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Abstract. 
  

Although the core principles of a 𝐶𝑂2 emissions cap-and-trade system have remained the same 

since its first implementation, the lessons learned from the Kyoto Protocol have prompted some 

changes to the overall formula of later iterations. One such iteration is the Regional Greenhouse 

Gas Initiative cap-and-trade system, a joint effort by several Mid Atlantic and New England states 

in the north-eastern USA to lower 𝐶𝑂2 emissions from the electric power sector. What makes this 

particular cap-and-trade system stand out from the crowd is its relatively narrow implementation 

together with its “hard” allocation of emissions allowances, which are all initially sold at auction 

rather than given away for free. This thesis performs a quasi-experimental study, in the form of a 

synthetic control group method, to evaluate the effect of the Regional Greenhouse Gas Initiative 

on 𝐶𝑂2 emissions in the electrical power sector. Several other US states outside of the region have 

experienced at least as high a level of emissions reduction, although they have not participated in 

a cap-and-trade program or implemented any other comparable policy such as a carbon tax. The 

results of this study indicate that although the Regional Greenhouse Gas Initiative has likely had 

at least some positive effect on emissions reduction, it’s unlikely that the program itself is the main 

cause of the decline in 𝐶𝑂! emissions within the region. 
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I. Introduction.  
 

Curbing climate change is often considered to be one of the greatest and most pressing 

challenges in the world today. Greenhouse gas (GHG) emissions from human activity have raised 

the global average temperature by more than 1°C since pre-industrial times. Concentrations of 

carbon dioxide (𝐶𝑂!) in the atmosphere are now at its highest levels in over 800,000 years. A rise 

in temperature comes with many potential impacts such as heatwaves, sea-rise, and altered crop 

growth that may have substantially damaging effects on human health and the global ecology 

(Ritchie and Roser, 2019). There are two general approaches to consider when putting a price on 

emissions. A price control instrument, such as a carbon tax, or a quantity control instrument, such 

as a cap-and-trade system. These two options may also be combined. Policymakers weighing in 

on what type of approach to choose are typically interested in whether or not a certain kind of 

policy efficiently lowers emissions. Although most economists seem to favor some form of price 

type rather than a quantity type control, see e.g. Nordhaus (2005; 2015) and Weitzman (2016), 

there are several active cap-and-trade systems in the world today that may be evaluated for better-

informed decisions on policy. 

How are GHG emissions affected by joining a cap-and-trade program such as the Mid-

Atlantic and New England Regional Greenhouse Gas Initiative (RGGI)? This thesis performs a 

quasi-experiment, in form of a synthetic control group method, to evaluate the effect of the RGGI 

program on 𝐶𝑂2 emissions from the electric power sector in three US states within the RGGI 

region, New York, Massachusetts, and Maryland. The RGGI program (pronounced “Reggi”) was 

implemented on the first of January 2009 and remains active today (2020). Unlike similar cap-

and-trade programs, such as the EU Emissions Trading System (EU ETS) or the California Cap-

and-Trade Program, where much of the emission allowances are allocated for free1, the RGGI 

program only applies to the electric power sector and participants must buy all of their allowances 

at auctions or on a secondary market (RGGI, 2020). The program effect on 𝐶𝑂! emissions is 

empirically estimated by comparing the trajectory of 𝐶𝑂! emissions levels of the treated unit to a 

“synthetic” control unit created from a “donor pool” of untreated units, where the year of 

implementation (2009) serve as the cutoff for treatment. To the best of my knowledge, this is the 

 
1 The EU ETS and the California cap-and-trade program covers multiple sectors and uses a mixture of allowance 
mechanisms, primarily free allocation and auctioning (European Commission, 2020; CARB, 2020).  
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first study that evaluates 𝐶𝑂2 emissions reduction in the RGGI region using a synthetic control 

group method. The empirical strategy used in this thesis allows for a one-state-at-time approach 

that picks up heterogeneous treatment effects. Also, this study covers more years than any earlier 

study regarding RGGI 𝐶𝑂! emissions reduction. 

𝐶𝑂! emissions in the RGGI region correspond to 7% of total US 𝐶𝑂! emissions (Ramseur, 

2019). A relatively modest number, all things considered. The RGGI program incorporates aspects 

of both a traditional cap-and-trade system, with market-based allowance allocation mechanisms, 

as well as that of a carbon price or tax, as the RGGI program is equipped with a price floor, and 

all allowances are initially sold at auction (RGGI, 2020). To the best of my knowledge, there is no 

other cap-and-trade or quantity-type 𝐶𝑂! emissions reduction system to date that distributes all 

allowances at auctions, and where the allowances apply to one sector only. These features give the 

RGGI program a unique structure that may be exploited in terms of empirical strategy. The US 

Energy Information Administration (EIA) provides data on state-level total 𝐶𝑂! emissions divided 

into five sectors. The commercial, transport, residential, industrial, and electrical power sectors. 

As the RGGI program only applies to the electrical power sector, the effect of the policy may be 

evaluated directly in the relevant sector. Hence, potential effects from other sectors that may affect 

total emission levels are excluded. As mentioned above, I have performed a synthetic control (SC) 

method policy evaluation by individually estimating the effect of the RGGI program on 𝐶𝑂! 

emissions from the electrical power sector in three out of the nine2 member states who participated 

in the program during all of the post-treatment years in the sample (2009-2015). New York, 

Massachusetts, and Maryland, with New York as the main object of analysis. The reason for this 

is that I was unable to create satisfying control groups for the other six RGGI states. As for New 

York, the results will be presented and discussed thoroughly in section V, with comparisons of the 

results of Massachusetts and Maryland in the results summary at the end of section V. For graphs 

and more detailed results of Massachusetts and Maryland, the reader is referred to Appendix I. 

The state of New York is by far the largest of the RGGI member states, standing as the 

fourth-largest state by population and the third-largest economy within the United States (US 

Census, 2019; BEA, 2020). I choose New York as my main object of study because of its relative 

importance (both locally and nationally) and its central role in initiating and implementing the 

 
2 All of the original member states, except New Jersey who dropped out of the program in 2012 (NJ Department of 
Environmental Protection, 2020). More on this in section II.    
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RGGI program (Roberts, 2017). The donor pool for the SC-method consists of weights from 

untreated US states. OECD countries cannot be used in the donor pool as most of them already 

have a GHG cap-and-trade system in place, such as the EU ETS (European Commission, 2020). 

The RGGI program applies to all fossil-fueled electrical power generators with a capacity 

of 25 MW or higher within the RGGI region. Allowances correspond to a set cap and are purchased 

at quarterly auctions and authorize the buyer to emit one short ton (2000 pounds) of 𝐶𝑂! per 

allowance, and the allowances may also be sold on a secondary market. The RGGI program is 

equipped with a price floor, under which no allowances will be sold3. Since the implementation of 

the program in 2009, the cap has been adjusted regularly to make restrictions more stringent and 

to better match the overall decline of 𝐶𝑂! emissions in the region. The most significant adjustment 

took place in 2014, following a review of the program in 2012. Observed emissions levels in the 

RGGI region between 2009-2012 were below the cap4 and the price floor was activated for most 

auctions held during that period (Ramseur, 2019, p. 5; RGGI, 2020). As a result, the price floor 

was adjusted, and the cap was lowered from 165 million allowances in 2012-2013 to 91 million in 

2014. Since then, the cap has declined 2,5 % annually between 2015-2020. The RGGI program 

also includes a cost containment reserve (CCR), in the form of additional allowances, that may be 

activated if emissions reduction becomes more expensive than expected. Following the Model 

Rule from 2017, the RGGI program will also introduce an emissions containment reserve (ECR) 

in 2021. This means that member states can withhold allowances from circulation if the allowance 

price becomes too low. Companies may also earn additional offset allowances (up to 3,3% of their 

compliance obligations) if they invest in GHG emissions reduction projects outside of the electric 

power sector such as e.g. landfill methane capture (RGGI, 2020).  

RGGI allowance auctions are held for all qualified participants each quarter. The auction 

is conducted with sealed bids and results in a single clearing price for each quarter. The RGGI 

allowance market is monitored by Potomac Economics, which is an independent expert market 

monitor. Potomac Economics monitors the auctions, provides recommendations regarding the 

efficiency of the allowance market, as well as makes sure that participants do not manipulate 

 
3 The original price floor was set at $1,89 per allowance (Hibbard et al., 2011, p. 10). As a result of the 2012 
program review, the price floor was adjusted to $2 per allowance in 2014 and set to increase with 1,025 % every 
year thereafter to adjust for inflation (Hibbard et al., 2018, p.16). 
4 The RGGI designers originally set the 2009 cap based on the 2000-2002 emissions levels plus 4%. However, 
actual emissions levels in 2009 were higher than projected (Ramseur, 2019, p. 5). 
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allowance price levels through e.g. colluding or exercising market power (RGGI, 2020). The 

participating states may reinvest the proceeds from the auctions in consumer benefit programs and 

energy efficiency- and renewable energy projects to further reduce 𝐶𝑂! emissions. According to 

an official report (2019), reinvestments from auction proceeds have resulted in 8,3 million short 

tons of 𝐶𝑂! emissions avoided in the RGGI region as of 2017 (RGGI, 2020). 

II. Earlier Research and Literature. 
 
 

Earlier research includes studies on the RGGI program’s environmental and economic 

effects as well as its impact on health. Murray and Maniloff (2015) performed an emissions 

reduction analysis on the state-year level with a three-stage fixed-effects model where the results 

are compared to several different simulated baselines to quantify and separate the effect of the 

RGGI program on 𝐶𝑂2 emissions reduction compared to that of other possible contributors to 

emissions reduction5. The authors conclude that the overall 𝐶𝑂! emissions in the RGGI region 

have declined since the implementation of the program, and that about half of the decline can be 

attributed to the program itself6. Other factors that have contributed to the overall decline in 

emissions are e.g. increased firing of natural gas, complementary environmental programs, and, in 

the early years of the program, the finical crisis of 2007-08. Also, the authors find indices 

suggesting that there is a possibility of leakage to nearby states but stresses that more research on 

the subject is needed (Murray and Maniloff, 2015, p. 587). I would like to point out two additional 

contributions made by this study compared to that of Murray and Maniloff (2015). First, Murray 

and Maniloff’s (2015) paper only covers emission reduction for the first compliance period (2009-

11), whereas this study covers the results for the first, second, and (partially) third compliance 

periods (2009-2015). Second, although their paper performs analysis on the state-year level, they 

exclusively focus on aggregated treatment effects and do not seem to consider heterogeneous 

treatment effects at all. As briefly mentioned above, the empirical strategy used in this study allows 

for the analysis of heterogeneous treatment effects. 

 
5 The empirical strategy used in Murray and Maniloff (2015) is described on page 585 in their paper. 
6 The authors concluded that the RGGI program effect on the RGGI region is -638 metric tons of 𝐶𝑂! emissions per 
thousand people per year (Murray and Maniloff, 2015, pp. 586-7).  
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Hibbard et al. (2011) perform a cost analysis to evaluate the economic effect of the RGGI 

program auction proceeds from the first compliance period of the program (2009-2011) on its 

member states and conclude that there is a $3-4 benefit from every $1 invested in e.g. energy 

efficiency programs in the region. The general approach used in this analysis, which includes an 

IMPLAN model for the macroeconomic analysis and a MAPS model for the electric power sector 

outcomes, is to compare the RGGI region with a counterfactual RGGI region where the effects on 

the economy and the region’s three power systems are absent7. Hibbard et al. conducted two 

follow-up analyses in 2015 and 2018 of the second (2012-2014) and third (2015-2017) compliance 

periods respectively. The methodology of these two follow-up analyses closely follows that of the 

first report, and the authors have concluded that the RGGI program has continued to generate 

economic net benefits for its member states in the second and third compliance periods8. However, 

it should be noted that all of these three analyses rely on data collected from a tracking process of 

the program auction spending, i.e. dollars spent/earned from the auction proceeds that have been 

invested in e.g. energy efficiency and utility programs9. The effect of the program on actual 𝐶𝑂2 

emissions reduction has not been considered in any of these three analyses. 

Banks and Marshall (2015) performed a plant-by-plant analysis of the health impact caused 

by the power plants and concluded that the reduction of emissions in the RGGI region has had a 

substantial impact on health. Mortality and asthma incidents caused by the plants dropped from 

1,500 to 180 and from 26,000 to 3,000 respectively between 2005-2012 (2015, p. 13). 

Earlier research of other cap-and-trade programs includes e.g. Perthuis and Trotignon 

(2014), who study the EU ETS and attempt to identify conditions for the future successes of the 

program and outline the possibility of an independent carbon market authority in the resemblance 

of a central bank for environmental policy. 

Ellerman and Buchner (2008) analyzed EU ETS emissions and allowance allocation in the 

first two years of trading in terms of possible overallocation and abatement. The authors find that 

the 𝐶𝑂! emissions were about 3% lower than the allocation of allowances. The authors fail to reach 

 
7 The RGGI states are divided over three different power systems, New York, New England, and PJM (Hibbard et 
al., 2011, p. 18).  
8 In their 2011, 2015, and 2018 analyses, the authors concluded that the RGGI program has resulted in the benefit of   
$1,6 Billion NPV (in 2011$), $1,3 Billion NPV (in 2015$), and $1,4 Billion NPV (in 2018$)  for compliance 
periods 1, 2, and 3 respectively, as well as a total increase of 60,700 job-years (Hibbard et al, 2018, pp. 9-10). 
9 An overview of the study method used in Hibbard et al. (2011) can be found on pages 13-14 in their report. 
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a precise estimate concerning abatement but conclude that 𝐶𝑂2 emissions reduction likely falls 

within the range of 50-100 million tons per year. 

Nordhaus (2005) offers a critical overview of the theoretical and practical problems facing 

the Kyoto Protocol, the “original” 𝐶𝑂2 emissions cap-and-trade program, and argues for a price-

type- rather than a quantity-type control mechanism. I.e., an international harmonized carbon price 

or tax rather than a system of emissions allowances. One of the main arguments presented by 

Nordhaus against the Kyoto Protocol program structure is that the baseline year was, somewhat 

arbitrarily, set at the 1990’s levels of emissions. As the allowances are allocated for free and can 

be resold for a profit, the baseline year is favorable for countries with historically high levels of 

emissions, e.g. Russia and Great Britain, and unfavorable for countries that have experienced high 

growth rates since the 1990s, e.g. the United States and South Korea (Nordhaus, 2005, p. 10). As 

a result, the US chose to withdraw from the treaty in 2001 as the cost of participating in the 

agreement was far higher than the benefits (Nordhaus, 2005, p. 7). Instead, Nordhaus suggests an 

international harmonized carbon tax (essentially a Pigouvian tax) that balances marginal benefits 

and the marginal cost of additional emissions in a way that is economically efficient as well as 

effective for emissions reduction10 (2005, p. 11). 

Also, Nordhaus (2015) discusses a possible solution to the problem of free-riding, which 

he considers to be one of the main flaws of the Kyoto Protocol, in the form of “climate clubs”. 

Free-riding is a particularly difficult problem to solve for global public goods, such as clean air, 

as there are very few mechanisms on an international level to deal with these issues. In this context, 

Nordhaus describes a “club” as a voluntary group of actors, in the veins of a trade- or financial 

agreement, where there is mutual benefit from the cost-sharing of producing an “activity that has 

public good- characteristics” (2015, p. 1340). The members of such a club will be incentivized to 

participate and follow the rules as the gains from participating outweigh the (shared) costs. For the 

stability of such a club, it's important that the public good is beneficial for all members and that 

members can be penalized for not following the rules, but only to a relatively high cost (Nordhaus, 

2015, p. 1340). Members will set a harmonized international target price for 𝐶𝑂2 emissions, which 

the members may meet in any which way they choose, through e.g. a cap-and-trade system or a 

 
10 A comparison between a price- and a quantity-approach for emissions reduction is described in detail on pages 
12-23 in Nordhaus (2005). 
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carbon tax11. Nordhaus also stresses that an important mechanism of climate clubs is that non-

participants can be penalized in the form of tariffs. Hence, members act in their self-interest when 

they voluntarily lower their emissions to gain access to the other member’s markets (Nordhaus, 

2015, p. 1341). Nordhaus denotes a position of stability in this context as a “coalition Nash 

equilibrium”, where none of the participants can increase their welfare by changing their status as 

the net gains from participating outweigh the losses from not participating (2015, p. 1346). To 

make the membership a reasonable option for developing countries, Nordhaus suggests a GDP per 

capita threshold that will decide the level of commitment required from each member (2015, p. 

1347). 

Weitzman (2016) discusses an international minimum price or tax on carbon emissions and 

reaches much of the same conclusions as did Nordhaus (2005; 2015). Among other things, 

Weitzman stresses the need for binding agreements as voluntary action and altruism alone is not 

enough to lower current emission levels and overcome the problem of free riding. According to 

Weitzman, one of the advantages with a carbon tax compared to that of a quantity-based system is 

related to uncertainty. With a cap, the quantity is known, but not the price. With a carbon tax, the 

price is known, but not the quantity. And, according to Weitzman, it seems reasonable to believe 

that the public would be less concerned, and more accepting, towards volatility of emissions rather 

than of prices. Weitzman also points out that a carbon tax would be easier to administrate and more 

transparent than a cap-and-trade system, and that revenue from the tax, which would remain within 

each country, could be used to offset other taxes (Weitzman, 2016, pp. 5-6). 

Although the points discussed in Nordhaus (2005; 2015) and Weitzman (2016) are 

foremost related to 𝐶𝑂! pricing on an international level rather than a 𝐶𝑂! emissions reduction 

program on a national level, these points illustrate some of the challenges facing a traditional cap-

and-trade system. The unique structure of RGGI, which implements characteristics of both a 

traditional cap-and-trade system and a carbon tax, is meant to mitigate these challenges as well as 

improve upon the formula. 

 

 
11 In line with the arguments presented in his 2005 paper, Nordhaus once again argues that a price-type rather than a 
quantity-type approach is the better option (2015, p. 1351). 
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III. RGGI. 

A. The History of RGGI. 

 

In 2003, New York Gov. George Pataki (R) sent a letter to the other governors in the 

Northeast states and invited them to participate in a joint regional effort to reduce 𝐶𝑂! emissions 

(Roberts, 2017). In 2005, the governors of New York, New Jersey, Delaware, Connecticut, Main, 

New Hampshire, and Vermont signed a memorandum of understanding (MOU) which marked the 

beginning of the program (Bifera, 2013, p. 2). The RGGI program is a mandatory cap-and-trade 

𝐶𝑂! emissions reduction program that currently includes 10 Mid-Atlantic and New England US 

states. Current member states are New York, New Jersey, Connecticut, Main, Delaware, New 

Hampshire, Maryland, Massachusetts, Rhode Island, and Vermont (RGGI, 2020). New Jersey was 

initially a member state but dropped out of the program in 2012, and the cap was lowered as a 

result of fewer participants in the program12. It's unlikely that the New Jersey dropout has had any 

significant effect on New York’s 𝐶𝑂! emissions or the RGGI program as a whole in terms of 

potential leakage/pollution heaven. New Jersey has essentially no production of fossil-fueled 

energy of their own and mainly relies on nuclear power and imports of natural gas from 

Pennsylvania for their energy supply (EIA US States, 2019). However, New Jersey has since then 

had second thoughts and formally rejoined the program in June 2019 (NJ Department of 

Environmental Protection, 2020). Virginia and Pennsylvania have both passed legislation in 

preparation to join the RGGI program in the near future (Ceres, 2019; NRDC, 2020). No other 

member state has since dropped out of the program or, to the best of my knowledge, announced 

that they plan to drop out sometime in the future. 

B. Why cap-and-trade? A Theoretical Overview. 

 

When implementing a cap-and-trade system, there are two main alternatives to consider. 

A “soft” version, where the emission allowances are allocated for free, or a “hard” version, where 

the emitters pay for the emission allowances, tentatively at an auction (Pihl, 2014, p. 129). 

 
12 The cap was lowered from 188 million allowances to 165 million in 2012 as a result of New Jersey’s dropout 
(RGGI: Elements, 2020). 



 
 

11 

Although, it should be noted that several active cap-and-trade systems have implemented a 

combination of “soft” and “hard” allocation mechanisms, e.g. the EU ETS (European Commission, 

2020). However, the general idea with both of these approaches (or a combination of the two) 

remains the same. I.e., to set a limit (a cap) on total emissions allowed and create a secondary 

market for emission allowances so that emissions reduction may be economically efficient and 

take place where the marginal cost for reductions is as low as possible. A secondary market for 

allowances will also create an incentive for the emitter to minimize their emissions and (re)sell 

their remaining allowances. If the market is efficient, the price level of emissions allowances will 

be equal to an emissions reduction efficient fee, price or tax set by the government, but without 

the loss of the dynamics of economic efficiency (Pihl, 2015, pp. 131-4). 

A system of auctions rather than free allocation of emissions allowances may come with 

some advantages. First, the free allocation of emission allowances is not fully supported by the 

idea that the emitters should pay for their emissions. At least some emitters may be able to sell 

their allowances for profit if they e.g. report inflated emissions levels and receive an initial 

allocation that exceeds their need. This is not possible with an auction system. Second, cost 

efficiency will likely not be reached right away with free allocation. With auctions, on the other 

hand, the buyer with the highest marginal cost for emissions reduction will also be the highest 

bidder at the auction. Hence, efficiency will be reached immediately in terms of both marginal cost 

and economic incentive for emissions reduction. Third, the auction proceeds may be used for 

reallocation to other agents or sectors as they may be subjected to negative external effects from 

emissions. The proceeds may also be reinvested in e.g. energy efficiency or consumer benefits and 

serve as an additional efficiency effect of emissions reduction13. The only real drawback of a 

system based on auctions compared to a system with free allocation seems to be the potential 

difficulties of implementation. I.e., a system of free allocation may be easier to implement as it 

may be easier to accept over a wider political spectrum (Pihl, 2015, pp. 134-6). 

The arguments presented above seem to be in favor of RGGI as all of its allowances are 

initially sold at auction and auction proceeds are reinvested in energy efficiency programs and 

consumer benefits. However, one potential issue with RGGI is the limited scope of the program, 

as the system of allowances only applies to one sector out of five. The electric power sector is the 

 
13 This argument was presented in Bohm (2005). 
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second-largest sector in terms of total 𝐶𝑂! emissions14 in the US, after the transportation sector. It 

seems reasonable to assume that the RGGI program could have been made more effective in 

reducing total emissions if more sectors were included. But perhaps such a system would be 

difficult to implement for political reasons? 

 

VI. Methodology. 

A. Data. 

 

For my analysis, I use annual panel data on 𝐶𝑂2 emissions per capita from the electric 

power sector between 1980-2015 as the outcome variable. To avoid interpolation bias, I have 

excluded Alaska and Hawaii from the donor pool because of their remote geographical locations 

and differences in climate compared to that of the US mainland. I have excluded the District of 

Columbia and all unincorporated US territories such as American Samoa and Puerto Rico as they 

are not considered US states and are also often significantly different concerning climate and/or 

key characteristics, such as GDP per capita15. Also, I have excluded Wyoming, West Virginia, and 

North Dakota from the donor pool as they all have a 𝐶𝑂! emissions per capita average in the 

electric power sector (1980-2015) that’s between 4 and 7 times as high compared to that of the 

national average of 10,5 metric tons per capita and about 12 to 20 times as high as the RGGI state 

average of 3,45 metric tons per capita16. Also, California implemented a state-level cap-and-trade 

system in 2013 and has been excluded from the donor pool17. The dataset suffers from some 

missing values in the outcome variable in the pre-treatment period for two states, with two years 

of data missing for Oregon and nine years missing for Idaho18. The reason for this is that EIA 

 
14 As of 2017, total 𝐶𝑂! emissions in the US amounts to 5166,1 million metric tons. Shares: transportation (36,9%), 
electric power (33,5%), industry (19,2%), residential (5,9%), and commercial (4,6%) (EIA Environment, 2020). 
15 As of 2019, The District of Columbia has a GDP per capita of US$ 210,000, which is considerably higher than 
that of all other US states and/or territories as well as the US state average of US$ 65,500 (current dollars) (BEA, 
2020). 
16 Nine RGGI states. New Jersey has not been included in this average. 
17 California is a member of the Western Climate Initiative (WCI), which initially included four Canadian provinces 
(Québec, British Columbia, Manitoba, and Ontario) as well as six other US states (Oregon, Washington, Arizona, 
Utah, Montana, and New Mexico). However, all US members of WCI, except California, dropped out of the 
initiative in 2011 (WCI, 2013). 
18 The years with missing values are 1982, 1987-88, and 1990-95 for Idaho, and 1987-88 for Oregon. 
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reports state-level emissions in million metric tons, allowing for three decimals. Hence, if the total 

𝐶𝑂2 emission levels in the electric power sector for a specific state in a specific year does not 

exceed 999 metric tons, it will appear as 0,0 in the dataset19. Although Oregon and Idaho have 

among the lowest levels of 𝐶𝑂2 emission in the electric power sector in the US, I have decided to 

keep them in the sample as almost all RGGI states have below-average emissions levels. Oregon’s 

and Idaho’s emissions levels are on par with Vermont’s and Rhode Island’s. However, as it turns 

out, the decision to include Idaho in the dataset has had some concerning implications for the 

robustness of the results of New York and Massachusetts. The results of Maryland on the other 

hand seem to be relatively unaffected by the inclusion/exclusion of Idaho. As for New York, these 

concerns will be discussed further in section V. For the results and leave-one-out robustness checks 

of Massachusetts and Maryland, see Appendix I.  

Other than the RGGI states and California, no other US state has implemented or entered 

a 𝐶𝑂2 emissions cap-and-trade system during the sample period and, to the best of my knowledge, 

implemented any other type of comparable comprehensive tax or pricing on 𝐶𝑂2 emissions on 

either federal- or state-level during the sample period20. The closest thing to a state-level 𝐶𝑂2 

emissions cap or tax that I have come across is the Renewable Portfolio Standard (RPS). As of 

2015, the RPS has been implemented in 35 of the 48 mainland US states, including all RGGI states. 

There is a wide variety in RPS considering the level of ambition and year of implementation from 

one state to another, but they all basically require the same thing. Namely, that a certain percentage, 

or a certain amount in some cases, of all electricity sold by utilities, comes from renewable energy 

sources (NCSL, 2020). The RPS was established in New York in 2004 with the initial goal of 

increasing New York’s usage of renewable energy from 19,3% to 25% by 2013 (New York State, 

2019). However, the standard has been updated in recent years and eventually developed into the 

more stringent Clean Energy Standard (CES). As of 2019, New York CES requires that 70% of 

all electricity sold in 2030 in the state of New York should come from renewable energy sources, 

and 100% zero-emissions electricity requirement in 2040 (NCSL, 2020). It should be noted that 

 
19 As usual, Stata is not fond of unbalanced datasets. However, the centered moving average that I use for the main 
analysis calculates averages for the outcome variable and smoothens the time trend (more on this in section V). The 
xperiod(()) command can also be used together with synth or snth_runner to calculates averages for covariates with 
missing values. 
20 It should be noted that Massachusetts implemented a separate cap-and-trade system in 2017 that runs in parallel to 
RGGI. Also, Washington implemented the Clean Air Rule in 2017, which is also a cap on emissions. However, the 
Clean Air Rule was challenged in court in 2018 and was suspended (C2es, 2018). The Clean Air Rule was partially 
reimplemented in 2020 (WA State Department of Ecology, 2020). 
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the RPS is not a standard specifically designed to lower 𝐶𝑂2 emissions in the electrical power 

sector through pricing or capping. Nevertheless, it's highly likely that 𝐶𝑂2 emissions reduction is 

both an expected and desirable indirect effect of the standard. For the sake of consistency, I have 

excluded all states from my main analysis that have implemented RPS during the post-treatment 

period, which is Indiana, Kansas, Oklahoma, South Carolina, and Wisconsin21 (NCSL, 2020). 

Hence, all states in the sample of the main analysis fall into one out of two categories regarding 

RPS. All the states either implemented RPS sometime in the pretreatment period or not in the 

covered period at all. However, these states, together with Wyoming, West Virginia, and North 

Dakota, will be included in a full sample robustness check. 

A further reduced sample has also been used for robustness. In this sample, all of the same 

states have been excluded as in the main analysis sample as well as states with a natural gas 

production corresponding to at least 1% of total US natural gas production in 2009. These states 

are Alabama, Arkansas, Colorado, Louisiana, New Mexico, Pennsylvania, Texas, and Utah22 (US 

Data.Gov, 2019). The advancements made in hydraulic fracturing, or “fracking”, have effectively 

increased US production of oil and natural gas with 75% and 39% respectively between 2007-

2016 (IPAA, 2020). However, the greatly expanded oil production is of less consequence in this 

context as petroleum is a relatively unpopular and rarely used source of energy in the US electrical 

power sector (EIA Environment, 2020). These states had their endowment of natural gas, which is 

a less 𝐶𝑂2 intensive type of fossil fuel compared to that of coal and petroleum, significantly 

increased within a relatively short timeframe, mainly as a result of fracking. A detailed list of the 

states included in the main analysis sample, the full sample, as well as the further reduced sample, 

can be found in Appendix III. 

I have also excluded New Jersey from the donor pool because of its inconsistent 

membership status in the RGGI program. With less than half of the post-treatment years to analyze 

I find the results of New Jersey unsuitable as a comparison with that of the other RGGI states. As 

such, New Jersey is unsuitable as both a treatment- and a control unit. Obviously, I will exclude 

all RGGI states from the donor pool as keeping them in the donor pool would introduce serious 

 
21 West Virginia is also a “late-to-implement RPS state” but has already been excluded from the sample because of 
its high emissions levels in the electric power sector. 
22 The group of natural gas-producing states also includes Kansas, Oklahoma, West Virginia, and Wyoming, but all 
those states have already been excluded from the sample for other reasons mentioned above.  
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bias into my estimates. Hence, the RGGI states will exclusively be used as treatment units in their 

respective SC-models.  

The outcome variable is measured in 𝐶𝑂2 emissions per capita from the electric power 

sector (metric tons), and includes emissions from coal, natural gas, and petroleum within the RGGI 

region, and does not include imports. I.e., the power must have been generated within the region 

for its respective emissions to be included in the dataset. My dataset provides 28 years of pre-

treatment trend as well as seven years of post-treatment trend data which should, prima facie, be 

enough to create a valid counterfactual as well as provide the ability to evaluate post-treatment 

effects. I chose 2015 as the end date because New York’s RPS expired in august 2016 and was 

changed to the more stringent CES briefly mentioned above (New York State, 2019). As such, 

New York’s post-treatment period will only contain the RPS and not the more stringent CES. 

B. The Synthetic Control Group Method. 

 

As previously mentioned, I will apply a synthetic control group method (SC), similar to 

that of e.g. Abadie and Gardeazabal (2003), Abadie, Diamond, and Hainmueller (2010; 2015), 

Mideksa (2011), and Andersson (2019). Predictors of 𝐶𝑂2 emissions are used to create a weighted 

average control unit that is unexposed to the treatment and that follows the pre-treatment trend of 

𝐶𝑂2 emissions for the treated unit as closely as possible. The weights are between 0,00-1,00 and 

are chosen in a data-driven process. Hence, the SC weights are non-negative and sum to 1 (Abadie, 

2019, p. 17). The main advantage of using an SC-method in comparative case studies compared 

to that of a difference-in-difference (DiD) method is that the former relaxes the parallel trend 

assumption and allows for the effect of possible unobserved confounders to vary over time 

(Andersson, 2019, p. 19). 

I use the following key predictors from 29 US states (37 in the full sample, and 21 in the 

further reduced sample) as weights, which should be closely linked to energy usage and state-level 

𝐶𝑂! emissions: 𝐶𝑂2 emissions per capita from two other sectors (commercial and residential), 
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GDP per capita23, unemployment rate and the state-level annual average temperature24. The GDP 

and unemployment rate variables were added as indicators for the overall well-being of the state-

level economy. The relationship between economic activity and 𝐶𝑂! emission levels is well 

established in literature, see e.g. Andreoni and Galmarini (2012) and Stern (2004; 2017). Also, the 

unemployment ratio may revile heterogeneous effects on the state-level economy following the 

exposure to economic shocks, such as the financial crisis of 2007-08.  The 𝐶𝑂! emissions variables 

were added as indicators for overall emissions levels. The average temperature variable was added 

to take differences in climate into consideration. Also, I add lags for every other year of 𝐶𝑂2 

emissions from the electrical power sector. The weights are chosen to minimize the root mean 

square prediction error (RMSPE) in the pretreatment period. However, it should be noted that the 

predictors are not precisely matched for all three states covered in this study and the predictors 

may produce some variation in predictive power. I will discuss this issue further in section VI. 

How well New York, Massachusetts, and Maryland are matched with their respective counterparts 

is summarized in Appendix II. The 𝐶𝑂2 emissions data have been collected from the US Energy 

Information Administration (EIA), the data on GDP per capita from the US Bureau of Economic 

Analysis (BEA), the unemployment rate data from the US Bureau of Labor Statistics (BLS), the 

data on annual temperature from the US National Oceanic and Atmospheric Administration 

(NOAA), and the population estimates used to recalculate the 𝐶𝑂2 emissions data to per capita 

measures have been collected from the US Census Bureau. 

The following formal description of the SC-method closely follows that of Abadie, 

Diamond, and Hainmueller (2015, pp. 497-8). The sample consists of J + 1 units (US states in our 

case), who are indexed by j. Unit j=1 is the treatment unit and j=2,..., J + 1 are comparison units, 

i.e. the donor pool. We assume a balanced longitudinal dataset where all units are observed at the 

same period, t = 1,..., T, with a pre-treatment period 𝑇0 and a post-treatment period 𝑇1. We further 

assume that the treatment doesn't have any effect in the pre-treatment period 1,..., 𝑇0. The synthetic 

control group is defined as a weighted average of the control units from the donor pool and can be 

represented by a (J x 1) vector of weights. 𝑊 = (𝑤2, . . . . . 𝑤"#1)′, where 0 ≤ 𝑤$ ≤ 1 for 𝑗 = 2, . . . , 𝐽 

 
23 It should be noted that the GDP per capita variable consists of two different time series that are treated as the same 
variable. 1980-1996 is reported in chained 1997 US dollars and 1997-2015 is reported in chained 2012 US dollars. 
However, in no instances are these two time series matched with one another in the model.  
24 I considered several different variables that may predict the outcome variable, such as energy consumption per 
capita, population estimates, CO2 emissions per capita from the transport and industrial sectors, and urban 
population, but concluded that the five variables discussed above are the most accurate predictors. 
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and 𝑤2+. . . +𝑤"#1 = 1. A value of W will be selected such that the characteristics of the synthetic 

control resemble that of the treated unit as close as possible. Let 𝑋1 = (𝑘	𝑥	1), a vector of 

pretreatment characteristics of the treated unit, and 𝑋0 = (𝑘	𝑥	𝐽), a matrix of values for the 

corresponding variables in the donor pool. The difference between the treated unit and the 

weighted control unit is given by the vector 𝑋1 − 𝑋0𝑊. 

The synthetic control, described as 𝑊∗, is chosen such that the difference in size is 

minimized. Let 𝑋1& be the value of the m-th variable for the treated unit, and 𝑋0& a 1+ 𝐽 vector 

that contains the values for the m-th variable in the donor pool, for 𝑚 = 1, . . . , 𝑘 (Abadie and 

Gardeazabal, 2003; Abadie, Diamond, and Hainmueller, 2010). This relationship can be described 

as: 

 

     ∑ 𝑣&'
&() (𝑋)& − 𝑋*&𝑊)!  (1) 

 

 𝑣& represents the relative importance assigned to the m-th variable. Further, let 𝑌$+ be the 

outcome of unit j at time t, and let 𝑌1 be equal to a vector of (𝑇1	𝑥	1) which collects post-treatment 

values of the outcome for the treated unit. Also, let 𝑌0 be equal to a (𝑇1	𝑥	𝐽) matrix that contains 

the post-treatment values of the outcome for the unit 𝑗 + 1. The comparison between the synthetic 

control unit and the treated unit can be described as: 

 

𝑌#$ − ∑ 𝑤%∗𝑌%$
'(#
%)*    (2) 

  

The matching variables in 𝑋1 and 𝑋2 are used as predictors for the untreated synthetic 

control unit in the post-treatment period, where the effect of the treatment is absent (Abadie, 

Diamond, and Hainmueller, 2015, p. 497-8). 

V. Results. 

A. Treatment Effect and In-Space-Placebo Test. 

 
In this section, I will discuss the results of my main analysis with a sample of 29 US states 

in the donor pool as well as perform several placebo tests and robustness checks. In-space-placebo, 
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in-time-placebo, leave-one-out, and full/further reduced sample robustness checks (Abadie, 

Diamond, and Hainmueller, 2015). As the 𝐶𝑂2 emissions data used in the model is volatile, I have 

applied a filter in the form of a centered moving average. The filter has been applied to all three 

𝐶𝑂2 emissions variables used in the model, which includes the outcome variable. Unfiltered 

versions with effect graphs and pseudo p-values for New York, Massachusetts, and Maryland can 

be found in Appendix I. The centered moving average used in the main analysis may formally be 

described in the following way (PlanetCalc, 2018): 

 
𝑋+,3+, . . . , +	𝑋++, . . . , +	𝑋+#3

7  

 

 The analysis is conducted with the Stata package syth_runner, which provides treatment 

results as well as the in-space-placebo test in the form of a root mean square prediction error 

(RMSPE) ratio ranking where the results of the treatment unit are compared to the results of all 

units in the donor pool. The RMSPE measures the lack of fit in the outcome variable between the 

treated unit and synthetic control. It may be formally described in the following way (Abadie, 

Diamond, and Hainmueller, 2015, p. 502): 

 

𝑅𝑀𝑆𝑃𝐸 = (
1
𝑇*
?(𝑌)+ −?𝑤$∗𝑌$+

"#)

$(!

)!
-"

+()

))/! 

 

The ratio between pre- and post-treatment RMSPE is important as it provides us with useful 

information about the treatment effect. A poor pre-treatment RMSPE fit will ultimately result in a 

relatively low RMSPE ratio, no matter how large the treatment effect is, and vice versa (Abadie, 

Diamond, and Hainmueller, 2010, p. 502-3). I.e., low pre-treatment RMSPE indicates a good fit 

in the pre-treatment period, and a high RMSPE ratio indicates a combination of a good fit in the 

pre-treatment period and a relatively large divergence/treatment effect after the cutoff. The 

comparison made between treatment- and control units in the in-space-placebo test also offers 

pseudo p-values that are calculated from the fraction of control units in the sample with an RMSPE 

ratio at least as large as that of the treated unit for each year in the post-treatment period. I.e., the 

probability of finding an RMSPE ratio at least as large as that of the treated unit if we reassign the 
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treatment at random within the sample (Abadie, Diamond, and Hainmueller, 2015, p. 500). 

Obviously, we want this fraction to be as low as possible for significance. The results and the in-

space-placebo test for New York are presented below. 

 

Fig. 1. New York, effect and in-space-placebo. 

 

A.  

 
B. 
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C. 

 
D. 

 
 

As can be seen in panel A, the measure of the fit between New York and synthetic New 

York is not optimal, but relatively close with a pre-treatment RMSPE of .0776257, an RMSPE 

ratio of 4,3, and the divergence appears within the first year of treatment. Panel B shows the gap 

between New York and synthetic New York and further illustrates the difference in the outcome 

variable. The annual average treatment effect of emissions reduction in the electric power sector 
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is roughly 0,27 metric tons of 𝐶𝑂2 per capita for the first seven years after the policy was 

implemented. Panel C illustrates the gap in the outcome variable compared to that of the placebo 

gaps in the 29 control units. However, the high p-values seen in panel D leave a lot to be desired, 

as they are statistically insignificant for all seven years in the post-treatment period. In terms of 

the RMSPE ratio, New York comes in on a modest 9th place compared to that of the control units. 

The states that performed better than New York are Alabama, Arkansas, Iowa, Louisiana, 

Minnesota, Nebraska, Ohio, and Texas. However, it should be noted that Alabama, Arkansas, and 

Nebraska suffer from a poor fit in the pre-treatment which may indicate that the results for these 

states are at least partially driven by a lack of predictive power. Louisiana and Texas are what I 

have referred to above as “gas-producing states”. Ohio constitutes a special case, as it was not a 

large producer of natural gas in 2009, but has increased its natural gas production significantly 

since 2012. The two remaining states, Iowa and Minnesota, are not producers of natural gas, but 

they are both relatively large producers of biofuel and other renewables (EIA US States, 2019). 

None of these states share a border with New York (or any other RGGI state). The results for New 

York from the in-space-placebo test are not fully convincing regarding the RGGI program’s effect 

on emissions reduction as there are no less than 8 US states that experiences an RMSPE ratio at 

least as large as that of New York, although it's highly unlikely that they have been affected by the 

treatment. 

B. In-Time-Placebo Tests. 

 

The next step is to evaluate whether or not the treatment effect on the treated unit seen in 

fig. 1 panel A happened by chance or if the divergence at the cutoff is a result of low predictive 

power (Abadie, Diamond, and Hainmueller, 2015, p. 504). This is done by performing in-time-

placebo tests, where the cutoff has been moved 5 and 10 years back in time, where there shouldn't 

be any treatment effect. The in-time-placebo tests for New York are presented below. 
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Fig. 2. New York, in-time-placebo tests. 

 

A. -5 years. 

 
B. -10 years. 

 
 

As can be seen in fig. 2, panels A and B, there are no large divergences between New York 

and synthetic New York in the outcome variable in either 2004 or 1999, which indicates that the 

treatment effect seen in fig. 1 panel A did not happen by chance or by a lack of fit. 
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C. Full- and Further Reduced Samples. 

 

In addition to the 29 control units already included, the full sample, presented in fig. 3, 

includes Indiana, Kansas, North Dakota, Oklahoma, South Carolina, West Virginia, Wisconsin, 

and Wyoming. This gives a total of 37 control units for the full sample. The further reduced sample, 

presented in fig. 4, excludes all states with natural gas production over 1% of total US productions 

(as of 2009) in addition to the states that were already excluded in the main analysis of 29 control 

units. These states are Alabama, Arkansas, Colorado, Louisiana, New Mexico, Pennsylvania, 

Texas, and Utah. That gives us a total of 21 control units for the further reduced sample. The full 

sample robustness check will revile if the results in the main analysis are driven by the exclusion 

of the above-motioned states. And the further reduced sample robustness check will revile if the 

results from the main analysis are driven by the inclusion of gas-producing states. The results from 

the full sample and further reduced sample robustness checks for New York are presented below. 
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Fig. 3. New York, full sample (37 control units). 

 

A. 

 
B. 
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Fig. 4. New York, further reduced sample (21 control units). 

 

A. 

 
B. 

 
 

These results indicate that the main results are robust for both the increased and further 

reduced samples. When compared to the main analysis, the use of the full sample resulted in a 

slightly worse fit for the pre-treatment trend and a slightly decreased divergence in the post-

treatment period, whereas the use of the further reduced sample resulted in a slightly worse fit for 
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the pre-treatment trend and a slightly increased divergence in the post-treatment period. Their 

respective RMSPE ratios are 4,2 (full sample) and 4,66 (further reduced sample). I.e., slightly 

lower and slightly higher compared to the ratio from the main analysis result of 4,3. Although the 

results themselves remain relatively unchanged, it should also be noted that the full sample added 

a few states that outrank New York in the in-space-placebo test, whereas the reduced sample 

removed a few. In the full sample, New York ranked 13th, behind Arkansas, Colorado, Iowa, 

Kansas, Kentucky, Louisiana, Minnesota, Nebraska, Ohio, Oklahoma, South Carolina, and Texas. 

In the further reduced sample, New York ranked 6th, behind Iowa, Kentucky, Nebraska, Ohio, and 

Virginia. Once again, it should be noted that some of the states mentioned above suffer from a 

poor fit in the pre-treatment trend which may indicate that the results are at least partially driven 

by a lack of predictive power. In the full sample, these states are Arkansas, Kentucky, and 

Nebraska. In the further reduced sample, these states are Kentucky, Virginia, and, once again, 

Nebraska. 
 

D. Leave-one-out Robustness Check. 

 

For the final robustness check, I intend to drop all states from the donor pool that received 

a W weight higher than 0,01, one state at the time (Abadie, Diamond, and Hainmueller, 2015, p. 

506). These states are Idaho (0.767), Nevada (0.171), South Dakota (0.015), Utah (0.017), 

Montana (0.019), and Minnesota (0.011). No other control unit received any weight with this 

model specification. The purpose of this test is to check if the results are driven by one or a few 

influential states. The leave-one-out robustness check for New York is presented below. 
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Fig. 5. New York, leave-one-out robustness check. 

 

A. Without Idaho. 

 
B. Without Idaho and Nevada. 

 
 

As can be seen in fig. 5, panels A and B, the measure of the fit drastically changes for the 

worse with the exclusion of both Idaho and Nevada, the two states that received the most weight. 

With the exclusion of Idaho, New York’s RMSPE ratio drops to roughly 1,7. And with the further 
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exclusion of Nevada, synthetic New York loses almost all of its predictive power. This indicates 

that a large portion of the results is driven by these two states. 

E. Results Summary. 

 

 Although the results seem to suggest that the RGGI program has had at least some positive 

effect on emissions reduction, the results for New York are not fully convincing regarding the in-

space-placebo test. New York performed relatively well in the in-time-placebo and full/reduced 

sample robustness checks. However, the simple fact that several US states produce a higher 

RMSPE ratio than New York, although they have not received the treatment, with all different 

specifications of the model is concerning for the results as it indicates that there is a high 

probability that there is something other than the RGGI program driving the treatment effect. 

Further, the fact that two states receive such large weights when creating synthetic New York that 

they cannot be removed from the donor pool is also concerning for the results as it indicates that 

these two states are driving a significant portion of the fit in the pre-treatment trend as well as the 

observed treatment effect. 

 I will end this section with a brief discussion about how the tested RGGI states compare to 

each other. I.e., how does New York compare to Maryland and Massachusetts? The results for 

these two state’s respective treatment effects and in-space-placebo tests are summarized in 

Appendix I, but I will briefly discuss them here. Out of the three, New York is the worst performer 

in terms of both RMSPE ratio and average treatment effect, especially compared to that of 

Maryland. However, a quick inspection of the results presented in Appendix I will show that 

Massachusetts’s overall performance in the in-space-placebo test is very reminiscent to that of 

New York, with pseudo p-values that are statistically insignificant for all seven post-treatment 

years (see fig. A1. Appendix I). Although slightly better in terms of RMSPE ratio and average 

treatment effect, the individual performance of Massachusetts lends further support to the 

conclusion that there is something other than the RGGI program that drives the treatment effect. 

Maryland performs slightly better, with a higher RMSPE raking (4th) and pseudo p-values that are 

statistically significant on at least a 10% level for years 3, 4, and 6 (see fig. A3. in Appendix I). It 

should also be noted that unlike New York and Massachusetts, Maryland performed relatively well 

in its leave-one-out robustness check (see fig. A4. in Appendix I). Taken together, these results 
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indicate that although it’s likely that the RGGI program has had at least some positive effect on 

emissions reduction, it is unlikely that the program itself is the main cause of the decline in 𝐶𝑂! 

emissions per capita within the RGGI region. If the RGGI program in fact were the main cause of 

the decline, I would have expected stronger overall results for the treated states. 

 

VI. Possible Confounders and Other Issues. 
 
 
 All of the RGGI states, as well as many other US states outside of the RGGI region, have 

lower 𝐶𝑂2 emissions per capita in the electrical power sector in 2015 than they had in 2009. 

However, the trend in all three treated states seems to have started earlier. So, if the RGGI program 

itself isn't the main cause of the decline, what is? A conclusive answer to that question is, 

unfortunately, beyond the scope of this thesis. Nevertheless, I will take a moment to discuss some 

potential candidates. 

A. Are the Power Plants Closing Down? 

 

 The first and perhaps most obvious question regarding emissions reduction in the RGGI 

region is whether or not the number of sources has remained the same after the implementation of 

the RGGI program. I.e., is the potential treatment effect driven by the shutdown of the emitters? 

According to the source report covering the first and third compliance periods, i.e., 2009-11 and 

2015-17, the number of sources has decreased from 81 to 76 in New York, and from 28 to 25 in 

Massachusetts, whereas the number of sources in Maryland remains the same (17) (RGGI-Coats, 

2018). Whether or not the reduced number of sources should be considered a confounder rather 

than an effect of the program itself remains an open question as it is very difficult to assess. Did 

plants shut down because of the program or for other reasons? A cap-and-trade program is meant 

to internalize the cost of emissions, and those emitters who operate with a relatively high marginal 

cost might find the implementation of a cap-and-trade program too expensive for continued 

production. It may also be the case that actors exiting the market will result in increased production 

from the other participants. Whichever the case, I find it to be unlikely that the reduced number of 

sources is the main cause of emissions reduction in the electric power sector as Maryland’s 
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emissions have continued to decrease even though they have the same number of emitters during 

the post-treatment period. Although, the reduced number of emitters in New York and 

Massachusetts may have contributed to their respective overall emissions reduction. 

B. Alternative Energy Sources. 

 
The development of renewable energy sources, such as wind power, biomass, hydropower, 

and solar power, has increased considerably for the last couple of decades in the US, and New 

York is no exception. As of 2018, renewables made up roughly 17,5% of total national energy 

generation in the US, with hydropower (7%) and wind power (6,6%) as the biggest contributors 

(C2es, 2019). Within the RGGI region, some renewable energy projects have been financed with 

proceeds from the RGGI program, and others through renewable energy efforts that are unrelated 

to RGGI, such as the RPS. In 2009, the state of New York received $1,6 billion in federal funding 

for energy efficiency and renewable energy investments as a part of the American Recovery and 

Reinvestment Act (ARRA)25. These investments include renewable energy projects within e.g. 

wind and solar power, development of alternative fuels, environmental cleanup, and carbon 

capture. Parts of the funding was also used to boost New York’s efforts to reach their 2015 RPS 

goals (US Department of Energy, 2010, pp. 1-4). 

Between 2000-2016, energy generation from wind power has increased in New York from 

a mere 10 GWh to 3,943 GWh, whereas electric generation from conventional hydropower has 

remained relatively constant during the same period, 24,910-26,314 GWh, and the generation of 

nuclear power has remained relatively constant between 2001-2016 at 40,395-41,638 GWh. Total 

energy generation in New York in 2016 amounts to 160,798 GWh. As such, wind power, as well 

as other types of renewable energy sources26, only stands for a small fraction of total energy 

generation in New York (New York State, 2020). Although renewable energy generation likely 

has contributed indirectly to the overall effect of emissions reduction in the electric power sector 

in the RGGI region, it seems unlikely that the effect from renewable energy sources alone is large 

 
25 The American Recovery and Reinvestment Act is a federal economic stimulus package that was signed into law 
by President Barack Obama in 2009 in an effort to boost the national economy following the Great Recession (US 
Department of Commerce, 2009) 
26 Generation from other renewable energy sources in New York in 2016 includes waste (1,841 GWh), PS 
hydropower (836 GWh), landfill gas (748 GWh), and solar power (140 GWh) (New York State, 2020). 
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enough to produce the relatively large 𝐶𝑂2 emissions reduction in New York, seen in e.g. fig. 1 

panel A. 

C. Potential Leakage. 

 

Several papers have studied potential leakage between the RGGI member states and nearby 

states such as Pennsylvania. However, the results of these studies are mixed. E.g. Maniloff and 

Fell (2018) have found evidence that net energy consumption from coal-fired generation in the 

RGGI states has decreased at the same time as natural gas-fired generation from nearby states has 

increased. On the other hand, Kindle, Shawhan, and Swider (2011) found no evidence of leakage 

from the RGGI member states to nearby states. New York has both increased net imports and 

natural gas-fired generation and decreased coal-fired generation substantially in the last decades. 

A trend that continued when the RGGI program was implemented in 2009. Net imports in New 

York have increased from 15,723 GWh to 26,117 GWh and natural gas-fired generation has 

increased from 39,729 GWh to 56,793 GWh between 2000-2016, whereas coal-fired generation 

has decreased from 25,010 GWh to only 1,493 GWh during the same period (New York State, 

2020). However, it's not obvious that both (or any) of these two effects have been caused by the 

policy change itself, although it is highly likely that the increased imports of natural gas together 

with the reduced firing of coal have contributed to the overall effect of emissions reduction. 

Although leakage is a possibility, it should also be noted that Pennsylvania, as well as New York, 

have lowered both their 𝐶𝑂2 emissions from the electric power sector as well as total emission 

levels substantially during the sample period. Total 𝐶𝑂2 emissions in Pennsylvania dropped from 

120 million metric tons in 2000 to 82,7 in 2016, and from 210,5 metric tons to 162,8 in New York 

during the same period (EIA Environment, 2020). Rather than leakage, the abundance of relatively 

cheap natural gas in Pennsylvania together with its convenient geographical location may explain 

the increased net imports of energy and natural gas-fired generation in New York and other RGGI 

states. 

D. The Financial Crisis of 2007-08. 
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The financial crisis of 2007-08, often referred to as “the great recession”, resulted in a 

substantial decrease in economic activity in the US, as well as in many other places, with reduced 

𝐶𝑂! emissions as a result. Total 𝐶𝑂! emissions from the electric power sector in New York 

dropped from 49,9 million metric tons in 2007 to 34,6 in 2009, which corresponds to a drop of 

2,57 to 1,77 metric tons of 𝐶𝑂! emissions per capita during the same period (EIA Environment, 

2020). Interestingly enough, the sharp drop in emissions was not reversed once the economy 

recovered. Rather, the emissions have continued to decrease in New York, as well as in 

Massachusetts, Maryland, and elsewhere, after economic activity started to increase (EIA 

Environment, 2020). Although it is highly likely that the financial crisis has contributed to the 

overall reduction of emissions in the RGGI region in the early stages of the program, the fact that 

emissions have continued to decrease once the economy recovered is a clear indication that the 

financial crisis cannot be the main cause of the emissions reduction seen in New York, 

Massachusetts, and Maryland in the post-treatment period. 

Although Murray and Maniloff (2015) focus on 𝐶𝑂! emissions reduction in the RGGI 

region as a whole, rather than state by state, they reach much of the same conclusion regarding the 

effects of the financial crises on 𝐶𝑂! emissions reduction (2015, p. 583). 

E. Hydraulic Fracturing. 

 
Between 2000-2016, the price of coal rose from $26,25 to $70,08 per metric ton27, and the 

price of the less 𝐶𝑂!-intensive natural gas dropped from $4,31 per million Btu to $2,5228 (St. Louis 

FED, 2020). The sharp price drop of natural gas is said to be mainly driven by the development of 

hydraulic fracturing, also known as “fracking”, a gas extraction technique that has made what was 

earlier considered to be uneconomical gas formations profitable (Brookings, 2015). 

Fracking, as a technique for extraction of oil and natural gas, is not in itself new as it dates 

back to the 1940s, but more recent developments in fracking, as well as horizontal drilling, have 

led to a revitalization of its usage. Water, chemicals, and sand are injected into shale formations in 

the ground under high pressure to release oil and gas trapped in the rocks. The drilling procedure 

 
27  Reported as the price of global coal, Australia. Period averages nominal US dollars, not seasonally adjusted 
(PALAU USDM) (St. Louis FED, 2020). 
28 Reported as Henry Hub natural gas spot prices, measured in dollars per million Btu, not seasonally adjusted 
(DHHNGSP) (St. Louis FED, 2020). 
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is relatively simple and takes about 3-5 days to complete on average. A completed well can then 

start producing natural gas and/or oil and may do so for years, or even decades. The advancements 

made in fracking have effectively made the US the leading oil and gas producing country in the 

world (IPAA, 2020). Although a fossil fuel, the firing of natural gas emits considerably less 𝐶𝑂! 

compared to that of oil and coal. Natural gas emits 117 pounds of 𝐶𝑂! per million Btu of energy 

compared to roughly 160 pounds emitted by diesel, gasoline, and heating oil, and roughly 220 

pounds emitted by coal (EIA FAQS, 2019). As of 2016, natural gas surpassed coal as the leading 

fuel type for electricity generation in the US, providing 34% of total electricity generation (EIA 

Today in Energy, 2019).   

The increased price of coal, together with the decreased price of the less 𝐶𝑂!-intensive 

natural gas seems, prima facie, to be the most likely “culprit” to the overall reduced 𝐶𝑂! emissions 

in the electric power sector, which is also partially supported by e.g. Murray and Maniloff (2015). 

However, I must stress that further research on this subject is needed to draw any conclusions as 

these assessments are merely based on back-of-the-envelope calculations. 

F. Program Anticipation. 

 
As discussed in section I, the RGGI MOU was signed by the governors of New York, New 

Jersey, Delaware, Connecticut, Main, New Hampshire, and Vermont in late 2005, about three 

years before the RGGI program was implemented (Bifera, 2013, p. 2). Hence, the treatment may 

have taken effect in the pre-treatment period when the program was announced as the anticipation 

of the program may have incentivized polluters to reduce emissions before the program was 

implemented. If so, the assumption that the program had no effect on the treated units in the pre-

treatment period would be violated. Although an anticipation effect is possible, it’s difficult to 

disentangle from other possible effects, such as the decreased price of natural gas and/or other 

environmental policies. However, the relatively sharp decline of 𝐶𝑂! emissions per capita in the 

electric power sector seen in New York, Massachusetts, and Maryland started earlier. At least 

around 2000 for all three states. Further, Massachusetts and Maryland formally joined RGGI in 

2007, which may further reduce the “anticipation period”.  
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G. Accuracy of the Predictors. 

 

So far, I have mostly discussed the measure of the fit in the models in terms of pre-treatment 

RMSPE. I will now take a moment to further discuss how well New York, as well as Massachusetts 

and Maryland, are matched with their synthetic counterparts in terms of predictor accuracy. Tables 

with a detailed description of the predictors for all three states can be found in Appendix II. As 

discussed above, all model specifications include five key predictors, 𝐶𝑂2 emissions per capita 

from two other sectors (commercial and residential), GDP per capita, unemployment rate and the 

state-level annual average temperature, as well as 14 lags of the outcome variable, one for every 

other year in the pre-treatment period. As for New York (and Massachusetts), the predictors are 

not a perfect match. Unemployment rate and average temperature are the most accurate matches, 

the two 𝐶𝑂2 variables are the least accurate matches, and GDP per capita is situated somewhere in 

between. Maryland, on the other hand, is relatively well matched on all five predictors. 

Kaul et al. (2015) discuss the potential problems of using all the years in the pre-treatment 

period as lags for the outcome variable as it may render all other predictors irrelevant, and, as a 

result, lead to misleading estimates. Kaul et al. (2015) discuss a study by Billmeier and Nannicini 

(2013), in which the authors use an SC-method to evaluate the impact of economic liberalization 

on GDP growth in Guinea-Bissau. By effectively ignoring all other covariates, which also seems 

to be the case in Billmeier and Nannicini (2013), we may introduce small sample bias into the 

estimates as the synthetic post-treatment trend is almost entirely based on lagged values of the pre-

treatment trend. Although a concern, it doesn't seem to be quite as concerning for the results of 

New York, Massachusetts and Maryland presented in this study as not all, but rather half, of the 

pre-treatment years are used as lags and the covariates are not rendered completely irrelevant as 

they exhibit at least some predictive power, relatively high predictive power in Maryland’s case. 

The relative weakness of the predictors for New York and Massachusetts obviously doesn't change 

the fact that the results from the in-space-placebo tests were not fully convincing, but it certainly 

doesn't improve upon the situation either as it, together with New York and Massachusetts leave-

one-out tests, further puts the robustness of the results in question.  
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VII. Concluding Remarks. 
  

 Although the weights in an SC-method are chosen in a data-driven process, relieving the 

researcher of the arbitrariness of choosing for themselves, there is still a fair amount of “weight” 

(no pun intended) laid on the judgment of the researcher in terms of finding relevant predictors. 

Although the process of choosing the weights is non-arbitrary, decisions regarding model 

specifications, and what should/shouldn't be included in the model are decisions based on 

judgment. Some of these decisions can be tested directly, such as how well the predictors match, 

whereas other decisions, such as choosing the appropriate length for the pre- and post-treatment 

periods, remain untestable. Ultimately, some of these decisions will rely on knowledge, judgment, 

and how much information there is available. 

 Obviously, we are not flying blind. If performed correctly, the placebo tests and robustness 

checks should provide us with several indicators with which we may assess the strength of our 

results. The works of Abadie and Gardeazabal (2003), Abadie, Diamond, and Hainmueller (2010; 

2015), and Abadie (2019) have provided me (and presumably many others) with guidance as well 

as inspiration on the usage of the SC-method approach to policy evaluation and comparative case 

studies. Their work has provided a blueprint for the usage of the SC-method, which in many 

aspects serves as a benchmark to which all other studies that use the SC-methods may be 

compared. 

 With the help of an SC-method, I have attempted to answer the question “are cap-and-trade 

programs efficient in reducing 𝐶𝑂2 emissions?”, or specifically “does RGGI reduce 𝐶𝑂2 

emissions?”. It seems reasonable to believe that a properly implemented cap on emissions would, 

ceteris paribus, lower emissions. The very nature of 𝐶𝑂2 emission levels per capita provides some 

methodological challenges, as the state-level 𝐶𝑂2 emissions are both volatile and numerically 

considerably different from one another. The moving average smoothing filter proved to be helpful 

in terms of volatility, but hardly in terms of the overall differences in emissions levels. As 

previously mentioned, the US average of 𝐶𝑂2 emissions per capita in the electric power sector is 

roughly 10,5 metric tons, which is much higher than the RGGI region average of 3,45 metric tons 

(1980-2015). This simple fact provides some difficulty in finding exact matches for the model. 

Out of the three states for which I was able to create relatively satisfying synthetic controls, three 

out of three underperformed in at least one placebo or robustness test. 
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Although there are some inconsistencies in terms of model robustness, the results 

themselves seem to be relatively consistent with all different specifications of the model. I.e., the 

results seem to indicate that the RGGI program has had at least some positive effect on emissions 

reduction in the RGGI region. However, the results are statistically insignificant for almost all 

specifications of the model, with only a few exceptions. Further, as discussed in section VI, there 

are several other factors that likely at least partially contribute to the overall decline in emissions 

that are difficult to disentangle from the effect of the program itself. As such, the results may serve 

as circumstantial evidence that the RGGI program reduces 𝐶𝑂! emissions. It seems unlikely that 

the RGGI program itself is the main cause of emissions reduction. Although 𝐶𝑂2 emissions from 

the electric power sector in the RGGI region have declined steadily during the sample period, as 

is the case in many US states, the RGGI program does not seem to be the main cause of the decline. 

Rather, the decline in 𝐶𝑂! emissions is likely the result of several contributing factors in addition 

to the RGGI program itself, such as the decreased price of natural gas and the increased price of 

coal, the financial crisis of 2007-08, as well as the expanded energy generation from renewable 

energy sources.  
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Appendices. 

Appendix I. 

Fig. A1. Massachusetts, effect and in-space-placebo test. 

 A. 

 

B. 
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C. 

 

D. 

 

Massachusetts has a pre-treatment RMSPE of .0875652, an RMSPE ratio of 5.7, and an 

annual average treatment effect of roughly 0.47 metric tons per capita of 𝐶𝑂2 emissions 

reduction. Massachusetts ranks 9th out of 29 states in its in-space-placebo test, outranked by 

Alabama, Arkansas, Iowa, Louisiana, Minnesota, Nebraska, Ohio, and Texas. The pseudo p-
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values for Massachusetts, seen in panel D, are statistically insignificant for all seven post-

treatment years. 

Fig. A2. Massachusetts, leave-one-out robustness check. 

 

A. Without Idaho.      

 
B. Without Idaho and Nevada. 

 
Synthetic Massachusetts uses weights from Idaho (0.665), Nevada (0.194), Georgia (0.12), 

and Montana (0.021). No other control unit received any weight in this model specification. 
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Reminiscent of the corresponding results of New York, Massachusetts loses much of its treatment 

effect with the exclusion of Idaho, and almost all of its fit with the exclusion of Nevada. 

Massachusetts RMSPE radio for panels A and B are 2,14 and 2,4 respectively. I.e., the results for 

Massachusetts are not robust for the exclusion of Idaho and Nevada. 

 

Fig. A3. Maryland, effect and in-space-placebo test. 

 

A. 

 
B. 
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C. 

 
D. 

 
Maryland has a pre-treatment RMSPE of .0767083, an RMSPE ratio of 7.7, and an annual 

average treatment effect of roughly 0.54 metric tons per capita of 𝐶𝑂2 emissions reduction. 

Maryland ranks 4th out of 29 states in its in-space-placebo test, outranked by Iowa, Ohio, and 

Texas. The pseudo p-values for Maryland, seen in panel D, are statistically significant on at least 

a 10% level for years 3, 4, and 6. 
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Fig. A4. Maryland, leave-one-out robustness check. 

 

A. Without Idaho and Virginia. 

 
B. Without all seven initial weights. 

 
Synthetic Maryland uses weights from Idaho (0.366), Virginia (0.342), Nevada (0.095), 

Montana (0.054), Utah (0.053), Tennessee (0.051), and Georgia (0.039). No other control unit 

received any weight in this model specification. As expected, the measure of the fit between 

Maryland and synthetic Maryland gradually worsens with the removal of each state. However, as 

can be seen in panel A, the results are robust for the exclusion of Idaho and Virginia, the two states 
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that received the most weight, with an RMSPE ratio of 6,8 (compared to 7,7 in the main analysis). 

For he results in panel B, all seven states that were initially used as weights have been removed. 

The results seem relatively robust for the exclusion of all these states, with an RMSPE ratio of 5,4.  

 

Fig. A5. New York (without filter), effect and pseudo p-values. 

A. 

 
B. 

 
Unfiltered New York has a pre-treatment RMSPE of .2541206, an RMSPE ratio of 2.3, 

and an annual average treatment effect of roughly 0.55 metric tons per capita of 𝐶𝑂! emissions 
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reduction. Unfiltered New York ranks 11th out of 29 states in its in-space-placebo test and the 

pseudo p-values, seen in panel B, show that the results are statistically significant for the first 

year after treatment, and insignificant for all years thereafter. 

 

Fig. A6. Massachusetts (without filter), effect and pseudo p-values. 

A. 

 
B. 

 
Unfiltered Massachusetts has a pre-treatment RMSPE of .3186617, an RMSPE ratio of 2.9, 

and an annual average treatment effect of roughly 0.85 metric tons per capita of 𝐶𝑂! emissions 
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reduction. Maryland ranks 8th out of 29 states in its in-space-placebo test. The pseudo p-values for 

unfiltered Massachusetts, seen in panel B, are statistically significant on a 10% level for year 7, 

and insignificant for all other years. 

 

Fig. A7. Maryland (without filter), effect and pseudo p-values. 

A. 

 
B. 

 
Unfiltered Maryland has a pre-treatment RMSPE of .216855, an RMSPE ratio of 3.8, and 

an annual average treatment effect of roughly 0.75 metric tons per capita of 𝐶𝑂! emissions 
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reduction. Unfiltered Maryland ranks 5th out of 29 states in its in-space-placebo test and the 

pseudo p-values, seen in panel B, show that the results are statistically significant on at least a 

10% level for years 2, 5, and 7.  

 

Note: In order to make the model specifications without the smoothing filter to work I assign a 

minimum value of 1000 metric tons (appearing as 0,001 in the data) to all years with missing 

values of the outcome variable. These are 1982, 1987-88, and 1990-95 for Idaho, and 1987-88 

for Oregon. 
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Appendix II. 

 
Main analysis predictor balance and weights. 

 
Table 1. Predictor Balance New York. 

Variable Treated Synthetic 

CO2 per capita, commercial sector 1.517678 .8013917 

CO2 per capita, residential sector 1.939845  .9544605  

Average temperature (Jan-Dec) 45.41034 44.68567 

Unemployment rate 6.17931 5.877993  

GDP per capita 42100.97 28540.69  

CO2 per capita, electric power sector 1980 2.966667 2.964344  

CO2 per capita, electric power sector 1982 2.936  2.880281  

CO2 per capita, electric power sector 1984 2.91 2.980979 

CO2 per capita, electric power sector 1986 3.146667 3.143842 

CO2 per capita, electric power sector 1988 3.21 3.134628  

CO2 per capita, electric power sector 1990 3.218333 3.282037 

CO2 per capita, electric power sector 1992 3.143333  3.130297  

CO2 per capita, electric power sector 1994 2.9  3.00797 

CO2 per capita, electric power sector 1996 2.903333  2.97356 

CO2 per capita, electric power sector 1998 2.916667 2.91834 

CO2 per capita, electric power sector 2000 2.945  2.858182  

CO2 per capita, electric power sector 2002 2.93 2.975473  

CO2 per capita, electric power sector 2004 2.721667  2.644677  

CO2 per capita, electric power sector 2006 2.503333  2.60355 

CO2 per capita, electric power sector 2008 2.233333  2.251325  

Note: All variables, except CO2 per capita from electric power sector lagged 
values, are averaged over 1980-2009. 
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Table 2. State Weights in Synthetic New York. 

State Weight State Weight 

Alabama 0 Montana 0.019 

Arizona 0 Nebraska 0 

Arkansas 0 Nevada 0.171 

Colorado 0 New Mexico 0 

Florida 0 North Carolina  0 

Georgia 0 Ohio 0 

Idaho 0.767 Oregon 0 

Illinois 0 Pennsylvania 0 

Iowa 0 South Dakota 0.015 

Kentucky 0 Tennessee 0 

Louisiana 0 Texas 0 

Michigan 0 Utah 0.017 

Minnesota 0.011 Virginia 0 

Mississippi 0 Washington 0 

Missouri 0   

Note: main analysis weights from 29 US states. 
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Table 3. Predictor Balance Massachusetts. 

Variable Treated Synthetic 

CO2 per capita, commercial sector 1.222592  .7687094 

CO2 per capita, residential sector 2.406908 .9298692 

Average temperature (Jan-Dec) 48.00345 47.17942 

Unemployment rate 5.131034 5.874659 

GDP per capita 40935.1 29528.81  

CO2 per capita, electric power sector 1980 4.053333 4.156042  

CO2 per capita, electric power sector 1982 4.166  4.137536  

CO2 per capita, electric power sector 1984 4.205 4.236936 

CO2 per capita, electric power sector 1986 4.425 4.384919  

CO2 per capita, electric power sector 1988 4.441667  4.316313 

CO2 per capita, electric power sector 1990 4.38 4.336247  

CO2 per capita, electric power sector 1992 4.108333 4.136887 

CO2 per capita, electric power sector 1994 3.95 3.977148 

CO2 per capita, electric power sector 1996 3.968333 3.960823 

CO2 per capita, electric power sector 1998 3.728333 3.899356 

CO2 per capita, electric power sector 2000 3.956667  3.811717 

CO2 per capita, electric power sector 2002 3.741667 3.924093 

CO2 per capita, electric power sector 2004 3.643333 3.562845 

CO2 per capita, electric power sector 2006 3.485 3.480838 

CO2 per capita, electric power sector 2008 3.083333 3.07985 

Note: All variables, except CO2 per capita from electric power sector lagged 
values, are averaged over 1980-2009. 
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Table 4. State Weights in Synthetic Massachusetts. 

State Weight State Weight 

Alabama 0 Montana 0.021 

Arizona 0 Nebraska 0 

Arkansas 0 Nevada 0.194 

Colorado 0 New Mexico 0 

Florida 0 North Carolina  0 

Georgia 0.12 Ohio 0 

Idaho 0.665 Oregon 0 

Illinois 0 Pennsylvania 0 

Iowa 0 South Dakota 0 

Kentucky 0 Tennessee 0 

Louisiana 0 Texas 0 

Michigan 0 Utah 0 

Minnesota 0 Virginia 0 

Mississippi 0 Washington 0 

Missouri 0   

Note: main analysis weights from 29 US states. 
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Table 5. Predictor Balance Maryland. 

Variable Treated Synthetic 

CO2 per capita, commercial sector .806092  .7878725  

CO2 per capita, residential sector 1.402782 1.044293 

Average temperature (Jan-Dec) 54.72069 49.91769 

Unemployment rate 4.986207 5.365031 

GDP per capita 36149.1 31503.4 

CO2 per capita, electric power sector 1980 3.95 4.031436 

CO2 per capita, electric power sector 1982 4.304  4.225914  

CO2 per capita, electric power sector 1984 4.348333 4.396212 

CO2 per capita, electric power sector 1986 4.988333  4.893256 

CO2 per capita, electric power sector 1988 5.215 5.180685 

CO2 per capita, electric power sector 1990 5.451667 5.592404  

CO2 per capita, electric power sector 1992 5.636667 5.592265 

CO2 per capita, electric power sector 1994 5.448333 5.554447 

CO2 per capita, electric power sector 1996 5.766667 5.704422 

CO2 per capita, electric power sector 1998 5.723333 5.739259 

CO2 per capita, electric power sector 2000 5.85 5.777457 

CO2 per capita, electric power sector 2002 5.86  5.891818 

CO2 per capita, electric power sector 2004 5.635 5.609068 

CO2 per capita, electric power sector 2006 5.34 5.39229  

CO2 per capita, electric power sector 2008 4.838333  4.907637 

Note: All variables, except CO2 per capita from electric power sector lagged 
values, are averaged over 1980-2009. 
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Table 6. State Weights in Synthetic Maryland. 

State Weight State Weight 

Alabama 0 Montana 0.54 

Arizona 0 Nebraska 0 

Arkansas 0 Nevada 0.095 

Colorado 0 New Mexico 0 

Florida 0 North Carolina  0 

Georgia 0.039 Ohio 0 

Idaho 0.366 Oregon 0 

Illinois 0 Pennsylvania 0 

Iowa 0 South Dakota 0 

Kentucky 0 Tennessee 0.051 

Louisiana 0 Texas 0 

Michigan 0 Utah 0.053 

Minnesota 0 Virginia 0.342 

Mississippi 0 Washington 0 

Missouri 0   

Note: main analysis weights from 29 US states. 
 
 
 
 
 
 
 
 
 

 

 
 
 



 
 

59 

Appendix III. 

 
Datasets. 

 

Main analysis sample (29 units): Alabama (1). Arizona (2). Arkansas (3). Colorado (5). 

Florida (8). Georgia (9). Idaho (10). Illinois (11). Iowa (13). Kentucky (15). Louisiana (16). 

Michigan (20). Minnesota (21). Mississippi (22). Missouri (23). Montana (24). Nebraska (25). 

Nevada (26). New Mexico (29). North Carolina (31). Ohio (33). Oregon (35). Pennsylvania (36). 

South Dakota (39). Tennessee (40). Texas (41). Utah (42). Virginia (44). Washington (45). 

 

Full sample (37 units): Alabama (1). Arizona (2). Arkansas (3). Colorado (5). Florida (8). 

Georgia (9). Idaho (10). Illinois (11). Indiana (12). Iowa (13). Kansas (14). Kentucky (15). 

Louisiana (16). Michigan (20). Minnesota (21). Mississippi (22). Missouri (23). Montana (24). 

Nebraska (25). Nevada (26). New Mexico (29). North Carolina (31). North Dakota (32). Ohio 

(33). Oklahoma (34). Oregon (35). Pennsylvania (36). South Carolina (38). South Dakota (39). 

Tennessee (40). Texas (41). Utah (42). Virginia (44). Washington (45). West Virginia (46). 

Wisconsin (47). Wyoming (48). 

 

Further reduced sample (21 units): Arizona (2). Florida (8). Georgia (9). Idaho (10). Illinois 

(11). Iowa (13). Kentucky (15). Michigan (20). Minnesota (21). Mississippi (22). Missouri (23). 

Montana (24). Nebraska (25). Nevada (26). North Carolina (31). Ohio (33). Oregon (35). South 

Dakota (39). Tennessee (40). Virginia (44). Washington (45). 

 

Data Sources.  

 

● CO2 emissions (metric tons) for the commercial-, residential-, and electric power sectors 

have been collected from the US Energy Information Administration (EIA). Available at 

https://www.eia.gov/environment/emissions/state/. 

● GDP (chained 2012 dollars and chained 1997 dollars, state-level total) have been 

collected from the US Bureau of Economic Analysis (BEA). Available at 

https://apps.bea.gov/iTable/iTable.cfm?reqid=99&step=1#reqid=99&step=1&isuri=1. 
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● Unemployment rate data (state-level) have been collected from the US Bureau of Labor 

Statistics (BLS), via Iowa University’s Community Indicators Program. Available at 

https://www.icip.iastate.edu/tables/employment/unemployment-states. 

● Average annual temperature (state-level, yearly averages Jan-Dec) have been collected 

from the National Oceanic and Atmospheric Administration (NOAA). Available at 

https://www.ncdc.noaa.gov/cag/global/time-series. 

● Population estimates used to recalculate the three CO2 variables listed above and state-

level GDP (chained 2012 dollars and chained 1997 dollars) into per capita measures, 

have been collected from the US Census Bureau. Available at 

https://www.census.gov/data/tables/time-series/demo/popest/2010s-state-

total.html#par_textimage_1574439295. 

 

 

 

 


