there is a question of how competitive
real world capacity markets are. Schwenen (2015) shows that capacity markets in New
York were best described by the tacit collusive equilibrium of Fabra, von der Fehr and
Harbord (2006). In contrast, PJM mitigates market power in the capacity market
strongly and as a result it is fairly competitive Allcott (2012a).

There is an inherent trade-off between mitigating market power and incentivizing
entry. This trade-off is long observed in the economics literature?. Therefore there is
a choice between an energy only market without much market power mitigation and
market power mitigation with capacity markets. System operators around the world
have different answers to this question. While Australia seems to be satisfied with
its energy only market without price caps (Moran and Skinner (2008)), the ISO New
England strongly believes in capacity markets. The answer to this question likely

varies due to differences in fuel access and prices and initial system conditions.
B.2 Model - Computation Algorithm

This section provides a high level review of my computational algorithm.

!There are additional reasons, see Cramton and Stoft (2005). Allcott (2012a) describes scarcity
pricing in a particularly clear way. Fabra (2018) presents a model with inelastic demand. She shows
that energy-only markets are not able to achieve socially optimal investments.

2For instance, for incentivizing innovation by awarding patents among others.
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1. Set up parameters and exogenous fuel path {z;}.
2. Guess K1:

(a) Guess a sequence of {Ky, K3, ..., K1}
(b) For t=T calculate 117 (long run spot profits). This determines V.

(¢) For t=T-1 calculate IIy_;. Vi and IIr_; determines exit thresholds ®;_ ;.

Then calculate Vp_;.
(d) Iterate backwards until t=1.

(e) Predict capacity sequence {KI,KQ, ...,KT}. Check whether it is close
enough to {Ks, K3, ..., Kr}.

(f) Tterate until convergence: not a contraction mapping. If {K < K}, the
model predicts too much exit given the guess. Means guess capacity se-
quence did not decrease quickly enough, so need to modify toward the

prediction.

3. Check if entry condition holds for the first period. Iterate over until it does.
B.3 Empirical Approach - Spot Market Modeling

There is a substantial literature in modeling spot market competition in energy. The
appropriate equilibrium concept is supply function equilibrium (Wilson (1979)). The
uniform price auction is known to have multiple equilibria in many settings (Hortagsu
and McAdams (2018)). Klemperer and Meyer (1989) shows that when demand is un-
certain and bidders have private values the equilibrium is unique. They also show
that this supply function equilibrium lies in between the Bertrand and Cournot equi-

librium?3. The Klemperer and Meyer (1989) model fits power generation well as val-

3The literature explored the properties of supply function equilibrium under different conditions.
Regardless of the multiplicity empirical papers use first-order conditions that can identify valuations
under the assumption that the same equilibrium is played in different markets observed. See Hortacsu
and McAdams (2018) for a good summary.
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uations (marginal costs) are relatively well known?. There is two general approaches
empirical papers in energy take to model spot market competition. The first group
of papers approximates the supply function equilibrium by estimating a capacity-
constrained Cournot game. This is possible when bids are not observed and marginal
costs are assumed to be known. The model is flexible enough to incorporate ver-
tical contracts (Bushnell, Mansur and Saravia (2008)), sequential markets (Ito and
Reguant (2016)) and it is easy enough to compute to allow for entry-exit decisions
(Myatt (2017)). The second group of papers uses bid data and applies a supply-
function equilibrium framework. Both marginal costs and vertical arrangements are
identified using first-order conditions (Reguant (2014))°. Allcott (2012b) uses a sup-
ply function equilibria framework for a two-stage entry model. He uses only a few
hours to reduce computation time. Finally, there is an additional family of models
that assumes no uncertainty. Fabra, von der Fehr and Harbord (2006) describes a
model that is essentially a capacity-constrained Bertrand game. They show that if
overall capacity is large enough a competitive equilibrium exists. In this equilib-
rium price is limited by the marginal cost of the most efficient non-producing player.
In the end, choosing an approach depends on data availability and the underlying
competitiveness of the market. The overall impact of vertical contracts (increase),
congestion (decrease) and offer capping (increase) on competitiveness is uncertain.
Willems, Rumiantseva and Weigt (2009) finds that the Cournot model approximates
the supply function equilibrium very well for the German electricity market. Myatt
(2017) estimates a capacity constrained Cournot model with a fringe (assumes away
congestion and contracts) for all US ISOs. His estimates show that the model is able
to match data well for some but not all markets. In particular, it does not fit well for

ERCOT (considered competitive) and New England (no congestion). Allcott (2012a)

4In contrast to treasury auctions, the other important multi-unit auction environment

SHortagsu and Puller (2008) shows vertical arrangements are identified if marginal cost are
known. Wolak (2000) shows the reverse.
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Figure B.1: Price Histograms, PJM
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Figure B.2: Real and Replicated Profits by Marginal Cost, PJM

assumes PJM markets are competitive (plants bid MC) as market power does not

seem to influence his estimates significantly.
B.4 Empirical Approach - Spot Market Fit

Figure B.1 presents price variation from my spot market replication exercise. Figure
B.1a presents the price distribution in the data in 2017. Figure B.1b shows the key
result of my replication exercise when I use the full range of power plants in the
market. I replace all coal plants with a representative plant and present replication
results in Figure B.1c and d.

I also calculate profits under my replication exercise to real profits using prices in

the data. Figure B.2 presents the results for different years.
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B.5  Welfare

This section contains the details of the welfare calculations. I calculate yearly con-

sumer costs as

8760
ConsumerC, = E pen * maz(loady,, Kyy,),
h=1

where K, denotes total system capacity of all power plants and py; is the wholesale
price of electricity. I assume that distribution and transmission costs are independent
of wholesale prices and output. Therefore, they are irrelevant to welfare calculations.

The total value of loss load (VOLL) is calculated as the difference between pro-

duction and demand multiplied by the value of loss load:

8760
VOLL, =) 1000 * —min(0, Ky, — loady,)
h=1

I calculate spot profits by the following formula:

n 8760

IL, = Z Z [pth - (mcit + Pf * emiy — Lggs * ptcy] * gun + ECy — ESy,
i=1 h=1

where i denotes units, p° is carbon price, emi; is emission intensity (COot/MWh).
¢itn 1s 0, max capacity or in between when the unit sets the price. E.S; is total exit
subsidies®.

Entry costs are

EC, = max(0, K;”md - K;”f?d) * (C’E;”mdens;”md),

where ensz’i"d is the per MW entry subsidy. This only calculates net entry and I

assume away entry and exit that does not change capacities. This is relevant for

6Currently, implemented as a shift to the mean of the distribution of scrap values.
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both the stationary and non-stationary equilibrium. There is exit in the model even
though capacities are growing which results in higher entry.

Carbon costs are calculated as:

n 8760
Carboncost, = E E scey * qiyh x emiy,

i=1 h=1

Finally, the government balance equals carbon tax minus entry and exit subsidies:
n 8760
Gy, = Z sz * Qigh * ey, —max (0, K — K ) xexs, —max(0, K, — K/ ) xens,),

i=1 h=1

where exs, is the per MW exit subsidy.

B.6 Results - Dynamics

Figure B.3 presents detailed market outcomes for capacities, prices, emissions, gen-

eration and profits.
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Appendix C

Appendix to Chapter 4

C.1 The Frequency Regulation Market

Table C.1: Number of Units Providing Regulation

#ofunits 1 2 3 4 5 6+
% of hours 11 16 24 23 14 12

Source: Cramton (2012).

C.2 Example - Lost Opportunity Cost

This example is designed to illustrate the role of the lost opportunity cost (LOC)
for bidding in the frequency regulation auction. First, I show that the change in
calculating LOCs in 2013 did not alter bidding incentives but changed compensation
significantly. Second, I show that changes in LOC can effect market power; and there-
fore the bidding incentives of participants significantly under uniform price auction
formats. Finally, I show that changes in LOC should not lead to different bidding
behavior under VCG.

The system operator minimizes the cost of procuring frequency regulation. This
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includes compensation for opportunity cost of power plants. For simplicity, the deci-
sion to procure regulation from a certain power plant does not change the energy price
significantly. Therefore, the energy price, the energy bid and the LOC are exogenous
to the decision of participants and the system operator. Participants only choose a
regulation bid that has to be the same for all capacity offered.

Table C.2 describes the available power plants. There are two gas power plants
and a hydro power plant available. The energy bids are reflective of their underlying
marginal costs. Gas 1 is more efficient than Gas 2. All plants can offer 10 MW of
capacity for regulation and they have 0 marginal costs. LOC is calculated by the
system operator and is not part of the bid. The capacity requirement for regulation

is 15 MW.

Table C.2: Example for Lost Opportunity Cost
Unit Energy bid LOC Reg cost Reg cap. Bid uniform Bid VCG

Gas 1 35 5 0 10 0 0
Gas 2 30 10 0 10 20 0
Hydro 10 30 0 10 0 0

With uniform price, with the LOC not included in the price this is essentially an
asymmetric Bertrand game with capacity constraints. In one equilibrium, Gas 2 sets
the price at 20: the LOC difference of Gas 2 and Hydro *. The market price is 20 and
all producing plants get compensated for their LOCs. Gas 1 and 2 receive $25/MWh
and $30/MWh respectively. The allocation is efficient but plants bid above their
marginal cost significantly.

With uniform price, with the LOC included in the price the bids and the outcome
is the same. However, the market price is now 30. Both gas plants receive the same
$30/MWh. Under VCG the compensation of plants is determined solely by the bids
of other plants. However, selection is based on their own bids. This design ensures

that plants bid truthfully and bids are independent of LOCs.There are two ways to

!The bids of plants that are not price setting are not unique without introducing uncertainty.
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interpret LOC: part of marginal cost or product differentiation. The system operator
prefers plants with lower LOCs for regulation. As the example illustrates, lower LOCs

give plants market power and lead to bids significantly higher than marginal cost.
C.3 The Modified VCG Auction in New England

FERC required the ISO NE to modify its initial proposal to produce prices for both
capacity and price dimensions. These are based on the bundled payment for each

resource:

bundle; = J_; (b, b™) — J(b°,b™) + b % ¢ + b % g™

The service clearing price is defined as p; = max;(c;) where i represents all re-
sources that are cleared. Then, the capacity clearing price is set by the maximum of

capacity break-even costs (and scaled to represent unit MW terms):

Pe = max|(J_;(b;, 075) = J(b%,0™) + b7 ") /"]

)

Finally, the expected payment for ¢ is:
Rev; = max[(J_i(b%;, b7) — J(0%,0™) + b7 * ¢7)/q;] * ¢; + (max b") * ¢;"*

The mechanism remains truthful as the compensation is still independent of the
bid of the plant. A power plant’s bid still only influences its selection. The mechanism
remains efficient as well. However, the expected payments are higher under this
modified design. The expected payment equals the bundle payment for a resource
that sets both the service and capacity clearing price and it is weakly higher for all

other resources.
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C.4 Additional Empirical Results

Table C.3: NE Regulation Service Price Statistics

2015 after 2016 2017 2018 2019

Service price 0.30 0.43 0.34 0.25 0.28
(0.64) (0.81) (0.99) (0.76) (0.81)

Observations 6625 8784 8760 8759 8759

Note: An observation is an hour. Means, standard deviations in paranthesis.

2 4 6
f L L

Correlation of energyprice capacity_price
0
L

o
)
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2012 2013 2014 2015 2016 2017
group(year month)

Figure C.1: Monthly Correlation Energy and Regulation Prices, 2013-2017
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Table C.4: NE Regulation Individual Bid Statistics - All Bidders

2013 2014 2015b 2016a 2016 2017 2018 2019
Mean - cap  7.71 894  32.03 2589 30.85 2333 1850 16.53
(0.00) (0.00) (15.55) (8.99) (12.93) (10.00) (6.71) (6.65)

Sd - cap 1.60 1.74 3.06 2.04 1.63 5.94 1.96 3.03
(0.00) (0.00) (0.00) (0.69) (0.00) (0.47)  (0.00) (0.00)

Mean - serv 1.73 1.62 1.33 1.12 1.12
(0.14)  (0.00) (0.02) (0.01) (0.01)

Sd - serv 0.34 0.24 0.37 0.19 0.35
(0.08)  (0.00) (0.00)  (0.00) (0.00)

Observations 352 340 83 82 93 94 90 99

Notes: An observation is a plant-year. 2015b and 2015a is before and after the rule
change respectively. All plants included. Statistics aggregated to the plant-year level.
Variable ”Mean - cap bid” represents the individual plant’s mean capacity bid in a
given year. Means, medians in parenthesis.

Table C.5: NE Regulation Individual Bid Statistics - Bid Changers

2013 2014  2015b 2015a 2016 2017 2018 2019
Mean - cap  17.07  27.31  31.00 1620 875 1226 11.64 1387
(12.40) (26.39) (19.25) (7.74) (8.05) (7.29) (6.81) (7.83)

Sd - cap 11.34 15.61 11.64 2.82 5.39 5.78 5.70 6.78
(11.13) (16.52) (11.59) (1.09) (4.38) (2.95) (3.09) (5.36)

Mean - serv 2.46 1.38 0.97 0.45 1.24
(1.17)  (0.19) (0.20) (0.05) (0.11)

Sd - serv 0.54 0.66 0.79 0.38 0.77
(0.30) (0.02) (0.05) (0.00) (0.05)

Observations 36 36 20 49 31 38 34 40

Notes: An observation is a plant-year. 2015b and 2015a is before and after the rule
change respectively. Only plants who bid every year and have a positive standard
deviation of bids included. Statistics aggregated to the plant-year level. Variable
”Mean - cap bid” represents the individual plant’s mean capacity bid in a given year.
Means, medians in parenthesis.
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Table C.6: Service Bid Regressions After 2016

(1) (2)
OLS FE

Energy price (3/MWh) 0.000464 0.00208
(0.00286)  (0.00275)

Regulation requirement (MW) -0.00000580  0.0000391
(0.0000576)  (0.0000422)

Status 0.378 -0.163**
(0.373) (0.0802)
Regulation capacity (MW) 0.00796 0.00249
(0.00538) (0.00216)
Response rate (MW /min) 0.0583**
(0.0220)
Constant -0.654*** 0.854***
(0.219) (0.192)
Observations 1251218 1251218
Adjusted R? 0.126 0.572
Clusters 47 47

Notes: an observation is a power plant in a given hour. De-
pendent variable is the service bid. Only after FERC Or-
der 755 included, 2016-2019. All specifications include power
plant fixed effects. Only plants who bid every year and change
their bids in a given year included.
Standard errors are clustered at the power plant level and
are reported in parentheses.

*p<0.1,* p<0.05 " p<0.01
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C.5 Individual Bid Graphs
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Figure C.2: Bidder Timelines 2016 - High Frequency Changers
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Figure C.3: Bidder Timelines 2016 - Hour Changers
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