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SUMMARY

Regulatory actions and fuel price trends have decreased emissions from electricity
generating units (EGUSs) in the United States. The objective of this thesis is to separate the
impacts of regulations and fuel prices on EGU emissions and air pollution in Atlanta and
New York City (NYC) between 2006 and 2019. We used observed fuel prices, electricity
demand, EGU emissions, and air pollutant concentrations to estimate what air pollutant
concentrations would have been under different (counterfactual) fuel price and regulatory
scenarios. By comparing the actual and counterfactual scenarios, we find that fuel prices
influenced EGU dispatch, which reduced ozone and PM2s in Atlanta beginning 2009 and
PM2s in NYC beginning 2012. Beginning 2008, installation of emissions controls due to
the Clean Air Interstate Rule reduced PM2s year-round but increased ozone during winter
months. Coal EGU retirements due to the combined influence of the Cross-State Air
Pollution Rule, Mercury and Air Toxics Standards, and other market and policy factors
account for the remaining long-term reductions in PM2s and ozone. Such information can
be used to estimate the air quality and health benefits of past controls and aid the

development of effective future emissions reductions strategies.



CHAPTER 1. INTRODUCTION

Surface air pollutants such as fine particulate matter (PM2.5) and ozone contribute to
premature mortality and other adverse health outcomes.! Consequently, extensive
regulatory efforts in the United States have been directed towards reducing precursor
emissions that form air pollution. These efforts have decreased NOx and SO emissions
from fossil fuel electricity generating units (EGUs) in recent decades (Figure A1).2 Given
the large cost associated with these regulations,® stakeholders and policymakers are
interested in the air quality improvements attributable to regulations compared to other
factors that have modified pollutant levels.* One such factor is the decline in natural gas
prices in 2008, which also reduced emissions from EGUs.> We aim to improve our
understanding of regulatory and fuel price impacts on EGU emissions and urban air quality

between 2006 and 2019.

1.1 EGU Regulations and Accountability Framework

We consider three major federal rules that have led to SO, and NOy emissions
reductions from EGUs between 2006 and 2019: the Clean Air Interstate Rule (CAIR), the
Cross-State Air Pollution Rule (CSAPR), and the Mercury and Air Toxics Standards
(MATS). CAIR was a cap-and-trade rule covering 28 Eastern states that established annual
markets for NOx (2009) and SO> (2010). CAIR also established a more stringent the ozone
season NOx market than the earlier NOx Budget Trading Program (NBP), effectively
replacing it.% Federal courts remanded CAIR to the EPA in 2008,2 but it remained in effect
until it was replaced by CSAPR in 2015. Like CAIR, CSAPR established annual NOx and

SO, and ozone season NOx markets, but it also created separate SO> trading groups for



states that significantly contributed to air pollution in downwind states.” MATS was
implemented in 2015 and required coal- and oil-fired EGUs to comply with emissions
limits on certain hazardous air pollutants and mercury. While not directed specifically at
SO2 or NOx control, high cost of compliance to MATS may have caused some firms to
retire coal EGUs.®% Firms could comply with these policies by relying on emissions
allowances, installing emissions controls, shifting electricity generation to lower emitting

EGUEs, or retiring polluting EGUs altogether.?

Attributing air quality and health effects to individual regulations is difficult due to
the co-occurrence of economic, demographic, and other regulatory changes with the
actions of interest. The air quality accountability chain provides a useful framework for
evaluating health impacts of specific regulations by propagating impacts from regulations
to emissions, from emissions to air quality, and from air quality to public health.**!
Henneman and coauthors*? previously used the accountability framework to estimate the
impact of EGU regulations on air quality in Atlanta between 1998 to 2013. They identified
significant reductions in PM2 s due to decreased annual SO and wintertime NOx emissions
from CAIR. However, their analysis did not consider the impact of decreasing natural gas
prices separately from regulatory impacts, which could have resulted in an overestimated

CAIR impact.*?

1.2 Fuel Price Trends and EGU Emissions

Following a peak in 2008, natural gas prices decreased sharply and remained low
through most of the 2010s (Figure A2). Prices declined due to many factors, including a

large increase in natural gas supply from shale deposits (“shale gas boom™).**> Economic



literature®>'%2° has investigated the impact of these natural gas price trends on EGU
generation and capacity in the short- and long-run. In the short-run, low natural gas prices
allow some natural gas combined cycle (NGCC) EGUs to generate electricity more cheaply
than coal EGUs. This may cause these NGCC EGUSs to serve baseload electricity demand
historically served by coal EGUs.*222° In the long-run, low natural gas prices affect
investment decisions that influence coal and NGCC generation capacity. Firms may invest
in construction of NGCC EGUs for more economical electricity generation.?? Similarly,
firms may retire coal EGUs that were made unprofitable due to cheaper NGCC
generation.>?32* Therefore, cheaper natural gas prices shift electricity generation from coal
EGUs to NGCC EGUs (Figure A3). Because NGCC EGUs generally emit less NOy and
much less SO than coal EGUs,?° low natural gas prices may reduce average EGU

emissions rates in both the short- and long-run.

Most economic studies have focused on short- and long-run fuel price impacts on
CO; emissions'’1%22 rather than SO, or NOx emissions;>® impacts on CO, emissions
found in these studies cannot readily be cross-applied to SO, or NOx emissions. Unlike
CO- emissions, SOz and NOy emissions rates vary widely among EGUs that use the same
fuel type due to different fuel compositions and installed emissions controls.*® Therefore,
investigation of fuel price impacts on SO2 or NOx emissions requires a unit-level approach.
Johnsen and coauthors?® used a unit-level electricity dispatch model to associate changes
in coal EGU generation with changes in PM2s between 2008 and 2013. They conclude that
low natural gas prices due to the shale gas boom reduced short-run coal EGU generation
by 28% and PM s by 2% to 6%. Linn and McCormack® used a unit-level model to conclude

that market factors rather than regulations (primarily CSAPR) explain 82% of the reduction



in NOx EGU emissions between 2005 and 2015. These economic studies bring into
question the sole attribution of EGU regulations in improving air quality without

consideration of co-occurring economic conditions.

1.3 Objective and Overview

Here, we use an accountability framework to investigate the impact of both
regulations and fuel price trends between 2006 to 2019 on air quality in Atlanta (ATL) and
New York City (NYC), two urban regions with air quality significantly impacted by EGU
emissions.?-28 We use empirical methods*??° to estimate EGU emissions under scenarios
in which changes to fuel prices and/or generating assets did not occur (counterfactual).
Using differences between the actual (observed) and counterfactual scenarios, we estimate
emissions reductions attributable to regulations and fuel price impacts. Finally, we train
machine learning (ML) models to propagate estimated impacts of regulations and fuel
prices on EGU emissions to impacts on air pollutant concentrations. Our study is the first
to separate the coincident influence of fuel price trends and EGU regulations on observed
air pollutant concentrations in this period. These estimated air quality impacts are key to
understanding the health benefits of prior regulations, which can inform the development

of future policies that aim to improve air quality.



CHAPTER 2. METHODS

We define three primary impacts that regulations and fuel price changes have on
fossil fuel EGU emissions: 1) short-run impacts come from re-distributing electricity
generation among existing EGUs (re-dispatch; on the order of weeks to months); 2)
medium-run impacts come from modifications of existing EGUs, such as the installation
of emissions controls (on the order of many months to years); and 3) long-run impacts
come from changes to electricity generating capacity, such as the retirement or installation
of an EGU (on the order of years).!”*® We compare the actual scenario with two
counterfactual scenarios: 1) a counterfactual scenario in which no short-, medium-, or long-
run changes occur after 2007 (hereafter, the “total counterfactual scenario”); and 2) a
counterfactual scenario in which fuel prices are fixed to 2006-level averages, but medium-
and long-run changes to EGUs still occur (“short-run counterfactual scenario”). The
following subchapters describe data sources and modeling approaches for actual and
counterfactual EGU emissions (Chapter 2.1) and air pollutant concentrations (Chapter 2.2).
Chapter 2.3 describes the estimates of uncertainty associated with counterfactual emissions

and air pollutant concentrations.

2.1 Actual and Counterfactual EGU Emissions

We retrieved EGU emissions and electricity generation data measured by the
Continuous Emissions Monitoring Systems (CEMS) from the Public Utility Data
Liberation (PUDL) Project,3* which provides hourly SO, and NOx emissions, electricity
generation, and heat rates from EGUs with greater than 25 MW nameplate capacity. We

combined CEMS data with EGU characteristics data from the EPA Emissions &



Generation Resource Integrated Database (eGRID),*? Clean Air Markets Database
(CAMD),* and Energy Information Authority (EIA) Form-860.2* EGU characteristics data
include nameplate capacity, location, first year online, retirement year, presence of
emissions controls, and the balancing authority area of each EGU. Following prior
studies,®*%® we analyzed EGU generation and emissions within balancing authority areas,
regions in which a balancing authority (an entity such as a utility) manages generation and
transmission of electricity to meet demand. We selected balancing authority areas that
surround Atlanta (ATL) (Southern Company (SOCO)) and New York City (NYC) (PIJM
Interconnection (PJM), New York Independent System Operator (NY1S), and ISO New

England (ISNE)) to capture regional transport of EGU emissions (Figure 1).

For the total counterfactual scenario, we follow the approach of Henneman and
coauthors®? to estimate SO, and NOx EGU emissions if no changes had occurred to EGUs
after 2007. We aggregate all EGUs in a region. Then, we define an average base SO and
NOy emissions rate (ER™(d); in kg per MWh) that varies based on the day of year (d) using
observed EGU emissions (E(d, y) for year y) and electricity demand (L(d, y)) in 2006 and

2007 (eq. 1):

E(d,2006) E(d,2007)
L(d,2006) ' L(d,2007)

1
BR (@) = 5| 1)

Total counterfactual EGU emissions (Etotal ¢f (d, y)) are calculated as the product of the base
ER and the total observed electricity demand (L(d, y) of day of year d for year y (2006 to

2019); eq. 2):



Etotarcr(d,y) = (ER"(d))(L(d,¥)) )

For the short-run counterfactual scenario, we used an open-source dispatch model?®
to estimate EGU emissions if medium- and long-run changes to the EGU fleet had occurred
but fuel prices were held constant to 2006-level averages. In brief, the dispatch model
calculates the capacity, emissions rate (ER), and electricity generation cost for each EGU
in a region. Generation costs are calculated from observed fuel prices,®® generation
efficiency (via heat rates), and estimated variable operations and maintenance costs
(VOM). Each week, the model sorts EGUs from lowest to highest electricity generation
cost (“merit order;” Figure A4). Then, using the weekly merit order, the model dispatches
EGUs at or below the observed fossil fuel electricity demand for each hour of the week.
Total hourly SO and NOyx emissions are calculated as the sum of emissions from

dispatched EGUs.

Because the base model determines available EGUs on a yearly basis, it fails to
capture available EGUs that were idled for long periods because they were economically
uncompetitive. These EGUs were generally coal-fired and had high ERs, so we adjusted
the model to ensure that it retained these EGUs. For these EGUSs, we assigned monthly fuel
prices equal to average fuel prices of operating EGUs that use the same fuel. A complete

list of changes we made to the model is in Appendix A.1.1.

To estimate short-run counterfactual emissions, we ran the dispatch model using
observed EGU ERs, heat rates, and capacities, but we held fuel prices to 2006 averages.
To preserve the heterogeneity of fuel prices observed by different EGUs that burn the same

fuel type, we calculated individual counterfactual fuel prices for each EGU. We first



calculated the average fuel price observed by all EGUs using natural gas, bituminous coal,

or subbituminous coal for 2006 in each region (£ (2006); in which j indicates fuel type).
We then calculated the monthly ratio (Rj(m, y) for month m of year y) of F,(2006) and the

monthly average observed fuel price for each fuel type (P, (m, y); eq. 3):

_ P(2006)

Rj(m' y) - —E(m, y)

©)

Counterfactual fuel prices for an individual EGU i that uses fuel type j (Pi, j short-run
of (M, y)) were calculated by scaling its observed monthly fuel prices (Pijobs(m,y)) by the

monthly ratios (eq. 4).

Pi,j,short—run cf (my) = (Rj (m,y)) (Pi,j,obs (m,y)) (4)

To correct for model biases, we also ran the dispatch model to simulate the actual
scenario using observed fuel prices. We fit a least-squares linear regression between the
modeled actual and observed actual emissions for each species and city. Then, we adjusted

counterfactual emissions from the dispatch model with the fitted regression.
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Figure 1. Boundaries of ATL and NYC regions in 2022.3” ATL region is comprised of the
Southern Company (SOCO) balancing authority area; NYC region is comprised of the PJIM
Interconnection (PJM), New York Independent System Operator (NYIS), and ISO New
England (ISNE) balancing authority areas. Note that balancing authority area boundaries
are based on producers of electricity (utility and non-utility), so boundaries may change
slightly over time.

2.2 Actual and Counterfactual Air Pollutant Concentrations

We retrieved daily 8-hour maximum ozone and daily average PM.s at EPA
NCORE/Speciation Network sites in ATL (South Dekalb) and NYC (Bronx, Manhattan,
and Queens). Ozone data were retrieved from the EPA Air Quality System (AQS) and
PM2 s data were retrieved from the Cooperative Institute for Research in the Atmosphere

(CIRA).%8

We used the XGBoost*®® package in Python to develop relationships between air

pollutant concentrations and temporal variables, meteorology, and emissions. XGBoost is



a gradient boosted decision tree machine learning (ML) method capable of regression. We
trained ML models separately for PM2s and ozone at each site. Meteorological data were
retrieved from airports near the air pollutant monitoring sites (Hartsfield-Jackson
International Airport for ATL and LaGuardia International Airport for NYC). These data
are from the National Centers for Environmental Information (NCEI; last access: Feb 4,
2022). We estimated mobile vehicle emissions of NOyx, SO2, CO, PM2s, and NH3 with the
EPA Motor Vehicle Emission Simulator (MOVES3). Industrial and residential NOy, SO2,
CO, PM2s, and NHs emissions were retrieved from the EPA National Emissions Inventory
(NEI), from which we interpolated data between the available years. We also included day-
of-year and encoded day-of-week variables to capture seasonal and weekly emissions not

captured by the meteorology or emissions inventories used.

Prior to training, we held out 10% of the data as a validation set. We selected input
features using prior knowledge and by variables that did not benefit model training
(determined by collinearity). Hyperparameters were tuned using random and grid searches

via 10-fold cross-validation on the training set.

2.3 Estimates of Uncertainty

We estimated uncertainty in the difference between the counterfactual and actual
scenarios predicted from our methods to remain consistent with the methodology of prior
accountability studies.®® For total counterfactual EGU emissions, we calculated the average
coefficient of variation (COV) from the calculation of ER"(d). We estimated the uncertainty
of the emissions as normally distributed around the daily mean ER*(d) using the COV. For

short-run counterfactual EGU emissions, we assumed that uncertainty was normally

10



distributed around the emissions estimated from the linear regression. The standard
deviation of the distributions was equal to the standard error of the slope multiplied by the

unadjusted dispatch modeled emissions.

We used a Monte Carlo approach to propagate uncertainty from EGU emissions to air
pollutant concentrations due to the nonlinear relationship between pollutant concentrations
and emissions. To estimate the uncertainty due to the ML models, we also assigned
uncertainties to emissions we did not change (mobile and “other” (residential and
industrial)). Following Hanna and coauthors,'? we assumed lognormal distributions for
these emissions and used geometric standard deviations of 0.347 and 0.203 for mobile and

“other” emissions, respectively.
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CHAPTER 3. RESULTS AND DISCUSSION

3.1 Evaluation of Modeling Approaches

Seasonal patterns are present for total counterfactual NOx and SO, ERS in both
regions (Figure 2a, 2b). NOx ERs decrease during the ozone season (-44 to -51%) due to
compliance with the federal NBP or similar state-level rules (e.g., Georgia’s NOx
Emissions from Electric Utility Steam Generating Units Rule). SO, ERs also decrease
slightly during the ozone season (-9 to -10%), a likely co-benefit of certain NOx controls

(e.g., fuel switching and overfiring).

The dispatch model used for the short-run counterfactual scenario reproduces actual
emissions with low bias relative to observed emissions (Normalized Mean Bias (NMB) =
-13% to +9.6%; Figure 2c, 2d) and high coefficients of determination (R?= 0.78 to 0.99).
The dispatch model performs better in the NYC region than the ATL region, which could
be due to differences between the electricity market structures of the regions. EGUs in the
modeled NYC region (PJM, ISNE, and NYIS) are mostly owned by independent power
producers (IPPs). IPPs participate in competitive wholesale energy markets coordinated by
regional transmission organizations (RTOs)/independent system operators (1SOs), through
which EGUs owned by IPPs must recover their generation costs (influenced by fuel price,
efficiency, and VOM).*%4 In contrast, EGUs in the ATL region (SOCO) are owned by a
regulated investor owned utility (IOU), which can pass down generation costs to customers
via regulator-set retail rates.*> This comparative lack of market pressure allows regulated

IOUs more leeway to deviate from the merit order and dispatch uneconomical EGUs (e.g.,

12



self-scheduling).*® This could also result in the sustained low bias of modeled actual

emissions relative to observed emissions in 2012 and 2013 in the ATL region (Figure A5).

ML models for sites in ATL and NYC predict validation set pollutant concentrations
(Figure 2e, 2f) with normalized mean errors (NMES) ranging from 24 to 31% for PM2.s and
13 to 17% for ozone. Full performance metrics on both training and validation data (Table
S1) show that the ML models overfit, which could be due to the low amount of data
available (maximum n=4,601 for training). For NYC, we show results from the Queens
site because its ML models perform the best out of the three sites. Results from other sites
(Bronx and Manhattan) are shown in the Appendix and are noted if they substantially
differ. Gain feature importance of the models (Figure A6) show that EGU emissions are

more impactful at NYC sites than the ATL site, where mobile emissions play a larger role.
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Figure 2. Evaluation of methods used to estimate counterfactual emissions and pollutant
concentrations. (a, b) Total counterfactual SO, and NOx ERs over day of year for ATL (a)
and NYC (b). Shading indicates standard deviation of the daily average. Coefficients of
variation (COV) are shown (average + standard deviation). (c, d) Least squares linear
regression of relationship between observed and dispatch modeled actual EGU emissions
for ATL (c) and NYC (d). Coefficients of determination (R?) and slopes of the regressions
with their standard errors are shown. (e, f) Comparison of observed and ML-modeled daily
average PMz s (e) and 8-hour maximum ozone concentrations from the 10% validation set
(f). R? and root mean square error (RMSE) are shown. RMSE units are the same as those
on the axes.

3.2 Short-Run Emissions Reductions

Short-run counterfactual emissions should be interpreted as the emissions that would

occur due to a short-term return to 2006-level fuel prices at any time in the 14-year time-

14



series. If fuel prices were fixed to 2006 levels over long periods, investment decisions
would result in a different set of medium- and long-run changes than those that occurred.>
Because the short-run counterfactual scenario retains actual medium- and long-run
changes, we use the difference between short-run counterfactual and actual emissions
(hereafter, the “short-run reduction™) to estimate the impact of fuel prices on emissions
through changes in the merit order. We also note that the dispatch model does not include
emissions allowance prices (discussed further in Chapter 4.1), so we consider these short-

run reductions to be maximal estimates of the short-run fuel price impact.

Short-run reduction trends are unique across species emitted and regions (Figure 3a-
3d). In ATL, short-run reductions for SO. and NOx (Figure 3a, 3c) initially follow fuel
price trends (Figure 3e), in which reductions increase after the gas-to-coal price ratio
decreases in 2008. This increase in short-run reductions occurs because power generation
from cheaper, lower-emitting NGCC EGUs begin to displace coal EGUs in the baseload
of the actual merit order. In contrast, the short-run counterfactual retains coal EGUs in the
baseload (Figure A7). Beginning 2015, short-run reductions for SO, decrease and remain
low through 2019 despite low gas-to-coal price ratios. This decrease is driven by a few
highly polluting coal EGUs retiring over 2015 and 2016 during the implementation of
MATS (Figure A8), which results in a large reduction in average SOz ERs from coal EGUs
(-87% over 2015; Figure A9a). NOy short-run reductions remain high in comparison
because these retirements result in a relatively smaller decrease in average NOx ERs (-39%;

Figure A9c).

Short-run reductions in NYC are smaller than those in ATL (Figure 3b, 3d) despite

similar fuel price trends and average coal EGU ERs (Figure A9). Larger short-run SO>
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reductions in 2013 are exceptions to this trend, but these reductions are likely due to
temporary high model bias relative to observations (Figure A5c). Knittel and coauthors'®
conclude that differences between the response in emissions to fuel prices in the NYC and
ATL regions are due to differences in electricity market structures. Firms in RTOs/ISOs
invest less in NGCC capacity compared to regulated 10Us, which have a tendency to
overcapitalize due to regulatory conditions.*? This results in fewer (Figure A8c) and less
efficient existing NGCC capacity in RTO/ISO regions. Indeed, the merit orders for NYC
and ATL reveal that PJM (in the NYC region) has a smaller proportion of natural gas CC

EGUs serving the baseload of the actual scenario after 2008 (Figure A10).

Whether short-run emissions reductions are purely beneficial depends on if they
helped achieve reductions in excess of what would have been required under regulations.
For example, after CAIR implementation (2009), little actual ozone season NOy reductions
occur in the NYC region until 2014. In comparison, ozone season NOx reductions in the
ATL region occur but can be mostly explained by fuel price changes. If actual reductions
in the ATL region occurred beyond what was necessary under CAIR (or similar state rules
in Georgia), then fuel price trends provided emissions reductions in the ATL region that
could not be realized in the NYC region. Conversely, if actual emissions in the ATL region
were required to decrease due to the more stringent CAIR program, then fuel price trends
allowed the utility to comply without committing to more permanent solutions (controls or
retirements). Had CAIR been left vacated in 2008 (as was initially done),** increases in
natural gas prices relative to coal could have reversed these emissions reductions until

future regulations were implemented.
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Figure 3. Actual and counterfactual EGU emissions from 2006 to 2019 for ATL region (a,
c, ) and NYC region (b, d, f). Monthly average SO. emissions (a, b), NOx emissions (d,
e), and average natural gas to coal price ratios (e, f) are shown. (a-d) shaded regions
represent the 95% confidence intervals of the counterfactual emissions. (e, f) Dashed line
indicates 2006 average.

3.3 Medium- and Long-Run Emissions Reductions

Given that short-run reductions are maximal estimates of short-run fuel price
impacts, we take differences between total and short-run counterfactual emissions
(hereafter, “medium-to-long-run reductions”) as conservative estimates of medium- and
long-run impacts on emissions. To investigate the economic and regulatory causes of
medium-to-long-run reductions, we divide them by total counterfactual emissions to
observe their trends relative to total emissions reductions (Figure 4). Notable trends in
relative medium-to-long-run reductions occur in two distinct periods that coincide with the
implementation of major federal rules: late 2007 to 2010 (CAIR) and late 2013 to 2017

(CSAPR and MATS). We fit cubic splines to the reductions in these periods to apportion
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the emissions reductions to their causes (final fractional emissions reductions reported in

Table S2).

The earlier reduction period occurred before large changes to NGCC and coal
capacity (Figure A8).16:20:22 Therefore, we attribute the first period of emissions reductions
primarily to the installation of emissions controls (Figure Al1) in response to CAIR or
similar state-level rules (e.g., Georgia’s 2007 Multipollutant Control for Electric Utility
Steam Generating Units Rule). EPA regulatory impact analysis (RIA)® estimated that
CAIR would reduce SO, emissions by 45% and NOx emissions by 41% by 2015. Our
estimates attribute similar medium-run impacts to CAIR for annual SO; (-0.41 to -0.51)
and non-ozone season NOx (-0.30 to -0.51). However, medium-to-long-run NOx reductions
during the ozone season (-0.02 to -0.08) were lower than predicted (-25%) because actual
emissions reductions were either small (NYC) or mostly explainable by short-run fuel price

impacts (ATL; Figure 3).

In the latter reduction period, medium- and long-run changes further decrease SO-
by 0.46 in ATL and 0.35 in NYC. In contrast to the CAIR period, ozone season NOx is
greatly reduced (-0.31 to -0.42) whereas non-ozone season NOx is reduced by a smaller
fraction (-0.12 to -0.14). While coal ERs again decrease (Figure A9), these decreases were
driven mostly by retirements (Figure A8) instead of emissions controls (Figure A11). We
find small influence of emissions controls in the NYC region on reducing coal ERs (Figure
A8), but the most notable decreases in coal ERs for both regions coincide with retirements
during MATS (as discussed in Chapter 3.2). Since NGCC EGUs emit less SO. and NOx
than coal-fired EGUs, they can be effective at meeting cap-and-trade regulatory mandates

(CAIR and CSAPR) and could have also increased retirements. However, it is difficult to
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clearly attribute retirements to regulations because several other factors influenced
retirements as well. For example, Georgia Power (in SOCO in the ATL region) attributed
retirement decisions mostly to MATS and other regulations but also noted that fuel prices
influenced decisions.'® Conversely, economic studies generally attribute capacity changes
mostly to fuel prices,?%?32445 renewables,!’” and lower-than-expected electricity demand®
rather than regulations. Therefore, we attribute medium-to-long-run reductions in this
period to the combined influence of CSAPR, MATS, and other long-run factors on

retirements.
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Figure 4. Daily emissions reductions from medium- and long-run EGU changes (green
line) relative to total counterfactual emissions (gray horizontal line at 0) for the ATL region
(a, ¢) and NYC region (b, d). Reductions for SO> (a, b) and NOx (c, d) are shown. Green
shading indicates 95% confidence interval of emissions reductions. Yellow and gray lines
are cubic splines attributable to regulatory and economic impacts, in which lines are bolded
during periods in which they are fit.

3.4 Impact of Emissions Reductions on Air Pollutant Concentrations
We use emissions reductions identified in prior chapters to estimate impacts of

regulations and fuel prices on air quality in ATL and NYC (Figure 5). In addition to impacts

we derive from the total (“all factors together”) and short-run (“short-run fuel price”)
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counterfactual scenarios, we estimate counterfactual concentrations for two additional
scenarios to identify impacts from medium- and long-run factors: 1) a scenario with no
medium-run impacts from CAIR (“CAIR”); and 2) a scenario with no medium- or long-
run impacts from CSAPR, MATS, or other long-run factors (“CSAPR, MATS, other long-
run”’). Emissions impacts from these factors are calculated from the fractional emissions
reductions in Figure 3 (Appendix A.1.2). Note that the sum of individual air quality impacts
may not equal the air quality impact of all factors together due to the nonlinear response of
air pollutant concentrations to emissions. Time-series of counterfactual pollutant
concentrations (Figure A12) and pollutant concentration impacts (Figure A13) for Bronx

and Manhattan are in the Appendix.

Pollutant concentration impacts increase over time as emissions reductions increase.
By 2019, all factors together decreased PM2 s concentrations by an annual average of -3.7
ng/m? (-30%) in ATL and -4.3 to -6.3 pg/m® (-35 to -51%) in NYC (all percentages relative
to modeled total counterfactual concentrations). Ozone impacts differ among regions and
sites. NOx emissions reductions increase ozone concentrations in NYC during the non-
ozone season (1.1 to 2.4 ppb (6.0 to 11%)). This wintertime increase could be caused by
reduced NOx titration of ozone and radicals.*® Though the ATL monitor (South Dekalb)
does not report 8-hour maximum ozone outside of the non-ozone season, a prior study*?
using different monitors indicates that a similar but smaller impact occurs in ATL as well.
During the ozone season, NOx emissions reductions decrease peak 8-hour average ozone
in ATL (-4.0 ppb (-7.8%)). In NYC, they increase concentrations in Bronx (0.33 ppb
(1.3%)) and Queens (0.47 ppb (1.9%)) but decrease concentrations in Manhattan (-1.3 ppb

(-1.5%)). The heterogeneous response of ozone at NYC sites suggests that EGU emissions
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reductions, when considered alone, could place those sites in a transition between NOx-
saturated and NOx-limited ozone production regimes.*’ This challenges attribution of air

quality impacts from emissions impacts (discussed further in Chapter 4.1).

Short-run fuel price impacts on both PM2s and ozone are large for ATL following
the decrease in fuel prices until the implementation of CSAPR and MATS. After these
regulations, short-run impacts still account for a large portion of NOx emissions reductions
by the end of the period (42% of total reductions). Consequently, they have a near-
equivalent impact as CAIR on PMzs (-1.5 and -1.6 pg/m®). Though short-run impacts on
emissions are smaller for NYC (32% of total reductions), higher importance of EGU
emissions in predicting PM2s (Figure A6) results in a significant reduction in PM2s (-1.0
to -1.7 ug/m? (-10 to -15%)). These results suggest that in 2019, re-dispatch of EGUs in

response to fuel prices could still notably increase PM2 s concentrations.

Both CAIR and CSAPR, MATS, and other long-run factors are also responsible for
large PM25 reductions (-1.6 to -2.0 pg/m? (-14 to -30%)) because of their SO, reductions.
Though CAIR is responsible for large NOx reductions as well, particularly in NYC, these
reductions occur almost entirely outside of the ozone season. As a result, our work suggests
that an observed increase in urban wintertime ozone concentrations*® was potentially due
to CAIR. In contrast, CSAPR, MATS, and long-run economic impacts reduce NOx during
the ozone season in ATL. Therefore, they reduce ozone concentrations (-2.5 ppb) and have

a larger impact on PM2.s than CAIR by 2019.
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Figure 5. Change in SO emissions (a, b), NOx emissions (c, d), daily average PM2s
concentrations (e, f), and daily 8-hr maximum ozone concentrations (g, h) due to short-run
fuel price; CAIR; CSAPR, MATS, and other long-run factors; and all factors together for
ATL (a, c,e,g)and NYC (b, d, f, h). Shading is the 95% confidence interval. Gray line at

0 indicates no change.
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CHAPTER 4. CONCLUSION

4.1 Limitations and Future Work

Additional uncertainties unquantified by our methods arise due to lack of fidelity in
our modeling methods and difficulty separating emissions and air quality impacts into
distinct factors. Here, we discuss the effect of these limitations on our estimates of air

quality impacts, total counterfactual emissions, and short-run counterfactual emissions.

Nonlinear responses of ozone concentrations at N'YC sites to ozone season emissions
show the difficulty in attributing air quality changes to individual factors. Our
counterfactual scenarios do not capture emissions reductions from mobile or residential*®
regulations between 2006 and 2019. Because ozone production regimes at Bronx and
Queens may be in transition, perturbations in mobile and residential emissions could
greatly affect the magnitude and sign of estimated ozone impacts, which contributes to

large ozone impact uncertainties (Figure 4).

We distinguish our total counterfactual estimate that holds base year (2006 and 2007)
generating assets constant from a forecast that holds economic, regulatory, and
demographic conditions constant. In a forecasted scenario, medium- and long-run changes
to EGU ERs would have occurred due to retirement and replacement of old EGUs?* and
changes to the efficiency of EGUs over time.*® To better separate these impacts from our
estimates, future work could employ a model that forecasts investments in generating assets

based on market conditions.® This has the added benefit of attributing long-run emissions
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reductions to non-regulatory factors in the later reduction period (2013 to 2017; discussed

in Chapter 3.3).

One area we did not explore was that regulations, rather than economic factors, led
to emissions controls on NGCC units that contribute greatly to their low NOx emissions.
For example, NGCC EGUs with selective catalytic reduction (SCR) units emit around 90%
less NOx compared to uncontrolled NGCC EGUs.*® Ultimately, in a counterfactual
scenario without additional regulatory drivers, fuel price trends may still shift generation
from coal-fired to NGCC EGUSs, but the medium-to-long-run NOx emissions impacts are

primarily driven by regulations.

Our configuration of the dispatch model lacks representation of transmission
capacity, scheduled EGU outages, EGU start-up costs, EGU ramping, electricity trading
across balancing authority area boundaries, emissions allowances, and fuel switching
between oil and natural gas. We assume that error from the lack of the former five factors
is captured in the uncertainty and parameters of the linear regression between observed and
dispatch modeled actual emissions (Figure 2c, 2d).2>% Therefore, we only discuss the lack
of the two latter factors (allowances and fuel switching) in detail because they are not fully
captured in the linear regression and may bias our estimated short-run counterfactual
emissions. Inclusion of emissions allowance trading in our model would likely decrease
estimated short-run counterfactual emissions because allowance prices impose additional
costs on EGUs with high ERs. However, these costs can vary over time based on the
pollutant emitted, which results in variable impacts on short-run emissions. For example,
SO, allowance prices were near or equal to zero following the vacation and remanding of

CAIR in 2008,51%2 sg our short-run SO» emissions estimates could be reasonable in the
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period between CAIR and CSAPR. In contrast, NOx emissions caps remained binding in
the early 2010s,° so our short-run NOx emissions estimates may be higher than what the
CAIR and CSAPR emissions allowance markets would have allowed. Another
complicating factor is that a short-run decision on EGU dispatch that reduces emissions
can allow firms to bank their excess emissions allowances. These banked allowances would
influence future generation decisions that could increase emissions. Dispatch decisions in
response to the prices and availability of emissions allowances are difficult to estimate
without computational models due to heterogeneous allowance allocations, banking, and

trading under different regulations (Acid Rain Program, NBP, CAIR, and CSAPR).

Some EGUs can switch between natural gas and fuel oil as their primary fuel source
without needing large retrofits. These EGUs may choose to burn fuel oil if natural gas
prices are relatively high or if natural gas supply is low, which occurs more often in the
northeast than the southeast.>® Though this fuel switching is a short-run behavior (because
fuel switching can occur without retrofitting), the dispatch model fails to capture short-
term fuel switching because it determines fuel type on an annual basis. This can result in
misattribution of short-term oil-fired emissions to natural gas EGUs (or vice versa). These
errors are partially captured in the linear regression between modeled and observed actual
emissions (Figure 2c, 2d), but in the short-run counterfactual scenario in which gas prices
are high perhaps due to lower supply, switching from gas to oil generation could occur
more often. This would likely increase estimated short-run counterfactual emissions,
particularly for the NYC region during wintertime.>® Implementation of MATS, however,

could discourage EGUs from switching from natural gas to oil due to additional controls
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required for oil-burning EGUs (defined as EGUs that generate 10% to 15% of their

electricity from oil).®

Given all of the confounding factors impacting the linkages, future work
investigating both fuel switching and emissions allowances would be valuable to further

separate regulatory impacts from other contemporaneous impacts.

4.2 Conclusions

Our results suggest that re-dispatch of EGUs due to fuel price trends significantly
reduced emissions and air pollutant concentrations in ATL. These impacts were largest
between the implementation of CAIR (2009 to 2010) and CSAPR/MATS (2015), in which
re-dispatch due to favorable fuel prices can explain all NOy emissions reductions that
coincide with the CAIR ozone season NOx program. Retirements of highly emitting coal
EGUs in 2015 and 2016 have reduced the potential for increased emissions when prices of
natural gas are relatively high compared to coal, but notable short-run impacts remain for
NOx emissions and PM2s concentrations in both NYC and ATL. Given the volatility of
natural gas prices, policy makers should ensure that cap-and-trade NOx programs are
stringent enough to prevent potential increases in NOx emissions® and PMa.s should natural

gas prices increase.

Longer-term impacts occur primarily in two distinct periods due to the influence of
emissions controls (late 2007 to 2010) and coal EGU retirements (late 2013 to 2017), which
result in the largest reductions in EGU emissions and PM2s. We attribute installation of
controls mostly to CAIR, whereas a confluence of factors contributed to coal EGU

retirements. While these factors are difficult to separate, we note that large emissions
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reductions coincide with coal EGU retirements in response to MATS. Additionally, our
results show that the seasonality of medium-to-long-run NOx emissions reductions
significantly affect air quality impacts. Because CAIR primarily reduced NOx outside of
the ozone season, it led to an increase in wintertime daily 8-hour maximum ozone. In
contrast, retirements decreased NOx during the ozone season, which resulted in ozone

reductions in ATL and the Manhattan site in NYC.

This work estimated regulatory and fuel price impacts on EGU emissions and air
quality between 2006 and 2019. We demonstrated how reduced-form models can capture
relationships between fuel prices, electricity generation, EGU emissions, and air pollutant
concentrations. As part of a larger air quality accountability study, the impacts and
uncertainties estimated in this work will be propagated to impacts on public health.
Collectively, these emissions, air quality, and health impacts are important for evaluating

the effectiveness of past regulations and for informing future policy.
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APPENDIX. SUPPLEMENTAL TEXT, FIGURES, AND TABLES

A.1 Supplemental Text

A.1.1 Changes Made to Base Dispatch Model

We forked the original repository for the dispatch model (Simple Dispatch) from
Deetjen and Avezado? (github.com/tdeetjen/simple_dispatch). As noted in the main text
(Chapter 2.1), two major changes we made were to 1) ensure idled but available coal EGUs
were made available for dispatch and 2) allow observed fuel prices to be adjusted to
counterfactual average fuel prices. The original publication?® used weekly observed
maximum capacity of EGUs as their maximum capacity (called “historical downtime”).
Since our short-run counterfactual scenario raises natural gas-to-coal price ratios to levels
unobserved after 2008 (Figure 2e, 2f in main text), this configuration of the model results
in unreasonably small changes to the dispatch order. We turn the historical downtime
feature off to ensure all non-retired EGUs are available at their yearly maximum observed

capacity.

Similar to how the model is unable to capture available but idled coal EGUs, it may
not be able to fully capture the maximum generating capacity of coal EGUs in years with
low natural gas-to-coal price ratios. Therefore, for coal EGUs, we use the maximum
observed capacity over all years (2006-2019) instead of the maximum yearly observed
capacity. We note that this prevents the model from capturing periods where EGUs
undergo maintenance. However, we run the actual scenario through the configured dispatch

model (Figure 1c, 1d) to capture errors that may result from this.
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The edited model used for this thesis is available on GitHub

(https://github.com/ericjmei/simple_dispatch_total _emissions).

A.1.2 Counterfactual Scenarios Used for Air Quality Impacts

Table A3 shows the emissions impacts included in all scenarios shown in Figure 5
in the main text. Short-run emissions impacts (Ishort-run(d)) are calculated from the daily
difference between short-run counterfactual (Eshort-run(d)) and actual emissions (Eactua(d))

(eq. S1):

Ishort—run(d) = Eshort—run(d) — Eqctual (d) (Sl)

Emissions impacts from all factors together (lwtai(d)) are calculated from the

difference between total counterfactual and actual emissions (eg. S2):

Itotal(d) = Etotai (d) - Eactual(d) (82)

Emissions impacts from CAIR (Icar(d)) are calculated by multiplying the spline
fits (fcair(d)) (Chapter 3.3) by the difference between short-run and total counterfactual

emissions (eq. S3):

lcarr (d) = feair (d) (Etota (d) — Eshort—run (d)) (S3)

Emissions impacts from CSAPR, MATS, and other long-run factors (loter(d)) are
calculated by multiplying spline fits by the difference between short-run and total

counterfactual emissions and subtracting CAIR impacts (eq. S4):
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Iother (d) = fother(d) (Etotal(d) - Eshort—run(d)) - ICAIR (d) (84)

Uncertainty for all emissions reductions is assumed to be Gaussian. Uncertainty of
impacts from short-run fuel price changes and all factors together are equal in magnitude
to uncertainty from short-run and total counterfactual emissions, respectively. We
propagate uncertainty to CAIR and CSAPR, MATS, and other long-run factors from
estimates of short-run and total counterfactual emissions (Chapter 2.3 in the main text)

using their daily standard deviation (se(d)) (eqg. S5, S6):

ScAIR (d) = \/(sshort—run(d))z + (Stotal(d))2 (85)

Sother (d) = \/(Sshort—run(d))z + (Stotal(d))2 + (SCAIR (d))z (56)
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A.2 Supplemental Figures
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Figure A4. Merit order for fossil fuel demand in PJM during the first week of August,
2011. Each EGU is represented as a bar, in which the width of the bar is the maximum

observed capacity of the EGU. See Deetjen and Avezado (2019)?° for further details
regarding the merit order.
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Figure A5. Comparison of observed and dispatch modeled actual SO2 (a, ¢) and NOx (b,
d) emissions in the ATL region (a, b) and NYC region (c, d). (i) Time-series of observed
and modeled emissions. Points are total daily emissions; lines are daily values binned to
monthly averages. Coefficients of variation (R% note that this is different than the
coefficient of determination shown in the main text), normalized mean errors (NME), and
normalized mean biases (NMB) are shown. (ii) Scatterplots of daily emissions with least
squares linear regression in red. One-to-one line shown as dashed gray line. Slopes (m) and
intercepts (b) of linear regression are shown along with their standard errors.
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Figure A7. Merit orders (i) with associated emissions rates for NOx (ii) and SO2 (iii) in
the actual (a) and counterfactual (b) scenarios in the ATL region in the first week of August

in 20009.
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Figure A8. Capacity trends of natural gas combined cycle and coal EGUs. Ratio of
installed natural gas combined cycle and coal capacity to total fossil generation capacity
for the ATL region (a) and NYC region (b). (c) Ratio of natural gas combined cycle
capacity to coal capacity.
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Figure A9. Average emissions rate (ER) trends of coal EGUs of SO2 (a, b) and NOx (c,
d) for ATL (a, c) and NYC (b, d) regions. Blue line shows average ERs of available coal
EGUs at any given time, and orange line shows average ERs of only coal EGUs that still
remain by the end of the period. Average ERs were calculated by weighting individual
EGU ERs by their maximum capacities.
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Figure A10. Merit orders (i) with associated emissions rates for NOx (ii) and SO2 (iii) in

the actual scenario for SOCO (ATL region) (a) and PJM (part of the NYC region) (b) in
the first week of August 2010.
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Figure All. Cumulative number of EGUs on which emissions controls (FGD = Flue Gas
Desulfurization, SCR = Selective Catalytic Reduction) were installed for the ATL region
(@) and NYC region (b).
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Figure Al12. Daily average PM2.5 concentrations (a, b, e, g), and daily 8-hr maximum
ozone concentrations (c, d, f, h) for actual and counterfactual scenarios in Bronx (a, b),
Manhattan (c, d), Queens (e, f), and South Dekalb (g, h). Shading is the 95% confidence
interval.
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Figure Al13. Change in daily average PM2.5 concentrations (a, b, €), and daily 8-hr
maximum ozone concentrations (c, d, f) due to impacts for Bronx (a, b), Manhattan (c, d),
and Queens (e, f) in NYC. Shading is the 95% confidence interval. Gray line at O indicates

no change.

A.3 Supplemental Tables

Table Al. Performance of ML models

Test Train
R? RMSE R? RMSE
Bronx PM25 058 4.16 0.82 275
ozone 0.78 6.92 0.85 5.66
Manhattan PM25 055 3.99 0.76 3.14
ozone 0.75 7.87 0.87 5.60
Queens PM25 0.60 355 0.76  2.80
ozone 0.76 6.83 0.86 5.60
South PM25 059 3.60 0.74  2.86
Dekalb ozone 0.71  8.23 0.86 5.50
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Table A2a. Fractional medium- and long-run SO2 emissions reductions

ATL NYC
CAIR -0.41 -0.51
CSAPR,
MATS, other -0.46 035
long-run
Total -0.87 -0.86

Table A2b. Fractional medium- and long-run NOx emissions reductions

ATL NYC

Ozone Non-ozone Ozone Non-ozone

season season season season
CAIR -0.02 -0.30 -0.08 -0.51
CSAPR,
MATS, other -0.42 -0.14 -0.31 -0.12
long-run
Total -0.44 -0.44 -0.39 -0.64

Table A3. Emissions included in various scenarios

Emissions included
_ Actual Short- CAIR CSAPR, MATS,

Scenario run other long-run
Short-run X X
CAIR X X
CSAPR, MATS,

X X
other long-run
All factors together X X X X

41



REFERENCES

(1) Dedoussi, I. C.; Eastham, S. D.; Monier, E.; Barrett, S. R. H. Premature Mortality

)

(3)

(4)

(5)

(6)

(")

(8)

(9)

Related to United States Cross-State Air Pollution. Nature 2020, 578 (7794), 261—
265. https://doi.org/10.1038/s41586-020-1983-8.

LaCount, M. D.; Haeuber, R. A.; Macy, T. R.; Murray, B. A. Reducing Power Sector
Emissions under the 1990 Clean Air Act Amendments: A Retrospective on 30 Years
of Program Development and Implementation. Atmospheric Environment 2021, 245,
118012. https://doi.org/10.1016/j.atmosenv.2020.118012.

US EPA. Benefits and Costs of the Clean Air Act from 1990 to 2020; U.S.
Environmental Protection Agency Office of Air and Radiation, 2011.

HEIl Accountability Working Group. Assessing Health Impact of Air Quality
Regulations: Concepts and Methods for Accountability Research. HEI
communication 2003, 11.

Linn, J.; McCormack, K. The Roles of Energy Markets and Environmental
Regulation in Reducing Coal-Fired Plant Profits and Electricity Sector Emissions.
The RAND  Journal of Economics 2019, 50 (4), 733-767.
https://doi.org/10.1111/1756-2171.12294.

US Environmental Protection Agency. Regulatory Impact Analysis for the Final
Clean Air Interstate Rule. 2005.

US Environmental Protection Agency. Regulatory Impact Analysis for the Federal
Implementation Plans to Reduce Interstate Transport of Fine Particulate Matter and
Ozone in 27 States; Correction of SIP Approvals for 22 States, 2011.
https://www.epa.gov/csapr/regulatory-impact-analysis-final-cross-state-air-
pollution-rule.

US Environmental Protection Agency. Regulatory Impact Analysis for the Final
Mercury and Air Toxics Standards. 2011.

Gowrisankaran, G.; Langer, A.; Zhang, W. Policy Uncertainty in the Market for Coal
Electricity: The Case of Air Toxics Standards. National Bureau of Economic
Research July 2022. https://doi.org/10.3386/w30297.

(10) Georgia Power Company. 2013 Integrated Resource Plan and Application for

Decertification of Plant Branch Units 3 and 4, Plant McManus Units 1 and 2, Plant
Kraft Units 1-4, Plant Yates Units 1-5, Plant Boulevard Units 2 and 3 and Plant
Bowen Unit 6 Filed along with Trade Secret; Georgia Power Company 2013 IRP
Filing; 145981, 2013. https://psc.ga.gov/search/facts-
document/?documentld=145981.

42



(11) Henneman, L. R. F.; Liu, C.; Mulholland, J. A.; Russell, A. G. Evaluating the
Effectiveness of Air Quality Regulations: A Review of Accountability Studies and
Frameworks. Journal of the Air & Waste Management Association 2016, 67 (2), 144—
172. https://doi.org/10.1080/10962247.2016.1242518.

(12) Henneman, L. R. F.; Liu, C.; Chang, H.; Mulholland, J.; Tolbert, P.; Russell, A. Air
Quality Accountability: Developing Long-Term Daily Time Series of Pollutant
Changes and Uncertainties in Atlanta, Georgia Resulting from the 1990 Clean Air
Act  Amendments. Environment International 2019, 123, 522-534.
https://doi.org/10.1016/j.envint.2018.12.028.

(13) Russell, A. (Ted) G.; Tolbert, P.; Henneman, L. R. F.; Abrams, J.; Liu, C.; Klein, M.;
Mulholland, J.; Sarnat, S. E.; Hu, Y.; Chang, H. H.; Odman, T.; Strickland, M. J.;
Shen, H.; Lawal, A. Impacts of Regulations on Air Quality and Emergency
Department Visits in the Atlanta Metropolitan Area, 1999-2013. Res Rep Health Eff
Inst 2018, 2018, 195.

(14) Wang, Z.; Krupnick, A. A Retrospective Review of Shale Gas Development in the
United States: What Led to the Boom? Economics of Energy & Environmental Policy
2015, 4 (1), 5-18.

(15) Hausman, C.; Kellogg, R. Welfare and Distributional Implications of Shale Gas.
National Bureau of Economic Research April 2015. https://doi.org/10.3386/w21115.

(16) Johnsen, R.; LaRiviere, J.; Wolff, H. Fracking, Coal, and Air Quality. Journal of the
Association of Environmental and Resource Economists 2019, 6 (5), 1001-1037.
https://doi.org/10.1086/704888.

(17) Fell, H.; Kaffine, D. T. The Fall of Coal: Joint Impacts of Fuel Prices and Renewables
on Generation and Emissions. American Economic Journal: Economic Policy 2018,
10 (2), 90-116.

(18) Knittel, C. R.; Metaxoglou, K.; Trindade, A. Natural Gas Prices and Coal
Displacement: Evidence from Electricity Markets. National Bureau of Economic
Research October 2015. https://doi.org/10.3386/w21627.

(19) Linn, J.; Muehlenbachs, L. The Heterogeneous Impacts of Low Natural Gas Prices
on Consumers and the Environment. Journal of Environmental Economics and
Management 2018, 89, 1-28. https://doi.org/10.1016/j.jeem.2018.02.002.

(20) Cullen, J. A.; Mansur, E. T. Inferring Carbon Abatement Costs in Electricity Markets:
A Revealed Preference Approach Using the Shale Revolution. American Economic
Journal: Economic Policy 2017, 9 (3), 106-133.
https://doi.org/10.1257/pol.20150388.

(21) Holladay, J. S.; LaRiviere, J. The Impact of Cheap Natural Gas on Marginal
Emissions from Electricity Generation and Implications for Energy Policy. Journal

43



of Environmental Economics and Management 2017, 85, 205-227.
https://doi.org/10.1016/j.jeem.2017.06.004.

(22) Brehm, P. Natural Gas Prices, Electric Generation Investment, and Greenhouse Gas
Emissions.  Resource and Energy Economics 2019, 58, 101106.
https://doi.org/10.1016/j.reseneeco.2019.06.003.

(23) Coglianese, J.; Gerarden, T.; Stock, J. H. The Effects of Fuel Prices, Regulations, and
Other Factors on U.S. Coal Production, 2008-2016. The Energy Journal 2020, 41 (1).

(24) Davis, R. J. Abate or Exit? The Impact of Mercury Regulation on Coal Generator
Retirements. 2018.

(25) Venkatesh, A.; Jaramillo, P.; Griffin, W. M.; Matthews, H. S. Implications of
Changing Natural Gas Prices in the United States Electricity Sector for SO2, NOX
and Life Cycle GHG Emissions. Environ. Res. Lett. 2012, 7 (3), 034018.
https://doi.org/10.1088/1748-9326/7/3/034018.

(26) Squizzato, S.; Masiol, M.; Rich, D. Q.; Hopke, P. K. PM2.5 and Gaseous Pollutants
in New York State during 2005-2016: Spatial Variability, Temporal Trends, and
Economic Influences. Atmospheric Environment 2018, 183, 209-224.
https://doi.org/10.1016/j.atmosenv.2018.03.045.

(27) Masiol, M.; Squizzato, S.; Rich, D. Q.; Hopke, P. K. Long-Term Trends (2005-2016)
of Source Apportioned PM2.5 across New York State. Atmospheric Environment
2019, 201, 110-120. https://doi.org/10.1016/j.atmosenv.2018.12.038.

(28) Lee, S.; Russell, A. G.; Baumann, K. Source Apportionment of Fine Particulate
Matter in the Southeastern United States. Journal of the Air & Waste Management
Association 2007, 57 (9), 1123-1135. https://doi.org/10.3155/1047-3289.57.9.1123.

(29) Deetjen, T. A.; Azevedo, I. L. Reduced-Order Dispatch Model for Simulating
Marginal Emissions Factors for the United States Power Sector. Environ. Sci.
Technol. 2019, 53 (17), 10506—-10513. https://doi.org/10.1021/acs.est.9b02500.

(30) Raichur, V.; Callaway, D. S.; Skerlos, S. J. Estimating Emissions from Electricity
Generation Using Electricity Dispatch Models: The Importance of System Operating
Constraints.  Journal of Industrial Ecology 2016, 20 (1), 42-53.
https://doi.org/10.1111/jiec.12276.

(31) Selvans, Z.; Gosnell, C.; Sharpe, A.; Winter, S.; Rousik, J.; Welty, E.; Bush, T.;
Norman, B. The Public Utility Data Liberation (PUDL) Project, 2023.
https://doi.org/10.5281/zenodo.7806851.

(32) US EPA. Emissions & Generation Resource Integrated Database (EGRID), 2023.
https://www.epa.gov/egrid (accessed 2023-01-20).

44



(33) US EPA. Clean Air Markets Program Data. https://campd.epa.gov/ (accessed 2023-
05-20).

(34) US Energy Information Administration. Form EIA-860 Detailed Data with Previous
Form Data (EIA-860A/860B), 2023.

(35) Ryan, N. A.; Johnson, J. X.; Keoleian, G. A. Comparative Assessment of Models and
Methods To Calculate Grid Electricity Emissions. Environ. Sci. Technol. 2016, 50
(17), 8937-8953. https://doi.org/10.1021/acs.est.5b05216.

(36) US Energy Information Administration. Form EIA-923 Detailed Data with Previous
Form Data (EIA-906/920), 2023. https://www.eia.gov/electricity/data/eia923/
(accessed 2023-01-20).

(37) Homeland Infrastructure Foundation-Level Data (HIFLD). Control Areas, 2022.
https://hifld-geoplatform.opendata.arcgis.com/datasets/geoplatform::control-
areas/explore?location=35.475160%2C-75.889524%?2C5.00 (accessed 2023-06-21).

(38) Cooperative Institute for Research in the Atmosphere. Interagency Monitoring of
Protected Visual Environments, 2022. http://vista.cira.colostate.edu/Improve/
(accessed 2022-02-04).

(39) Chen, T.; Guestrin, C. XGBoost: A Scalable Tree Boosting System. In Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and
Data Mining; ACM: San Francisco California USA, 2016; pp 785-794.
https://doi.org/10.1145/2939672.2939785.

(40) Litvinov, E.; Zhao, F.; Zheng, T. Electricity Markets in the United States: Power
Industry Restructuring Processes for the Present and Future. IEEE Power and Energy
Magazine 2019, 17 (1), 32-42. https://doi.org/10.1109/MPE.2018.2872300.

(41) Borenstein, S.; Bushnell, J. The US Electricity Industry After 20 Years of
Restructuring. Annual Review of Economics 2015, 7 (1), 437-463.
https://doi.org/10.1146/annurev-economics-080614-115630.

(42) Douglas, S.; Garrett, T. A.; Rhine, R. M. Disallowances and Overcapitalization in the
U.S. Electric Utility Industry. Federal Reserve Bank of St. Louis Review 2009, 91 (1).
https://doi.org/10.20955/r.91.23-32.

(43) Fisher, J.; Armendariz, A.; Miller, M.; Pierpont, B.; Roberts, C.; Smith, J.; Wannier,
G. Playing with Other People’s Money: How Non-Economic Coal Operations Distort
Energy Markets. 2019.

(44) Kruse, E. North Carolina v. Environmental Protection Agency. Harv. Envtl. L. Rev.
2009, 33, 283.

45



(45) Burtraw, D.; Palmer, K.; Paul, A.; Woerman, M. Secular Trends, Environmental
Regulations, and Electricity Markets. The Electricity Journal 2012, 25 (6), 35-47.
https://doi.org/10.1016/j.tej.2012.06.010.

(46) Simon, H.; Reff, A.; Wells, B.; Xing, J.; Frank, N. Ozone Trends Across the United
States over a Period of Decreasing NOx and VOC Emissions. Environ. Sci. Technol.
2015, 49 (1), 186-195. https://doi.org/10.1021/es504514z.

(47) Sillman, S. The Relation between Ozone, NOx and Hydrocarbons in Urban and
Polluted Rural Environments. Atmospheric Environment 1999, 33 (12), 1821-1845.
https://doi.org/10.1016/S1352-2310(98)00345-8.

(48) Kheirbek, I.; Haney, J.; Douglas, S.; Ito, K.; Caputo, S.; Matte, T. The Public Health
Benefits of Reducing Fine Particulate Matter through Conversion to Cleaner Heating
Fuels in New York City. Environ. Sci. Technol. 2014, 48 (23), 13573-13582.
https://doi.org/10.1021/es503587p.

(49) Grubert, E. Same-Plant Trends in Capacity Factor and Heat Rate for US Power Plants,
2001-2018. I0OPSciNotes 2020, 1 (2), 024007. https://doi.org/10.1088/2633-
1357/abb9f1.

(50) Institute of Clean Air Companies. Selective Catalytic Reduction (SCR) Control of
NOx Emissions from Fossil Fuel-Fired Electric Power Plants; 20009.
https://cdn.ymaws.com/icac.site-
ym.com/resource/resmgr/Standards_WhitePapers/SCR_WhitePaper_final_2009.pdf.

(51) Schmalensee, R.; Stavins, R. N. The SO2 Allowance Trading System: The Ironic
History of a Grand Policy Experiment. Journal of Economic Perspectives 2013, 27
(1), 103-122. https://doi.org/10.1257/jep.27.1.103.

(52) Burtraw, D.; Keyes, A. Recognizing Gravity as a Strong Force in Atmosphere
Emissions Markets. Agricultural and Resource Economics Review 2018, 47 (2), 201-
219. https://doi.org/10.1017/age.2018.12.

(53) Holladay, J. S.; Soloway, S. The Environmental Impacts of Fuel Switching Electricity
Generators. Energy Journal 2016, 37 (4), 187-213.
https://doi.org/10.5547/01956574.37.4.jhol.

(54) US Environmental Protection Agency. Power Plant Emission Trends, 2023.
https://www.epa.gov/power-sector/power-plant-emission-
trends#:~:text=Compared%20t0%202021%2C%?20the%202022,decrease%20in%20
CO2%20emissions (accessed 2023-03-02).

(55) US Energy Information Administration. Natural Gas Prices, 2023.
https://www.eia.gov/dnav/ng/ng_pri_sum_dcu_nus_m.htm (accessed 2023-03-02).

(56) US Energy Information Administration. Net Generation for United States, Monthly,
2023.

46



https://www.eia.gov/electricity/data/browser/#/topic/0?agg=2&fuel=vtvv&linechart
=ELEC.GEN.ALL-US-99.M&columnchart=ELEC.GEN.ALL-US-
99.M&map=ELEC.GEN.ALL-US-
99.M&freq=M&start=200101&end=202304&ctype=linechart&Itype=pin&rtype=s
&maptype=0&rse=1&pin= (accessed 2023-03-02).

47



