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 The Short-Term Impact on Emissions and Federal Tax Revenue  

of a Carbon Tax in the U.S. Electricity Sector  

 

 

Abstract 

Due to low natural gas prices and the environmental advantages of natural gas combined 

cycle (NGCC) compared to coal, NGCC is replacing coal generators as the inframarginal 

providers of electricity. However, on average, NGCCs are running only 54 percent of the time. 

Utilizing excess NGCC capacity, as a substitute for coal generation, is a short-term policy 

solution for reducing greenhouse gases. In this research, we evaluate the impact of a carbon tax 

on substitution of natural gas for coal in the U.S. electricity sector. Through fixed effects 

regression and counterfactual calculations, we analyze data from 2003-2017 to evaluate the 

impact of a carbon tax on NGCC utilization, carbon emissions, and federal tax revenue between 

2020 and 2030. We find the highest marginal increase in NGCC utilization happens with a 

carbon tax priced at $10/ton. Depending on future estimated changes in natural gas capacity, a 

$10 carbon tax would reduce carbon emissions between 1.39 and 1.55 billion metric tons per 

year and generate $106.47 to $118.33 billion in net revenue. The carbon tax we propose would 

be simpler to implement than an economy-wide policy and would still lead to significant carbon 

reductions and federal tax revenue in the short-run. 
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1. Introduction 

According to the Energy Information Administration (EIA), 76 percent of greenhouse gas  

emissions in the U.S. result from burning fossil fuels, with approximately 34 percent of 

emissions from electricity generation.1 Several approaches can be used to reduce carbon 

emissions in an effort to combat rising sea levels and extreme weather conditions, ranging from 

the imposition of government regulations to taxation of carbon emissions like we have seen in 

many countries around the world. The Intergovernmental Panel on Climate Change, which is the 

United Nations’ institutional body for evaluating the science and potential policy solutions 

related to climate change, suggests a lofty goal of worldwide net-zero emissions by 2050, which 

may or may not be achievable. However, without agreement on regulatory policy as a potential 

solution, we believe the U.S. would benefit from implementing federal government tax policy 

aimed at increasing utilization of natural gas-fired combined cycle generators (NGCC), because 

it is a relatively simple way to offset coal-generated electricity and reduce carbon emissions by a 

nontrivial amount in the short-term without having to invest in new fossil-fuel capacity.  

 In this study, we evaluate the impact of a U.S.-based carbon tax on revenue generation, 

and CO2 emissions in the short-term while taking into consideration different future capacity 

scenarios for electricity generation. Our goals are 1) to identify the carbon tax price with the 

greatest marginal impact on NGCC utilization, and 2) to use that tax price to evaluate the impact 

of various future capacity scenarios on carbon emissions and potential tax revenue in the short-

term. The first part of this study uses a fixed-effects regression model of NGCC capacity factors 

(i.e. utilization) from 2003-2017 to estimate the relationship between natural gas and coal 

 
1 U.S. Energy Information Administration, available at: 

https://www.eia.gov/energyexplained/index.php?page=environment_where_ghg_come_from.   

https://www.eia.gov/energyexplained/index.php?page=environment_where_ghg_come_from
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resource prices on NGCC utilization. With these estimates, we then use a counterfactual model 

with different carbon tax prices, which effectively increase the prices of natural gas and coal 

differently due to their different rates of carbon emissions per unit of electricity generated, to 

identify the tax price with the greatest marginal impact on NGCC utilization and corresponding 

CO2 emissions. In the second part of this study, we estimate the carbon-reducing and revenue-

generating potential of our proposed carbon tax in the short-term from 2020-2030 using three 

different future capacity scenarios estimated by the Energy Information Administration (EIA). 

By focusing on different capacity scenarios, we are able to differentiate among potential policy 

decisions regarding future investment to enhance capacity and how such policy decisions affect 

electricity generation, CO2 emissions, and federal tax revenue in the short-term. The carbon tax 

we propose would be simpler to implement than an economy-wide policy and would still lead to 

significant carbon reductions and federal tax revenue in the short-run. 

This paper proceeds as follows. We first review the relevant research on carbon taxes and 

the substitution of natural gas for coal in electricity generation. We then discuss our data and 

specify our fixed effects regression model. Next, we describe our counterfactual methodology 

and present our results. We conclude the study with a policy discussion of our proposed tax base, 

point of taxation, and potential economic impact before offering some suggestions for future 

research.      

2. Background and Relevant Literature 

2.1 Background on NGCC Utilization   

In this study, we focus specifically on capacity factors or utilization measured as 

(
𝐴𝑐𝑡𝑢𝑎𝑙 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑂𝑢𝑡𝑝𝑢𝑡

𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡
) for NGCC plants, rather than on natural gas generation as a whole. We 
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focus on utilization rather than generation, because it is utilization and capacity that determine 

overall rates of generation. During the early 2000s, NGCC capacity increased substantially in the 

U.S. in response to low natural gas price forecasts, growing energy demand, and electricity 

market restructuring (Joskow, 2006). Since this “natural gas capacity boom,” utilization began 

increasing in 2005 as capacity growth slowed (Lafrancois, 2012). Although NGCCs were 

initially used as peaking units, running only when electricity demand was at its highest, there has 

been a slow, steady shift to higher utilization (see Figure 1). Although the U.S. Environmental 

Protection Agency’s (EPA) 2015 Clean Power Plan (CPP) developed during the Obama 

administration recommended increasing average NGCC capacity factors to 75 percent on a net 

summer capacity basis, these plants are still only running 54 percent of the time on average. This 

 

 
Figure 1. Average Monthly Capacity Factors for NGCC vs. Coal Generators in the Electric 

Power Sector, 2003-2017  
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underutilization offers the potential for further NGCC utilization and carbon emissions reduction 

without additional investment in generation capacity in the short-term (see Figure 1).  

Lower pollutant content and high thermal conversion efficiency of NGCC translate into 

60 percent less CO2 emissions than traditional coal generators. As such, we suggest that instead 

of regulation-based utilization targets or emissions caps, a properly designed and implemented 

carbon tax would be an effective policy approach for increasing NGCC utilization and 

consequently reducing carbon emissions in the short-term. This may partly be due to the fact that 

a carbon tax would influence the economics that system operators consider when determining 

how much to run a power plant, favoring cleaner sources of electricity. And, since units with 

higher variable costs – fossil fuel-fired natural gas and coal plants – offer flexibility in when they 

run to full capacity, increasing output from existing NGCC plants in the U.S. is a low-cost and 

practical policy solution focused on short-term operation decisions. Yet, a carbon tax would also 

have the long-term impact of encouraging investment in low to zero emitting technologies such 

as advanced NGCC capacity and renewables.   

2.2 Carbon Tax Research 

Carbon taxes have been developed and implemented globally as a means to substantially 

reduce carbon emissions. For more than 25 years in several countries and sub-national U.S. 

governments carbon taxes have been used to combat climate change and reduce carbon 

emissions, with tax prices ranging from less than $1 per ton of CO2 emissions in Poland to up to 

$139 per ton in Sweden (Metcalf, 2019). As of 2020, 27 national or sub‐national carbon taxes 

were in effect worldwide. And, Metcalf (2008, 2019) believes there are strong economic, 

administrative, and efficiency arguments that can be made for a carbon tax in the U.S.  
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The carbon tax is a consumption-based tax, which makes it economically more efficient 

because it has less distortionary effects than other forms of taxation like those imposed upon 

income (Pomerleau and Asen, 2019). Carbon taxes also have the added benefit of reducing the 

negative externalities of carbon emissions like any Pigouvian type of tax (Pomerleau and Asen, 

2019). However, the extent to which a carbon tax would alter individuals’ and firms’ behaviors 

largely depends upon the way in which the carbon tax is designed and implemented, particularly 

with respect to the ways in which carbon tax revenues are used and/or offset to achieve 

neutrality. A carbon tax may be implemented at the point of production on raw fuels (upstream 

approach), the point of consumption (downstream approach), or at different points in between 

(midstream approach) before reaching final consumers (Pomerleau and Asen, 2019; Horowitz et 

al., 2017).  A carbon tax implemented midstream that is based upon actual CO2 emissions would 

place an economic advantage on running NGCC in place of coal, boosting NGCC utilization. 

The challenge of such an approach, however, is that new tax rules may need to be developed 

since the Internal Revenue Code might not adequately guide a carbon tax in this form.  

Carbon taxes lead to lower carbon emissions in several ways. First, a carbon tax would 

increase the cost of electricity from carbon sources, which would encourage lower consumption 

of electricity in areas that use fossil-fuels. Several studies have shown that a carbon tax is an 

effective means for lowering electricity or gasoline consumption where they have been put in 

place (Elgie and McClay, 2013) or through experiments (Parag et al., 2011). Additionally, a 

carbon tax would encourage substitution of lower or zero-carbon energy sources, such as natural 

gas or renewable energy sources in place of coal generation, which is the focus of this study. In 

terms of the implications of a carbon tax, extant research suggests that it is possible to achieve 

emission reductions using carbon tax policies under a number of different implementation 
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scenarios. McKibbin et al. (2015) examined four different policy scenarios and found long-term 

reductions in carbon emissions of 18 to 21 billion metric tons below the base level. More 

recently, Barron et al. (2018) showed that a $50 per ton carbon tax that increased at 5 percent per 

year would produce an estimated 10-year decline in emissions of 22 to 28 percent. It should be 

cautioned, however, that exemptions underlying some existing carbon tax policies around the 

world have important influence over the success of a carbon tax in mitigating emissions (Lin and 

Li, 2011).   

 In addition to emissions savings, studies of existing (Metcalf, 2019) or theoretical 

(Alexander & Backus, 2007; McKibbin et al., 2015) carbon taxes find that a carbon tax might 

boost economic growth through increased jobs, reduced deficit, and environmental well-being. 

Finally, in terms of economic efficiency, Gale et al. (2015) argued that a carbon tax in the U.S. 

would improve environmental outcomes, increase economic efficiency, and allow the 

elimination of other tax subsidies and spending programs. And, compared to a clean energy 

standard, like Renewable Portfolio Standards in the U.S. that require a certain percentage of new 

electricity from zero-emission sources, a carbon tax would have a lower cost per ton of CO2 

emissions reduction (Rhodes and Jaccard, 2013; Metcalf, 2019). These findings are in line with 

those of although Rhodes and Jaccard (2013) who found that British Columbia’s Clean 

Electricity Standard would likely reduce CO2 emissions by four to six times more than a carbon 

tax, the cost per ton of CO2 emissions reduction under the Clean Electricity Standard is 

significantly higher than that of a carbon tax. 

2.3 Substituting Natural Gas for Coal 

Many of the currently existing or proposed carbon taxes in the world are economy-wide, 

extending beyond the electricity industry to other sources of pollution including the 
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transportation, industrial, and commercial sectors. However, for this study, we focus on the 

impact of a U.S. federal carbon tax on the electricity industry only, because it is one of the 

largest sources of carbon emissions in the U.S. The main source of carbon emissions in the 

electricity sector is from burning fossil fuels, including coal and natural gas, to generate 

electricity. However, natural gas has about half the carbon emissions as coal, rendering NGCC 

power plants that run on natural gas environmentally advantageous to coal-fired plants. Milne 

(2008) notes that the focus in the U.S. has been on cap-and-trade regimes, largely for political 

reasons. However, we believe the narrower approach we take in this study might help to reduce 

political opposition to the tax because it would apply to only one sector of the economy, the 

electric utility industry, which has recently supported carbon taxes (Walton, 2019) despite 

opposition by energy companies (Anderson et al., 2019). 

 A carbon tax would add proportionate cost to all carbon-emitting sources of electricity, 

namely coal and natural gas generation. Since coal generators typically emit at least twice as 

much carbon on a per-megawatt hour basis compared to NGCC, NGCC generators would have a 

relatively lower carbon tax. This matters because system operators that manage the power grid 

consider economic and technical factors when deciding which generators to dispatch. If natural 

gas generation is cheaper than coal, natural gas generators will be dispatched ahead of coal 

generators when technically feasible. Since 2008, natural gas prices have fallen 65 percent, 

primarily from the increased use of hydraulic fracturing for natural gas (Brehm, 2019; Cullen & 

Mansur, 2017; Fell & Kaffine, 2018). As a result, natural gas utilization has grown while coal 

generation has decreased, indicating re-dispatching of natural gas in place of coal has already 

taken place to some degree (Stevens, 2018). Environmental policies, such as a carbon tax, have 
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the potential to increase this effect and substantially lower carbon emissions further (Steinberg et 

al., 2017; Gelman et al., 2014; LaFrancois, 2012). 

 However, technical considerations may limit the re-dispatch of natural gas for coal. 

Operational constraints, such as transmission congestion, ramping limits, and minimum run 

times may limit utilization of NGCC capacity (Steinberg et al., 2018). Additionally, natural gas 

infrastructure and its availability to fuel NGCC can also limit the ability of system operators to 

increase NGCC utilization in place of coal. Further, some parts of the country, like the West 

Coast, do not have as much coal generation to replace compared to other areas, like the 

northeastern U.S. (Steinberg et al., 2018). However, since our analysis is empirical and based 

upon actual historical data, as opposed to simulated data values derived from engineering models 

often used for this type of research, these operational constraints are inherent to our regression 

models, because such technical considerations have already impacted the actual utilization values 

we observe in our data.   

Most recent studies on natural gas generation as a substitute for coal focus on particular 

regions of the U.S. (Kaffine et al., 2013; Fell and Kaffine, 2018), or aggregate emissions 

reductions in regional areas based on generation switching (Cullen & Mansur, 2017). Others 

analyze the impact of decreased natural gas prices on electricity prices (Linn et al., 2014). These 

studies generally conclude that areas with ample natural gas capacity replace coal as natural gas 

prices decrease. As a result, CO2 emissions decline since natural gas is about half as carbon 

intensive as coal. Some studies also find increases in renewable generation may have competed 

with natural gas generation at first but are now displacing coal as natural gas prices have fallen 

as a result of the shale gas revolution (Fell & Kaffine, 2018). Moreover, Kaufmann and Hines 

(2018) found support for the interfuel substitution towards natural gas as a result of changing 
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market prices of energy resources, suggesting a carbon tax aimed at emissions from electricity 

generation would likely bolster generation from NGCC above coal and oil.    

 Despite the advantages of increasing NGCC utilization in place of coal, generating 

electricity with natural gas still produces undesirable carbon emissions. And, increased 

utilization of NGCC would likely require some expansion related to natural gas infrastructure 

and recovery, such as hydraulic fracturing, which have negative environmental impacts. Leakage 

of methane along the pathway from resource extraction to use can also produce greater carbon 

emissions. However, Farquharson et al. (2016) found that a methane leakage rate for natural gas 

below 4 percent would have a less negative impact on the climate than coal in the short-run. 

Currently, the U.S. EPA estimates the carbon leakage rate at 1.4%,2 which is arguable (Alvarez 

et al., 2018), but still well below the 4 percent threshold. As explained further in sections 3 and 

4, our approach reflects a rather conservative estimate of carbon emissions reductions with these 

important factors in mind. 

Following the approach of Stevens (2018) and Doyle and Fell (2018), our study focuses 

specifically on capacity factors (i.e. utilization) for NGCC plants as the dependent variable, 

rather than on natural gas generation as a whole, which can also include less efficient, single-

cycle gas turbines. Again, we focus on utilization rather than generation, because it is utilization 

and capacity that determine overall rates of generation. In addition, we analyze the impact of 

different NGCC capacity expansion scenarios provided through EIA forecasts on carbon 

emissions and tax revenue. In doing so, we are able to contribute to extant research by evaluating 

different policy options for a U.S.-based federal carbon tax combined with natural gas capacity 

 
2U.S. EPA Inventory of U.S. Greenhouse Gas Emissions and Sinks, 1990-2016, available at: 

https://www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-emissions-and-sinks-1990-2016. 

https://www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-emissions-and-sinks-1990-2016
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expansion. We believe this is an important consideration and contribution to this policy 

discussion, because building new NGCC plants requires substantial investment, and these plants 

would likely operate for 30-40 years (Mills et al., 2017).  

3. Model Specification and Data 

We hypothesize that a tax imposed upon carbon emissions from electricity generation 

would lead to an increase in natural gas utilization as a substitution for coal, as the tax would be 

more burdensome for coal-fired electricity generation because of its greater carbon intensity 

compared to natural gas. Once we are able to determine the impact of a carbon tax on NGCC 

utilization, we can then calculate the expected reduction in emissions associated with the 

substitution of natural gas for coal in electricity generation. So, first we use a fixed effects 

regression model to estimate the impact on NGCC capacity factors (i.e. utilization) of resource 

prices, which would effectively increase differently from the imposition of a tax on carbon 

emissions, due to the different carbon intensities of NGCC versus coal electricity generation. 

Then, we use these estimates in a counterfactual calculation, which adds a carbon tax by 

proportionally increasing the natural gas and coal prices in the price ratio based upon each of 

their different carbon intensity values, to identify the tax price with the greatest marginal impact 

on NGCC utilization and corresponding CO2 emissions reductions.3 As a result, applying the 

carbon tax increases the prices for both coal and natural gas; however, the price increase of coal 

is nearly double that of natural gas. Last, we take this information from the counterfactual to 

estimate the carbon-reducing and revenue-generating potential of our proposed carbon tax in the 

 
3 We expand upon this explanation by providing an example and the equations used for these calculations in section 

4 when we explain our counterfactual methodology. 
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short-term from 2020-2030 using three different future capacity scenarios estimated by the U.S. 

Energy Information Administration (EIA). 

3.1 Fixed Effects Regression Model 

 Similar to the approach of Stevens (2018), we begin with an econometric specification 

and estimation to evaluate the impact of resource prices on NGCC utilization using a fixed-

effects regression model (see Eq. 1). Using i to denote the unit of observation (plant-fuel-

technology group, explained in section 3.2), and t to denote time (year-month), we estimate 

monthly capacity factors (cf) for NGCC observational units for each year 2003-2017. We 

calculate monthly capacity factors for NGCCs using EIA’s method specified in Equation 2, 

where (𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑡𝑖𝑚𝑒𝑡) is the number of hours per month, as we assume all hours in a month 

are available. For the resource price ratio, which is our independent variable of greatest interest 

as it reflects the price change brought about by a carbon tax, the function 𝑠(∙) denotes a cubic 

spline (explained in section 3.2), using s to denote each state. Following prior studies (Linn et al., 

2014; Fell and Kaffine, 2018; Stevens, 2018), our model also includes a vector of policy 

variables (𝜷𝑪𝒐𝒏𝒕𝒓𝒐𝒍
𝑷𝒐𝒍𝒊𝒄𝒚

), their capacity-weighted age interactions (𝜷𝒂𝒈𝒆
𝑷𝒐𝒍𝒊𝒄𝒚

), capacity-weighted age 

(Agei), a vector of state weather variables (𝐖𝒔,𝒕), and area load (𝐀𝐚,𝐭). In addition, the fixed-

effects regression model includes individual fixed-effects (𝛼𝑖) to control for time invariant 

characteristics of each plant. The month and year fixed effects (𝜃𝑚 , 𝜃𝑦) control for seasonality 

and annual variation that may be due to advances in knowledge and/or technology. The standard 

errors are clustered at the area level to address potential heteroscedasticity and errors that may be 

correlated within an area.  
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𝑐𝑓𝑖,𝑡 =  𝛽0 + 𝑠(𝜏1𝑝𝑟𝑖𝑐𝑒 𝑟𝑎𝑡𝑖𝑜𝑠,𝑡) + 𝛽𝐶𝑜𝑛𝑡𝑟𝑜𝑙
𝑃𝑜𝑙𝑖𝑐𝑦

𝑃𝑜𝑙𝑖𝑐𝑦𝑖,𝑡 + 𝛽𝑎𝑔𝑒
𝑃𝑜𝑙𝑖𝑐𝑦

(𝐴𝑔𝑒𝑖 ∙ 𝑃𝑜𝑙𝑖𝑐𝑦𝑖,𝑡) + Xi,tφX

+ Ws,tγY + Aa,tμZ + 𝜃𝑚+ 𝜃𝑦 + 𝛼𝑖 + 𝜀𝑖,𝑡 

(Eq. 1)  

𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑓𝑎𝑐𝑡𝑜𝑟𝑡,𝑖 =
𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑡,𝑖

𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑖∗𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑡𝑖𝑚𝑒𝑡
    (Eq. 2) 

3.2 Variables and Data Sources 

 To estimate Equation 1, we construct a dataset based on the population of power plants in 

the U.S. using publicly available data obtained primarily from the EIA. We restrict our sample to 

plants that are in the electric power sector only, which excludes industrial and commercial plants 

that produce electricity primarily for their own use (Stevens, 2018; Doyle & Fell, 2018). We also  

remove observations that are missing capacity or generation data, or have unrealistic capacity 

factors, which amount to less than one percent of total observations. With the EIA data, we 

create units of observation based on plant-fuel-technology group. The fuel type is provided 

through EIA energy source codes, and technology through prime mover codes.4 This approach 

combines multiple emissions units of the same fuel and technology type from the same plant into 

a single observational unit to match the EIA formatting. Like EIA, we use net summer capacity 

for each observational unit (i) in each time period (t), which is slightly lower than total capacity.5 

Table 1 provides variable descriptions and data sources for all variables used in our analysis. 

Figure 2 displays the geographical distribution of all observational units in our sample.   

 
4 All NGCC are fuel type “NG” (natural gas), and any of the following prime mover codes: CC (combined cycle 

total unit), CA (combined cycle steam part), CT (combined cycle combustion turbine part), or CS (combined cycle 

single shaft). See the EIA form 860 instructions for more information on the energy source and prime mover coding, 

available at: https://www.eia.gov/survey/form/eia_860/instructions.pdf. 
5 EIA’s Net Summer Capacity definition is available at 

https://www.eia.gov/tools/glossary/index.php?id=net%20summer%20capacity.  

https://www.eia.gov/survey/form/eia_860/instructions.pdf
https://www.eia.gov/tools/glossary/index.php?id=net%20summer%20capacity
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Category Variable Description & Data Source

Dependent 

Variable Capacity Factor
1

Net summer monthly capacity for each plant-fuel-technology group for each year calculated as 

total generationt,i  divided by total capacityi  multiplied by total available timet  (i.e. number of 

hours per month); Source: EIA-860, 923, 920, and 906.

Price Ratio Price Ratio

The average monthly Citygate price of natural gas per MMBtu divided by the annual average 

price of coal delivered to the electric power sector, both on a state level; Source: Natural gas prices 

from reports to EIA-857, available through the EIA at 

https://www.eia.gov/dnav/ng/ng_pri_sum_a_epg0_pg1_dmcf_m.htm. Coal prices are from the 

EIA's Annual Coal Report.

CAIR

Dichotomous variable coded 1 if the unit of observation is affected by the Clean Air Interstate 

Rule policy, and 0 otherwise; Source: EPA's Air Markets Program Division (AMPD), 

https://ampd.epa.gov/ampd/. 

RGGI

Dichotomous variable coded 1 if the unit of observation is affected by the Regional Greenhouse 

Gas Initiative Program policy, and 0 otherwise; Source: EPA's Air Markets Program Division 

(AMPD), https://ampd.epa.gov/ampd/. 

Dichotomous variable coded 1 if the unit of observation is affected by the NOx 

Budget Trading Program policy, and 0 otherwise; Source: EPA's Air Markets Program Division 

(AMPD), https://ampd.epa.gov/ampd/. 

CSAPR

Dichotomous variable coded 1 if the unit of observation is affected by the Cross-State Air 

Pollution Rule policy, and 0 otherwise; Source: EPA's Air Markets Program Division (AMPD), 

https://ampd.epa.gov/ampd/. 

NAAQS

Dichotomous variable coded 1 if the unit of observation is affected by the National Ambient Air 

Quality Standards policy, and 0 otherwise; Source: EPA’s Greenbook, 

https://www.epa.gov/green-book.

ARP

Dichotomous variable coded 1 if the unit of observation is affected by the Acid Rain Program 

policy, and 0 otherwise; Source: EPA's Air Markets Program Division (AMPD), 

https://ampd.epa.gov/ampd/. 

CA Cat

Dichotomous variable coded 1 if the unit of observation is affected by California’s Greenhouse 

Gas Cap-and-Trade program, and 0 otherwise; Source: California's Air Resources Board, 

https://ww3.arb.ca.gov/cc/capandtrade/capandtrade.htm.

Capacity-Weighted Age

The plant's capacity-weighted age calculated as the average age of each NGCC generator at the 

plant weighed by the plant's total NGCC capacity divided by the number of NGCC generating 

units at each plant to represent mean capacity. Age Source: EIA-860. 

Capacity-Weighted Age*CAIR Interaction of the CAIR dichotomous variable multiplied by the capacity-weighted age variable. 

Capacity-Weighted Age*RGGI Interaction of the RGGI dichotomous variable multiplied by the capacity-weighted age variable. 

Capacity-Weighted Age*NBP Interaction of the NBP dichotomous variable multiplied by the capacity-weighted age variable. 

Capacity-Weighted Age*CSAPR Interaction of the CSAPR dichotomous variable multiplied by the capacity-weighted age variable. 

Capacity-Weighted Age*NAAQS

Interaction of the NAAQS dichotomous variable multiplied by the capacity-weighted age 

variable. 

Capacity-Weighted Age*CA Cat Interaction of the CA Cat dichotomous variable multiplied by the capacity-weighted age variable. 

Capacity-Weighted Age*ARP Interaction of the ARP dichotomous variable multiplied by the capacity-weighted age variable. 

HDD (Scale)
2

Total number of heating degree days measuring demand for residential and commercial heating; 

Source: National Ocean and Atmospheric Administration’s Climate Prediction Center.

CDD (Scale)
2

Total number of cooling degree days measuring demand for residential and commercial cooling; 

Source: National Ocean and Atmospheric Administration’s Climate Prediction Center.

Demand Ratio

Electricity demand calculated as monthly demand divided by the maximum demand of the 

transmission area in the time series. Source: EIA-923, 920, and 906. 

Coal Capacity Percentage of nameplate capacity in the area provided by coal power plants; Source: EIA-860.

Nuclear Capacity Percentage of nameplate capacity in the area provided by nuclear power plants; Source: EIA-860.

Renewable Generation

Percentage of total generation in the area provided by intermittent renewable generation; Source: 

EIA-923.

3
 Areas are defined by a shared transmission or distribution system owner. Based on the full set of generators in the electricity sector (i.e. all groups, 

including coal and renewable generators), we have 960 areas with approximately 1.3 GW of generating capacity. Of these, 154 areas contain at least one 

NGCC generator. 

2
 Data source does not include Alaska and Hawaii; therefore, we drop all power plants from these states. Plants in these states also face different natural 

resource constraints and are likely to behave differently than power plants in the contiguous U.S. There are no NGCC generators in Hawaii, and the 

four in Alaska represent less than 0.3 percent of all NGCC capacity in our sample.

Table 1. Variable Descriptions and Data Sources

1
 Calculation based upon EIA's method.

NBP

Environmental 

Policies

Capacity-

Weighted Age * 

Policy

Weather

Area Load
3
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Figure 2. All Power Plants with Summer Nameplate Capacity in 2017 (MW) Using EIA 

Data 

 

Much of the extant research on changes in natural gas generation focuses on the role of 

resource prices, which is especially useful for evaluating our proposed carbon tax policy (Lu et 

al., 2012; Linn et al., 2014; Knittel et al. 2016; Fell & Kaffine 2018; Kaufmann and Hines, 2018; 

Stevens 2018). As seen in Figure 3, natural gas prices have fluctuated over the last twenty years 

with a significant decrease since the increased use of hydraulic fracturing in unconventional, 

shale resources in the United States to extract domestic sources of natural gas. We include the 

ratio of coal to natural gas prices to control for resource prices in our model. We use state 

Citygate prices of natural gas and state average coal prices delivered to the electric power sector 

in MMBtu, provided by the EIA.6 

 
6 EIA state Citygate prices of natural gas are available at 

https://www.eia.gov/dnav/ng/ng_pri_sum_a_epg0_pg1_dmcf_m.htm, and are computed from EIA-857 from over 

120 natural gas hubs in North America. When states have multiple hubs, the price provided is the average price from 

https://www.eia.gov/dnav/ng/ng_pri_sum_a_epg0_pg1_dmcf_m.htm
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Figure 3. National Average Monthly Natural Gas and Coal Prices, 2003-2017 

Due to our expectation that the correlation between NGCC capacity factors and the price 

ratio of natural gas to coal is nonlinear, we use a restricted cubic spline with five knots in our 

regression estimation to account for changes in responsiveness when the price of natural gas is 

low. This is a similar approach used by Cullen and Mansur (2017) and Stevens (2018) that 

creates a continuous smooth function with the locations of the knots based on percentiles 

recommended by Harrell (2001). The resource prices represent our key source of information 

about how NGCC utilization might respond to a carbon tax. We use carbon intensity values to 

add the carbon tax in appropriate proportions to the prices of natural gas and coal to generate a 

new price ratio variable when the carbon tax is applied.  

 
hubs within the state. State averaged coal prices are available using EIA’s Coal Data browser available at 

https://www.eia.gov/coal/data/browser/. 
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In Equation 1, we also include a series of dichotomous variables to control for the impact 

of several regional and national market-based environmental policies, including: Clean Air 

Interstate Rule (CAIR), Cross-State Air Pollution Rule (CSAPR), NOx Budget Trading Program 

(NBP), Acid Rain Program (ARP), and the Regional Greenhouse Gas Initiative Program 

(RGGI).7 Prior research suggests that increases in NGCC and natural gas generation have 

coincided with a number of important environmental policy changes (Stevens, 2018). In 

addition, Bistline (2014) suggests that climate policies have an important influence on future 

capacity investments, utilization, and emissions related to electricity production in the U.S. 

While none of these policies explicitly targeted increasing NGCC generation as a primary goal, 

they are rooted in curbing conventional or greenhouse gas emissions. Since NGCC has lower 

emissions compared to coal-generation, it is possible for any of these policies to increase NGCC 

generation. We also anticipate that age may influence the degree of response to environmental 

policies since younger NGCC plants are more efficient (Stevens, 2018; Doyle & Fell, 2018). 

Environmental policies aimed at reducing air emissions may decrease the use of older NGCC 

units that are not as clean or efficient. So, we also interact each environmental policy variable 

with capacity-weighted age (Age*Policy), using the plant’s mean capacity of each generator and 

calculated by dividing the plant’s NGCC capacity by the number of NGCC generating units at 

each plant, to determine whether the policies affect older plants differently. 

 
7 In email communication with the Environmental Protection Agency, who maintains this database, they stated that 

in most cases if the plant or unit is not in the dataset, it is not affected by any of the environmental policies.  
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 Finally, we include variables to control for other sources of generation in the area, 

including coal power plants, nuclear power plants, and intermittent renewable generators. As 

seen in the previous literature, coal and natural gas are substitutes, and natural gas and 

intermittent renewables may be complements (Fell & Kaffine. 2018; Cullen & Mansur, 2017; 

Linn et al. 2014). Therefore, we anticipate that the availability of other generation sources might 

affect NGCC utilization in response to changes in prices. We use intermittent renewable 

generation, as opposed to capacity, since generation more accurately represents the availability 

Category Variable Mean
Standard 

Deviation
Minimum Maximum

Dependent 

Variable Capacity Factor 0.42 0.30 0.00 1.00

Price Ratio Price Ratio 0.48 0.28 0.06 2.24

CAIR 0.23 0.42 0.00 1.00

RGGI 0.10 0.29 0.00 1.00

NBP 0.03 0.16 0.00 1.00

CSAPR 0.11 0.31 0.00 1.00

NAAQS 0.46 0.50 0.00 1.00

ARP 0.08 0.04 0.00 1.00

CA Cat 0.05 0.21 0.00 1.00

Capacity-Weighted Age 19.59 8.74 0.00 74.93

Capacity-Weighted Age*CAIR 4.26 8.68 0.00 48.73

Capacity-Weighted Age*RGGI 1.94 6.32 0.00 41.85

Capacity-Weighted Age*NBP 0.64 4.03 0.00 45.00

Capacity-Weighted Age*CSAPR 1.82 5.89 0.00 48.47

Capacity-Weighted Age*NAAQS 9.11 11.50 0.00 74.93

Capacity-Weighted Age*CA Cat 0.85 4.23 0.00 40.00

Capacity-Weighted Age*ARP 14.06 9.91 0.00 74.93

HDD (Scale) 0.30 0.36 0.00 1.89

CDD (Scale) 0.14 0.18 0.00 0.76

Demand Ratio 0.65 0.19 -0.04 1.00

Coal Capacity 0.17 0.19 0.00 0.83

Nuclear Capacity 0.08 0.11 0.00 0.72

Renewable Generation 0.04 0.09 0.00 1.00

N = 76,104

Table 2: Descriptive Statistics 

Policies

Capacity-

Weighted Age * 

Policy

Weather

Area Load
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and quality of intermittent resources. However, we use capacity for coal and nuclear plants 

instead of generation, because coal generation would predominantly account for a large portion 

of the variation in NGCC generation without determining the effects of what contributed to the 

decision to switch from coal to NGCC. Table 2 provides descriptive statistics for all variables 

included in our econometric model.  

4. Counterfactual Methodology 

After running our fixed effects regression estimation of Equation 1, we use the empirical 

results to conduct a counterfactual analysis to estimate the effect of different carbon tax rates on 

1) NGCC capacity factors, which in turn leads to changes in 2) NGCC generation 

[𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝐹𝑎𝑐𝑡𝑜𝑟 ∗ (8,760 𝑇𝑜𝑡𝑎𝑙 𝐴𝑛𝑛𝑢𝑎𝑙 𝐻𝑜𝑢𝑟𝑠 ∗ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦)], and 3) CO2 

emissions. With this information, we then estimate the net tax revenue from a carbon tax applied 

to three different capacity scenario projections provided by the EIA. More specifically, the 

counterfactual uses the fixed-effects parameter estimates to measure the impact on NGCC 

capacity factors (i.e. utilization) of different resource prices that incorporate different carbon 

taxes that might be implemented. Effectively, the fixed effects regression results allow us to 

determine the expected outcome pertaining to NGCC capacity factors, generation, and emissions 

without a carbon tax, while the counterfactual estimates provide the likely outcomes stemming 

from a carbon tax policy implemented at different price points as reflected by the prices of coal 

and natural gas resources. Based on several assumptions and this analysis, we can determine how 

different carbon taxes affect NGCC utilization, and in turn, carbon emissions. 

 To conduct the counterfactual analysis, we make a couple of important assumptions. 

First, we assume that all increases in NGCC generation resulting from increases in NGCC 

capacity factors will directly offset coal generation at a rate of 100 percent, because extant 
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research shows that much of the new NGCC generation is already offsetting coal (Fell & 

Kaffine, 2018; Cullen & Mansur, 2017; Linn et al. 2014). Second, we begin the counterfactual 

analysis with the assumption that there will be no changes in NGCC capacity, meaning there will 

be no new NGCC capacity brought online, nor any retirements in NGCC generation, in the short-

run time frame of our analysis. Peters and Hertel (2016) find that low natural gas prices drive 

increased gas utilization in the short-run, which eventually leads to increased natural gas capacity 

in the long-run due to increased returns to capacity. As such, we use NGCC capacity from 2017 

(the latest year of available data) for the counterfactual analysis to calculate the marginal impacts 

of various carbon tax prices. In reality, the Annual Energy Outlook (AEO) from the Energy 

Information Administration estimates a 46 percent increase in NGCC capacity for the electric 

power sector, and a less than 1 percent reduction in NGCC Combined Heat and Power plant 

capacity by 2026. The EIA also estimates a 31 percent reduction in coal capacity by 2026, and a 

12 percent reduction in Combined Heat and Power plant coal capacity. As such, we use our 

counterfactual estimates to compare three different future capacity scenarios projected by the 

EIA: the Reference Case, High Oil and Gas Resource and Technology, and Low Oil and Gas 

Resource and Technology (see Figure 4).8 These scenarios represent different oil and gas 

production costs and resource availability within the U.S., which allows for more or less 

production at world oil and natural gas prices. In our data spanning the years 2003 to 2017, 

NGCC capacity grew 80 percent, or 5.3 percent annually. The EIA reference case forecasts 

approximately the same rate of NGCC capacity expansion through at least 2030. While our 

 
8 Data obtained from the Annual Energy Outlook (2010-2019) on electricity capacity changes for the electric power 

sector reference case for NGCC and coal generators. The Annual Energy Outlook data are available from the EIA at: 

https://www.eia.gov/outlooks/aeo/data/browser/#/?id=9-AEO2019&region=0-

0&cases=ref2019&start=2017&end=2026&f=A&linechart=ref2019-d111618a.4-9-AEO2019~ref2019-d111618a.6-

9-AEO2019~ref2019-d111618a.18-9-AEO2019~ref2019-d111618a.16-9-

AEO2019&ctype=linechart&sourcekey=0.  

https://www.eia.gov/outlooks/aeo/data/browser/#/?id=9-AEO2019&region=0-0&cases=ref2019&start=2017&end=2026&f=A&linechart=ref2019-d111618a.4-9-AEO2019~ref2019-d111618a.6-9-AEO2019~ref2019-d111618a.18-9-AEO2019~ref2019-d111618a.16-9-AEO2019&ctype=linechart&sourcekey=0
https://www.eia.gov/outlooks/aeo/data/browser/#/?id=9-AEO2019&region=0-0&cases=ref2019&start=2017&end=2026&f=A&linechart=ref2019-d111618a.4-9-AEO2019~ref2019-d111618a.6-9-AEO2019~ref2019-d111618a.18-9-AEO2019~ref2019-d111618a.16-9-AEO2019&ctype=linechart&sourcekey=0
https://www.eia.gov/outlooks/aeo/data/browser/#/?id=9-AEO2019&region=0-0&cases=ref2019&start=2017&end=2026&f=A&linechart=ref2019-d111618a.4-9-AEO2019~ref2019-d111618a.6-9-AEO2019~ref2019-d111618a.18-9-AEO2019~ref2019-d111618a.16-9-AEO2019&ctype=linechart&sourcekey=0
https://www.eia.gov/outlooks/aeo/data/browser/#/?id=9-AEO2019&region=0-0&cases=ref2019&start=2017&end=2026&f=A&linechart=ref2019-d111618a.4-9-AEO2019~ref2019-d111618a.6-9-AEO2019~ref2019-d111618a.18-9-AEO2019~ref2019-d111618a.16-9-AEO2019&ctype=linechart&sourcekey=0
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model does not explicitly include a control for total NGCC capacity (because it would likely be 

endogenous), there is a steady increase in capacity over the timeseries. Therefore, our model 

estimation implicitly includes capacity expansion. In addition, this approach to our 

counterfactual analysis allows us to evaluate the impact of increased NGCC utilization using 

different capacity scenario forecasts from the EIA.9 

 

Figure 4. Projected NGCC and Coal Electricity Capacity (GW) EIA Reference Case and 

High/Low Oil & Gas Resource & Technology, 2020-2030 

 

To conduct the counterfactual analysis, we use EIA data on the carbon intensity values of 

NGCC and coal to calculate the CO2 emissions per MWh of coal and NGCC generation. Since 

 
9 Ibid.   
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coal has roughly twice the carbon intensity compared to natural gas, any carbon tax would 

increase the relative price of coal to natural gas and thus change the effective resource price 

ratio. For example, using the average prices of coal ($2.52) and natural gas ($4.38) per MMBtu 

for 2017, and carbon intensity values provided by EIA10 for coal (0.0954) and natural gas 

(0.0531) in tons CO2/MMBtu, we multiply the carbon intensity of each by the carbon tax amount 

we want to estimate, say $10/ton CO2. At this carbon tax rate, $0.95 would be added to the price 

of coal (new total price $3.47/MMBtu), and $0.53 would be added to the price of natural gas 

(new total price $4.91.MMBtu). The previous price ratio (coal/natural gas) was 0.58, but the new 

price ratio using resource prices reflecting the relative $10 carbon tax added, is 0.71. 

To calculate changes in carbon emissions due to the carbon taxes and resulting increased 

NGCC utilization, we use equations 3 and 4 which use heat rate assumptions from EIA for the 

year 2017.11 In reality, heat rate values can vary based on the individual generator or change over 

time as technology ages. Therefore, these rates are averages calculated by EIA to represent a 

typical NGCC or coal-steam generator in 2017. 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝐹𝑎𝑐𝑡𝑜𝑟𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 = (𝐶𝑎𝑟𝑏𝑜𝑛 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 ∗  𝐻𝑒𝑎𝑡 𝑅𝑎𝑡𝑒𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒) (Eq. 3) 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 = (𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 𝐹𝑎𝑐𝑡𝑜𝑟𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒 ∗ 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒) (Eq. 4) 

5. Results 

5.1 NGCC Regression Estimates 

Table 3 provides the fixed effects regression results with year fixed-effects and standard 

errors clustered at the area level. Due to our use of the restricted cubic spline, which captures the 

nonlinear effect of the price ratio on NGCC utilization, we use Figures 5A and 5B to interpret the  

 
10 Available at https://www.eia.gov/environment/emissions/co2_vol_mass.php. 
11 Available at https://www.eia.gov/electricity/annual/html/epa_08_02.html. 

https://www.eia.gov/environment/emissions/co2_vol_mass.php
https://www.eia.gov/electricity/annual/html/epa_08_02.html
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regression results reported in Table 3. Figures 5A and 5B illustrate the average impact of the coal 

to natural gas price ratio spline on NGCC capacity factors. The dotted lines indicate the 95% 

Coefficient
1

SE
2

Price Ratio 1 -0.398** -0.1423

Price Ratio 2 5.916** -1.9606

Price Ratio 3 -12.34* -4.7989

Price Ratio 4 6.381+ -3.6838

CAIR 0.165*** -0.0308

RGGI -0.0774 -0.0580

NBP 0.104 -0.1083

CSAPR 0.277*** -0.0415

NAAQS -0.0675+ -0.0366

ARP -0.153 -0.0943

CA Cat 0.0657 -0.0487

Capacity-Weighted Age * CAIR -0.00519*** -0.0012

Capacity-Weighted Age * RGGI 0.0026 -0.0025

Capacity-Weighted Age * NBP -0.0019 -0.0045

Capacity-Weighted Age * CSAPR -0.00942*** -0.0018

Capacity-Weighted Age * NAAQS 0.00371* -0.0017

Capacity-Weighted Age * ARP 0.000807 -0.0032

Capacity-Weighted Age * CA Cat -0.00506+ -0.0028

HDD -0.0815*** -0.0153

CDD 0.253*** -0.0411

Demand Ratio 0.437*** -0.0429

Coal Capacity -0.339** -0.1100

Nuclear Capacity 0.101 -0.2915

Renewable Generation -0.392*** -0.0760

Generator Capacity-Weighted Age -0.000487 -0.0030

Constant 0.402*** -0.0929

R
2

0.228

N 76,104

Year FE X

Month FE X

Cluster Robust (Area) SE X

Variable

2
 Standard errors are clustered at the area level to address potential heteroscedasticity and 

1
 + p<0.1,* p<0.05, ** p<0.01, ***p<0.001

Table 3: Fixed Effects Regression Results

Weather

Area Load

Fixed-Effects

Price Ratio

Policies

Capacity-Weighted 

Age * Policy

Category
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confidence intervals, and the solid line reflects the average effect. Figure 5A, ceteris paribus, 

shows the NGCC capacity factors for different price ratio values holding all other variables at 

their mean. Figure 5B, marginal effects, is the average change in the capacity factor per unit 

change in the price ratio. 

 

Figure 5A. Price Ratio Ceteris Paribus 

Figure 5A shows, when holding all else constant, the NGCC capacity factors are highest 

around a price ratio of 0.75. Although not shown, this represents a natural gas price of 

approximately $3.36/MMBtu, which is a relatively low natural gas price. In addition, the graph 

displays the marginal effects of the restricted cubic spline on the price ratio, showing a strongly 

significant per unit increase in NGCC utilization when the price ratio is between 0.4 and 0.6. 

Although not shown, this is a natural gas price between $4.20 and $6.30. These results are 

consistent with the findings of Cullen and Mansur (2017) and Stevens (2018) indicating that CO2 



   

 25 

emissions are more responsive to natural gas prices around and below $5.00/MMBtu (see Figure 

5B).12  

 

Figure 5B. Marginal Effects of Price Ratio 

We anticipated a non-linear relationship between natural gas prices and NGCC utilization 

since natural gas and coal become better substitutes at lower natural gas prices (Cullen and 

Mansur, 2017). However, it is counterintuitive that NGCC utilization would actually decrease as 

natural gas prices decrease from a price ratio of 0.01 to 0.25, or beyond a price ratio of 0.75. The 

first decline in NGCC utilization in response to a price ratio increase (e.g. a natural gas price 

decrease) correlates with natural gas prices between $10-$20/MMBtu, which is still a relatively 

high natural gas price. So, we believe there is likely very little substitution taking place within 

this range. Further, beyond very low natural gas prices (e.g. price ratio above 0.75, or natural gas 

 
12 We conducted many sensitivity tests to check the robustness of our results (available by request). We analyzed 

different measures of resource prices, cubic spline specifications (zero to 6 knots), time fixed-effects, responsiveness 

of utilization by grouping NGCC plants by age, and time-invariant characteristics such as whether the plant is 

combined heat and power versus power only. Our regression results remained robust to all alternative specifications.  
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prices around $3/MMBtu), we had fewer observations (e.g. less than 17% of our data), and 

statistical significance declines. Therefore, we approach our findings cautiously that NGCC 

utilization decreases at very low natural gas prices below $3/MMBtu. 

5.2 NGCC Counterfactual Calculations 

We begin by using the estimates from our fixed-effects regression to calculate the impact 

of various carbon tax rates on NGCC utilization (see Figure 6). Specifically, we apply a carbon 

tax rate in $10 increments between $10 and $250 to calculate the average estimated NGCC 

capacity factor based on the 2017 fleet of NGCC plants. In addition, we are able to calculate the 

marginal increase in the average estimated NGCC capacity factor per $10-increment of carbon 

tax.13 Overall, we find that the highest marginal increase in capacity factor occurs when we move 

from zero carbon tax to a $10 carbon tax. The average estimated capacity factor for NGCC 

plants in 2017 with a $10 carbon tax applied is 0.5338, which is 0.0409 higher than the average 

utilization (without a carbon tax) of 0.4929 in 2017. This suggests that without a carbon tax, 

NGCC plants ran at a little over 49 percent capacity in 2017, but would have run, on average, at 

approximately 53 percent capacity with a $10 carbon tax. More broadly, our counterfactual 

analysis revealed the highest marginal increases in average estimated capacity factors per dollar 

of carbon tax occur at low tax rates between $1 and $50 per ton of CO2 emissions. In addition, as 

the average estimated capacity factor increases beyond 0.66, the marginal increase per dollar of 

carbon tax begins to level off to nearly zero. We believe this happens because the amount of coal 

 
13 We chose to focus on the carbon tax price point that provides for the greatest marginal impact on NGCC 

utilization, but also recognize that other approaches such as comparing the marginal benefit to marginal cost might 

also be relevant and appropriate to consider before actual policy implementation.  
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units to replace begins to diminish, and the number of younger NGCC units that can ramp in a 

cost-effective way also begins to decline. 

 

Figure 6. Regression-Predicted NGCC Utilization (CF) at Various Proposed Carbon Tax 

Rates ($/Ton CO) 

As explained in section 4, since total generation is a factor of both utilization and 

capacity, we estimate the impact of a $10 carbon tax, which is the price point with the highest 

marginal impact on utilization, on NGCC generation calculated with EIA’s future capacity 

estimates (see Figure 4) for 2020-2030. Illustrated in Figure 7, a $10 carbon tax, which is 

associated with a NGCC capacity factor of 0.5338 from our regression analysis, and also coupled 

with NGCC capacity expansion, would increase NGCC generation going forward. For the EIA 

Reference Case of future estimated NGCC capacity combined with a $10 carbon tax, we would 
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expect NGCC generation to increase by 34.5 percent between 2020 and 2030. If NGCC capacity 

grows more slowly, as estimated by the Low Oil and Gas Research and Technology scenario, we 

expect NGCC generation to increase by only 18.14 percent over the decade. However, under the 

High Oil and Gas Research and Technology scenario, our calculations predict NGCC generation 

to grow by more than 56 percent between 2020 and 2030. Finally, Figure 7 shows the mirror 

opposite trends for coal generation under all future capacity scenarios, which is expected, due to 

our assumption that increases in NGCC generation replace coal-fired electricity generation (Linn 

et al., 2014; Fell and Kaffine, 2018).    

 

Figure 7. Projected NGCC and Coal Electricity Generation (MWh) With a $10 Carbon 

Tax: Linear Baseline, EIA Reference Case, and High/Low Oil & Gas Resource & 

Technology, 2020-2030 
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Figure 8. Regression-Estimated & Projected NGCC and Coal Emissions (Tons CO2) With 

a $10 Carbon Tax: Linear Baseline, EIA Reference Case, and High/Low Oil & Gas 

Resource & Technology, 2020-2030 

 

 Figure 8 illustrates future expected NGCC and coal emissions (left axis), as well as total 

CO2 emissions (right axis) with a $10 carbon tax when changing the future capacity scenarios as 

estimated by EIA. Using the regression-based NGCC estimated values illustrated in Figure 7, we 

are able to calculate future coal generation based upon our assumption that any increases in 

NGCC generation directly offset or reduce coal generation. From our estimates of both NGCC 

and coal generation, we then apply the appropriate emissions factors from Equation 2 to 

determine future expected CO2 emissions from both NGCC and coal generation. As can be seen 

in Figure 8, as NGCC utilization is expected to increase into the future and reduce coal 
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generation, total CO2 emissions are projected to decline over time. Assuming complete 

substitution of natural gas for coal generation due to the $10 carbon tax, which means total 

fossil-fuel generation is constant in the short-run, NGCC capacity based upon the Reference 

Case estimated by EIA should lead to 16.45 percent lower emissions over the decade or an 

average of 1.64 percent CO2 emissions reduction per year through 2030. Under the Low Oil and 

Gas Resource and Technology future capacity scenario, total emissions are expected to decline 

only 8.65 percent between 2020 and 2030. However, the High Oil and Gas Resource and 

Technology capacity scenario is expected to bring about a decline in emissions of 26.77 percent 

over the decade, or an average decline of 2.68 percent per year in CO2 emissions. Again, this 

decline is attributed to the increased utilization of NGCC as a substitute for coal electricity 

generation.     

6. Estimating Carbon Tax Revenues 

6.1 Tax Base and Point of Taxation  

Our proposed carbon tax identifies a tax base of all CO2 emissions resulting from 

electricity generation, the majority of which is produced by coal and NGCC generators. Our 

exclusive focus on the electricity sector, as opposed to all industry wide energy related carbon 

emissions, has some advantages and disadvantages. On the one hand, our tax base is narrower 

than other carbon tax studies, which generally analyze a carbon tax as it would apply to all CO2 

emissions from all sources. While a narrower tax base obviously generates less revenue and has 

the potential to be more distortionary, we believe our analysis focusing on one particular 

subsector produces more accurate revenue estimates and more realistic implementation potential 

within our existing tax system, as electricity producers are more easily identifiable and CO2 
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emissions more measurable than a carbon tax intended to apply to all production and/or 

consumption resulting in CO2 emissions.  

6.2 Tax Revenue and Economic Impact  

A “revenue neutral” carbon tax has the potential to reduce other tax rates as the carbon 

tax revenue is offset in a way that is vertically equitable or largely progressive for consumers at 

most levels of the income distribution. As such, we assume that the incidence of our proposed 

carbon tax depends primarily on consumer demand and the supply price elasticity of electricity. 

Because of the higher carbon intensity of coal compared to natural gas, a carbon tax applied 

equally to CO2 emissions from both methods of electricity generation would effectively change 

the relative price of natural gas to coal. We assume, however, a constant general price level for 

consumers outside of this relative price change. Our approach further assumes the incidence of 

the tax is passed backward to producers in the form of lower prices received, thereby reducing 

factor incomes. Assuming mobility of labor and capital, the lower returns received by these 

factors of production due to the added tax burden will ultimately reduce taxes paid by factor 

incomes, particularly corporate and individual income and payroll taxes, which are the most 

likely options for revenue offset. This implication of lower income and payroll tax revenue that 

will most likely result from imposing a carbon tax is generally referred to as an “excise tax 

offset” (Pomerleau and Asen, 2019). The exact amount of offset attributed to reductions in 

income and payroll taxes largely depends upon a number of tax design and implementation 

features; however, the Joint Committee on Taxation (JCT) has estimated this excise tax offset 

under current U.S. federal tax law to amount to 22 percent until the year 2026 when the Tax Cuts 

and Jobs Act expires and 24 percent thereafter (Pomerleau and Asen, 2019). We use this 

benchmark to estimate the net revenue that would be produced by our proposed carbon tax of 
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$10 per ton CO2 emissions. It should be noted that our regression-based revenue estimates 

control for demand and the surrounding area’s electricity production capacity but does not 

account for technological advancements that are difficult to quantify. However, we believe the 

short-term focus of our analysis reduces the potential influence of technology changes since most 

advancement that would markedly reduce our dependence on fossil fuels will occur over the 

long-term rather than during our time frame of our analysis.  

Using the emissions values reported in Figure 8, we are able to calculate the net revenue 

amounts generated by a $10 carbon tax for the three future capacity scenarios estimated by the 

EIA. Figure 9 illustrates these revenue trends over time in 2022 constant dollars. Coinciding with 

the substitution of natural gas for coal we assume will result from the imposition of a carbon tax, 

which will lead to reductions in CO2 emissions overall, we see declining trends in carbon tax 

revenues going forward. And, the slopes of the trendlines in Figure 9 also suggest that the rate of 

decline increases with greater NGCC capacity. For example, net revenues generated from a $10 

carbon tax applied to the Low Oil and Gas Resource and Technology scenario are only expected 

to decline by an average of $208.65 million or 1.73 percent per year through 2030, while a $10 

carbon tax applied to the Reference Case scenario would result in an average annual reduction of 

$294 million or 2.43 percent decline in net revenue. If future NGCC capacity follows the High 

Oil and Gas Resource and Technology estimates provided by EIA, then net revenue is expected 

to decline by nearly $407 million or 3.37 percent per year between 2020 and 2030. These 

declining revenue trends are expected, as they at least partially reflect the distortionary effects of 

an excise-based carbon tax along with the emissions reductions discussed above.  

Despite the declining revenue trends over time, a carbon tax of any amount is expected to 

produce a substantial amount of tax revenue. According to our estimates, between 2020 and 
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2030, a $10 per metric ton of CO2 emissions carbon tax would produce more than $106.47 

billion in net revenue under the High Oil and Gas Resource and Technology future capacity 

scenario, $113.16 billion for the Reference Case scenario, and $118.33 billion in net revenue 

under the Low Oil and Gas Resource and Technology future capacity scenario estimates 

provided by the EIA.  

 

Figure 9. Regression-Estimated & Projected Total (NGCC & Carbon) Net Revenue With a 

$10 Carbon Tax: EIA Reference Case, and High/Low Oil & Gas Resource & Technology, 

2020-2030 (2022 Constant Dollars)  
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7. Conclusion and Policy Implications 

 In this study, we conducted an empirical analysis of NGCC utilization from 2003-2017 to 

estimate the impact of a carbon tax. In doing so, we estimated average NGCC capacity factors, 

generation, CO2 emissions, and net tax revenue given different future NGCC capacity scenarios 

as estimated by the EIA. We assumed all increases in NGCC generation would directly offset 

coal generation at 100 percent, which would significantly decrease CO2 emissions in the short-

run. Overall, we found that a carbon tax price of $10/ton CO2 emissions provides for the greatest 

marginal impact on NGCC utilization and would therefore lead to substantial reductions in CO2 

emissions and federal tax revenue. By focusing on different capacity scenarios, we are able to 

contribute to extant research and the carbon tax policy discussion by differentiating among 

potential policy decisions regarding future investment to enhance capacity and how such policy 

decisions affect electricity generation, CO2 emissions, and federal tax revenue in the short-term.    

From our regression estimates and counterfactual analysis, we observed a few key policy 

implications and recommendations for future research. First, we observe that the highest 

marginal increase in utilization happens with a carbon tax priced at $10/ton. Therefore, in order 

to see a rapid increase in NGCC generation, especially in the short-term, even a small carbon tax 

would have a significant impact on NGCC utilization and generation that replaces coal. 

Depending on future estimated changes in natural gas capacity provided by the EIA, a $10 

carbon tax would reduce carbon emissions between 1.39 and 1.55 billion metric tons per year 

through increased NGCC utilization. In addition, this relatively low carbon tax price of only 

$10/ton would be more politically feasible while still generating significant amounts of net 

carbon tax revenue for the federal government.  
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 Our results are based on the average estimated changes in NGCC utilization in response 

to changes in resource price ratios. While we include nearly all NGCC generators in the U.S. in 

our empirical model, the NGCC utilization response to carbon taxes will vary across generators 

based on several factors. Natural gas infrastructure, and the availability of natural gas, is a 

considerable constraint in certain parts of the country. Other technical factors, such as 

transmission congestion and operational constraints, may limit increasing utilization. Further, not 

all areas have much coal generation remaining to replace. However, in studies that explicitly 

include some of these constraints, NGCC utilization rates are still able to go higher than 80% 

(Steinberg et al., 2018), which is higher than our results.  

Our estimates are fairly conservative for several reasons. First, we considered scenarios 

with and without any NGCC capacity growth. Some politicians and policy proposals aim to 

eliminate natural gas generation as soon as possible since it is a fossil-fuel with carbon 

emissions. If NGCC plants last on average for about 30-40 years (Mills et al., 2017; Joskow, 

2006), new plants built in 2020 would continue to operate until 2060, which slows the transition 

to 100 percent renewable electricity generation. However, it is outside the scope of this research 

to determine if that goal of zero-emissions is technologically or politically feasible. Yet, there are 

nontrivial emissions reductions as a result of a low priced $10 carbon tax resulting from 

increased NGCC utilization with no new investments in NGCC capacity. Additionally, we do not 

focus on the role of renewables in this study, which could alter these estimates. It is highly likely 

that any carbon tax would also incentivize the production of zero and low carbon sources of 

electricity, such as renewables and nuclear generation, which would further reduce emissions. 

Future work on this topic could focus more explicitly on the complementary relationship 

between NGCC and intermittent renewable generators. Our regression results showed increased 
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renewable generation displaces NGCC utilization, indicating they are competitive rather than 

complementary. However, previous literature suggests that high levels of fast-reacting fossil 

fuels, such as NGCC, will increase intermittent renewable generation (Verdolini et al., 2018). 

With policies and subsidies to increase renewable generation, NGCC utilization would also 

increase if it were complementary with renewables.  

 Finally, our estimates are conservative because we focus on the short-term impact of a 

carbon tax on NGCC utilization, and do not consider the impact of a rising carbon tax price, or 

implications beyond 2030. A carbon tax on the electricity sector would quickly act to incentivize 

increased NGCC utilization based on the statistically significant relationship we (and others) 

have found between natural gas and coal utilization in response to changes in resource prices. As 

natural gas becomes relatively cheaper than coal, either through government policies or 

economic conditions, natural gas utilization increases. Therefore, a carbon tax would be an 

effective method for quickly increasing NGCC utilization. Future work should consider the 

coupled impact of carbon taxes on changes in NGCC capacity and utilization over a longer-term, 

which would likely be affected by potential advancements in technology. 
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