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Abstract 
Between 2010 and 2020, the U.S. coal industry experienced a 50% drop in 
production, employment, and active mines, driven by regulatory factors and 
technological innovation in alternative energy sources. We exploit this setting 
to study the effect of energy transitions on household employment, wages, 
migration, and home ownership in local communities. We ask whether 
households’ access to financial services or economic mobility are linked to the 
negative effects of the coal transition, and whether demographic factors, 
including minority status, explain heterogeneity in these effects. Our findings 
contribute to the emerging literature on the real impacts of energy transitions. 
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1 Motivation  

In the manufacturing sector, acute industrial changes, whether driven by boom and bust cycles 

or entry by foreign competitors, have significant direct impacts on local employment and wages 

(Autor, Dorn, and Hanson (2013), Pierce and Schott (2016); Grullon, Larkin, and Michaely (2019); 

Dorn and Hanson (2019); Autor, Dorn, Hanson, and Majleski (2020); Decker, McCollum, and 

Upton (2022)). Recently, however, another driver of industrial change has been placed under a 

microscope by policymakers: climate change. In an open meeting of the Financial Stability 

Oversight Council on October 21, 2021, Secretary Janet Yellen of the U.S. Department of the 

Treasury stated that “...the costs of climate change are increasingly impacting household's 

expenses, income, and homes...” In this paper, we build on prior work linking acute and chronic 

physical risk to the welfare of affected households by exploring transition risk mechanisms in 

which climate policy and technological innovation impact the local communities that support 

specific energy sectors and link these impacts to economic mobility and availability of financial 

services across communities.  

To do so, we focus on the U.S. coal mining industry as a case study to assess the impact of 

energy transitions on household welfare. The U.S. coal mining industry is a useful setting for 

analyzing climate transition risk for several reasons. First, the energy transition away from coal 

was economically significant: U.S. coal production has declined by half since 2010, as has 

employment by coal mine operators and the number of active mines (see, e.g., Figure 1). Second, 

this drop in production may have a significant impact on local mining communities, which tend 

to be geographically clustered, rural, less affluent, and, to a great extent, dependent on coal 

production (Black, McKinnish, and Sanders (2005)). Third, the transition had a significant 
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aggregate impact on local coal mining communities, but these communities were not uniformly 

exposed to the energy transition, allowing for an exposure intensity analysis in the cross-section 

of communities. 

Fourth, the energy transition was unlikely to be reverse-caused by economic conditions 

facing households in coal-producing communities. Prior work has documented that the decline in 

coal production was driven by external factors, including increases in the regulatory burden for 

coal production and in the rising use of renewables and natural gas (Department of Energy 

(2017); Linn and Muehlenbachs (2018); Cullen and Mansur (2017); Fell and Kaffine (2021); 

Holladay and LaRiviere (2017); Linn and McCormack (2017); Jordan, Lange, and Linn (2018)). 

The rise in renewables and natural gas was significant. For example, renewable energy 

consumption in the U.S. electric power sector grew by nearly 50% after 2010 and mentions of 

“hydraulic fracturing”, an innovative method for extracting natural gas, in corporate filings 

doubled in 2011 (Babenko, Bessembinder, and Tserlukevich (2021)) .1  

These policy and technology shocks to the coal mining industry are distinct from other 

drivers of acute industrial change in that they do not directly impact coal mining. Rather, they 

are driven by policies that target the emissions intensity of downstream electrical power plants 

and technological innovation that decreases the cost of electrical power plants' competing inputs. 

Our work therefore highlights the transition risk created for upstream industries (e.g., coal 

mining), which do not generate high levels of emissions on their own, due to these forward 

linkages to high-emitting downstream industries that are directly affected by climate policy and 

technological shocks. These indirect exposures to climate risk for the coal industry may be 

 
1 “The United States consumed a record amount of renewable energy in 2020” June 16, 2021. Energy 
Information Administration.  

https://www.eia.gov/todayinenergy/detail.php?id=48396
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representative of those faced in other industries including oil and gas production, and may 

transmit investors’ preferences for green assets or consumers’ preferences for green products in a 

way that drives up green firms’ stock prices (Barnett, Brock, and Hansen (2020); Pastor, 

Stambaugh, and Taylor (2021)). 

The impact of the coal transition can be illustrated through the experience of individual 

mining companies. For example, Kevin Crutchfield, the CEO of Alpha Natural Resources, Inc. 

(ANR), at one time one of the largest coal mining companies in the U.S. with operations in 

Pennsylvania, West Virginia, Kentucky, Tennessee, Wyoming, and Colorado (see Appendix 

Figure A1), stated in 2012 that “[w]ith fundamental changes taking place in our business, we’re 

taking decisive actions that set the table for Alpha to compete successfully as a leader in the global 

coal markets for years to come.” Relative to peak production in 2011, ANR coal production 

dropped by more than 50% during the coal transition as it closed mines and fired mine employees 

in the hopes of reducing costs by $150MM per year (see Appendix Figure A2).2  Despite these 

measures, ANR ultimately filed for Chapter 11 bankruptcy in 2015, and spokesman Ted Pile of 

ANR stated that “There’s a combination of reasons… There are some cyclical factors. The 

economy is certainly a factor. The advent of this disruptive technology has made gas abundant 

and cheap. And we’re also dealing with a regulatory regime that is determined to constrain the 

production and use of coal.”3 To explore whether ANR’s responses to the coal transition are 

related to local outcomes in communities where it operated, we plot average employment and 

wages in counties with ANR operations against that of non-coal-producing counties from coal-

 
2 “Alpha Natural Resources closing eight mines, cutting hundreds of jobs” Washington Post, September 
18, 2012.  
3 “Alpha natural Resources, a Onetime Coal Giant, Files for Bankruptcy Protection” The New York 
Times, August 4, 2015. 

https://www.washingtonpost.com/business/economy/alpha-natural-resources-closing-eight-mines-cutting-hundreds-of-jobs/2012/09/18/61236fba-01b7-11e2-b257-e1c2b3548a4a_story.html
https://www.nytimes.com/2015/08/04/business/energy-environment/alpha-natural-resources-a-onetime-coal-giant-files-for-bankruptcy-protecton.html
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producing states in Figure A3 in the Appendix. This figure shows diverging trends between these 

two groups starting in 2011; counties with ANR mines experience significant relative decreases 

in employment and wages. This case study suggests a potential link between conditions of the 

coal mining industry and those of local communities. 

In the remainder of this proposal, we describe the empirical approach that we will use to 

measure the effect of the coal transition on the well-being of households in exposed communities 

and  present a series of preliminary findings to demonstrate the feasibility of our proposal. Our 

primary approach leverages the coincident and nationwide shift in external factors affecting coal-

producing counties in 2011 (e.g., federal policies concerning electrical power production and 

technological innovation in renewables and natural gas) as a quasi-natural experiment and 

compares economic outcomes in coal-producing communities with other communities. Our focus 

is on county-level employment and wages, and we find that pre-transition coal-producing counties 

experience a ~5% drop in employment and a ~3% drop in wages relative to other counties in coal-

producing states. These estimates are robust to constructing alternative control groups based on 

the distance to coal basins, the presence of oil and natural gas production, and propensity score 

matching based on county characteristics, as well as to saturating our models with county fixed 

effects and a host of pre-transition county characteristics interacted with year fixed effects. We 

obtain similar estimates when focusing on non-coal employment and wages, consistent with a 

significant local multiplier effect of coal employment (Black, McKinnish, and Sanders (2005)). 

Although coal-producing and other counties differ in levels along some characteristics before the 

coal transition, our dynamic event study estimates show no evidence of pre-trends, suggesting 

that non-coal-producing counties in coal-producing states provide a credible counterfactual. We 
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conduct placebo tests based on different historical periods and find no evidence to falsify our main 

findings. 

Within this setting, we explore whether pre-transition county characteristics, including 

access to finance and economic mobility, are related to these real effects. Positive evidence of 

heterogeneity based on these measures could reflect the potential real effects of finance or 

differences in the availability of local opportunities. To proxy for access to finance, we measure the 

number of bank branches following Butler and Cornaggia (2011), the share of branches operated 

by large banks (i.e., exceeding $1 billion in assets) following Mayer (2020) and Brennecke, 

Jacewitz, and Pogach (2020), and the CFPB’s county-level indicator for “rural and undreserved” 

areas. We measure intergenerational economic mobility using measures constructed and 

provided by Chetty, Hendren, Kline, and Saez (2014). Our preliminary results suggest that the 

real impact of the coal transition is particularly significant in underserved areas with limited 

access to finance and low economic mobility. We complement our analysis of employment and 

wages with additional findings on population growth and mortgage loan origination growth, 

which allow us to directly study demographic differences in these effects.  

Our work is closely linked to the literature on the real effects of acute industrial changes, 

which has largely focused on the domestic impacts of international trade shocks (Autor, Dorn, 

and Hanson (2013); Pierce and Schott (2016); Grullon, Larkin, and Michaely (2019); Dorn and 

Hanson (2019); Autor, Dorn, Hanson, and Majleski (2020)). A recent subset of this literature has 

studied the impacts of local economic booms stemming from the oil and gas sector. In particular, 

the 1980s oil and gas boom has been linked to lifetime earnings of households (Jacobson, Parker, 

and Winikoff (2021)) and long-term manufacturing productivity (Allcott and Keniston (2018)). 
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Recent shale discoveries have been linked to debt repayment and durable goods consumption 

among consumers (Cookson, Gilje, and Heimer (2020)), and to establishment growth, (Decker, 

McCollum, and Upton (2022)) and credit availability for small businesses both locally (Gilje 

(2019)) and in connected markets (Gilje, Loutskina, and Strahan (2016)). Relative to this 

literature, we intend to contribute new evidence on the impact of an energy transition driven by 

climate policy and technological innovation instead of natural resource discoveries and highlight 

the importance of backward linkages from resource consumers to producers in the supply chain 

as a climate risk transmission mechanism.  

We also contribute new evidence of a new household-level transition risk transmission 

channel to the burgeoning climate finance literature. The transition risk side of this literature has 

linked climate policies, including carbon pricing, and ESG investing to prices of corporate loans, 

bonds, and equity (e.g., Conlin, O’Donoghue, and Vogelsang (2007); Li, Johnson, and Zaval (2011); 

Myers, Maibach, Roser-Renouf, Akerlof, and Leiserowitz (2012); Busse, Pope, Pope, and Silva-

Risso (2015); Delis, de Greiff, and Ongena (2019); Choi, Gao, and Jiang (2020); Seltzer, Starks, 

and Zhu (2020); Ivanov, Kruttli, and Watugala (2021); Babenko, Bessembinder, and Tserlukevich 

(2021); Bolton and Kacperczyk (2021); Goldsmith-Pinkham, Gustafson, Lewis, and Schwert 

(2021); Houston and Shan (2021); Pastor, Stambaugh, and Taylor (2021)). To this literature, we 

contribute a new setting to study transition risks, the U.S. coal transition, and investigate impacts 

on households.  

The physical risk side of the climate finance literature includes a recent set of papers that 

extend earlier work in development economics on the role of finance in climate change and 

natural disaster relief (e.g., Udry (1989)). The closest papers to ours in this literature are Morse 
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(2011), which studies the role of payday lenders in the aftermath of natural disasters affecting the 

U.S., Bernstein, Gustafson, and Lewis (2019) and Murfin and Spiegel (2020), which study the 

effects of sea level rise on residential real estate, and Bernstein, Billings, Gustafson, and Lewis 

(2021), which studies partisan sorting on exposure to sea level rise risk. To this side of the climate 

finance literature, we contribute new evidence that despite being less salient than physical risk 

realizations, including natural disasters like the "billion dollar" hurricanes or sea level rise studied 

in prior work (Begley, Gurun, Purnanandam, and Weagley (2018); Deryugina, Kawano, and 

Levitt (2018); Bernstein, Gustafson, and Lewis (2019); He (2019); Du and Zhao (2020); Correa, 

He, Herpfer, and Lel (2021); Brown, Gustafson, and Ivanov (2020); Billings, Gallagher, and 

Ricketts (2022a,b)), transition risk transmission channels can affect households in similar ways 

to physical risks.  

2 Data description 

2.1 Background 

Prior research suggests that the coal transition was caused by technological innovations in 

natural gas and renewables (e.g., Department of Energy (2017); Linn and Muehlenbachs 

(2018); Cullen and Mansur (2017); Fell and Kaffine (forthcoming); Holladay and LaRiviere 

(2017)) and  regulatory changes (e.g., Houser et al. (2017); Linn and McCormack (2017)), 

which all substantially reduced coal consumption at US power plants. For instance, 

Brinkman et al. (2017) provide a historical account of regulatory changes that significantly 

impacted coal power plants. 

• In 2010, EPA submitted the Tailoring Rule, which required existing power plants to 

obtain new permits for greenhouse gas emissions.  
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• In 2011, the EPA issued the Mercury and Air Toxics Standards (MATS), “which 

requires all coal-fired power plants to achieve the levels that roughly only the 6% best 

were achieving at the time … In 2015 and 2016 (the starting year for MATS 

enforcement is 2016), 135 coal-fired power plants closed, which is over three times the 

originally expected number” (Brinkman et al., p.9, 2017). 

• In 2011, the Cross-State Air Pollution Rule was finalized, which required additional 

action from power plants near state borders. 

These technological innovations and regulatory changes around 2011 provide an ideal setting 

to study the effect of the coal transition on household employment and wages in affected local 

communities as these are all plausibly exogenous to local household conditions in coal-

producing counties. That is, reverse causality in this setting is unlikely because these 

technological innovations and regulatory changes are unlikely to have been induced by 

expectations of changes in household welfare in coal-producing counties. 

2.2 Sample Selection 

To identify coal-producing counties and states, we obtain the mine-level coal production and 

employment data from 2001 to 2020 from the U.S. Energy Information Administration (EIA). 

Figure 1 plots the number of active mines, coal production, the number of coal employees, and 

the number of coal labor hours in the US from 2001 to 2020, with the vertical line indicating 

2011. To facilitate visual comparison of trends in these variables with different units, we 

normalize each variable by its 2001 value. A systematic declining trend emerges for all of 

these coal production and employment measures after 2011, consistent with the historical 

account of Brinkman et al. (2017). Furthermore, coal production and employment stopped 
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declining in 2016, the first year of MATS enforcement and the likely reason for 135 coal-fired 

power plants closures.  

Between 2001 and 2011, 254 counties in 26 states produced coal in the EIA data, of 

which 207 counties produced coal as of 2011 and 47 counties had stopped coal mining prior to 

2011. In our setting, we define counties with exposure to the coal transition (the treatment 

group) as those with coal production as of 2011. We exclude the 47 counties that had stopped 

coal mining prior to 2011, as changes in their coal mining might not be associated with the 

coal transition. The 207 treatment counties are located in 25 states, as Washington state did 

not have any counties with coal production as of 2011. Since non-coal producing counties in 

the same state as treatment counties are likely similar to treatment counties and subject to 

the same state-level economic and political conditions, we use these non-coal-producing 

counties in the 25 coal-producing states as our baseline control group. Figure 2 visualizes the 

treatment and baseline control groups in the 25 coal states. As illustrated by the figure, coal-

producing counties are geographically clustered in the three coal basins: Appalachian, 

Interior, and Western. These coal basins cross state lines, suggesting that clustering standard 

errors by state may be inappropriate. In our regression analyses, we adjust for spatial 

correlation across state borders by clustering standard errors following Conley (1999). We 

allow for spatial correlation of up to 200 kilometers around the county’s centroid and for 

autocorrelation of order 5 for our county-year panel data. 

Although our baseline control group – non-coal-producing counties in coal-producing 

states – are likely to provide credible counterfactual estimates of household finance outcomes 

during the coal transition, we present summary statistics in Table 1 that illustrate residual 
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differences in the characteristics of treated and control counties. While these differences in 

levels do not necessarily confound estimates of the changes that took place during the 

transition, we nonetheless explore four alternative control groups: (1) non-coal-producing 

counties within 100 miles of the treatment counties, (2) non-coal-producing counties within 

200 miles of the treatment counties, (3) non-coal-producing counties that produce oil and gas, 

and (4) non-coal-producing counties based on propensity score matching (PSM). Our PSM 

model incorporates the levels and trends in population, unemployment rate, and personal 

income over the period from 2009 to 2011 (i.e., the pre-treatment period). Figure 3 shows maps 

of the treatment and alternative control groups. Each of these control groups have potential 

caveats, so we explore the robustness of our main estimates to mitigate concerns with any one 

control group. For example, using non-coal-producing counties that are adjacent to the 

treatment counties could underestimate the impact of the coal transition, as there may be 

spillover effects from the treatment counties. A donut-type control group would address the 

potential spillover effects within commuting distance but would be difficult to construct given 

the geographic clustering of coal mining in basins. We also note that our PSM model does not 

place any geographic restrictions on the selected control counties, but nonetheless identifies a 

control group that is dominated by non-coal producing counties from coal-producing states.  

2.3 Main Variables of Interest 

We study a variety of outcomes to understand the scope of the impact on household 

welfare, and we outline these and their sources in the Data Appendix. In our baseline 

analyses, we include county-level private-sector employment and wages from Quarterly 

Census of Employment and Wages (QCEW) of the Bureau of Labor Statistics (BLS), 
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population from the Census Bureau’s Population Estimates Program, and mortgage 

application volume for purchases from Home Mortgage Disclosure Act (HMDA). The nature 

of the Census and HMDA data allow us to study differential impacts across individual 

characteristics. Specifically, we leverage these data to study population growth by age and 

race and mortgage outcomes by race. For ease of interpretation, in our regression analyses, 

we normalize employment, wages, population, and mortgage application volume by their 

2009 values (multiplied by 100). 

To understand potentially channels through which financial services mediate the 

impact of the coal transition, we explore three alternative measures of access to finance. First, 

following Butler and Cornaggia (2011), we use the number of local branches from FDIC as a 

proxy for access to finance. More specifically, we divide all the counties in the US at the 

median by the number of local branches in 2011. We classify counties with the number of local 

branches below the US median as the counties with low access to finance (i.e., 1 (Low_A2F) 

= 1). Second, we consider a measure that captures access to large banks. In contrast to small 

banks, large banks may be able to use their internal capital markets to respond to local credit-

demand shocks. We define large banks as those with total assets of more than $1 Billion, 

similar to the definition used in Mayer (2020) and Brennecke et al. (2020). We compute the 

share of branches operated by large banks in each county and classify counties with the share 

of large-bank branches below the US median in 2011 as the counties with low access to large 

banks (i.e., 1 (Low_A2F_LB) = 1). Third, we construct a measure based on the rural and 

underserved counties list from CFPB, motivated by the evidence that distance matters 
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particularly for small businesses (e.g., Petersen and Rajan, 2002). If a county is classified by 

CFPB as rural and underserved, the rural indicator, 1 (Rural), is set to one. 

We also investigate differences in the coal transition impact based on pre-transition 

economic mobility, which helps capture differences in the availability of local opportunities. We 

use data on intergenerational economic mobility that is constructed and provided by Chetty, 

Hendren, Kline, and Saez (2014). We define counties with the intergenerational mobility below 

the US median as the counties with low mobility (i.e., 1 (Low_Mobility) = 1).  

Figure 4 shows the low access-to-finance and mobility counties in the 25 coal-

producing states. As shown in the figure, access to finance and economic mobility seem to 

capture different aspects of local conditions, and do not seem to be strongly correlated. Table 

A1 in Appendix confirms this observation: the correlations of mobility with access-to-finance 

measures are only around 0.05.     

3 Empirical methods and main results 

3.1 Baseline Specifications 

In our primary approach, we use variation in exposure to the coal transition in a difference-

in-differences (DID) methodology. We define the treatment group as the set of coal-producing 

counties in 2011 in the 25 coal-producing states exposed to the coal transition, and define the 

control group as counties that are in the same states but never produced coal between 2001 

and 2011. A confluence of factors, including a set of influential 2011 regulatory changes, led 

coal production and employment to decrease substantially after 2011, suggesting that the 

treatment year is around 2012. To quantify the average causal effects of the coal transition, 

we focus on an event window of eight years, starting in 2009, which follows the global financial 
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crisis, and ending in 2016, which is the year the rapid decline in coal production and 

employment stopped (recall Figure 1).  

In our baseline specification, we estimate a simple DID specification to summarize the 

average treatment effects of the coal transition. Specifically, we regress outcomes on a post-

treatment indicator interacted with the treatment dummy, controlling for county and year 

fixed effects. In our preferred specification, we replace the year fixed effects with year 

indicators interacted with each of the following county characteristics measured as of 2011: 

the share of the population that are black, median household income, median home value, 

and education attainment (measured by percentage of residents over the age of 25 who have 

completed an associate's degree or higher). This set of county characteristics comprise the 

dimensions for which the treatment and control counties significantly differ. To mitigate 

effects of transitory shocks on county characteristics, we construct county characteristics 

based on the five-year county-level estimates as of 2011 from American Community Survey 

(ACS). That is, our baseline regression is:    

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡                                        (1) 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the 

treatment group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the 

years between 2012 and 2016 and 0 otherwise. The vector 𝑋𝑋𝑖𝑖,2011′  contains a vector of county-

level five-year average characteristics as of 2011, and the set of the interactions 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 allow 

the year fixed effects to differ by these county characteristics, which absorb any outcome 

differences after 2011 that are common to certain types of counties (e.g., low-income counties) 

irrespective of the coal transition. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, which 
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absorb the lower order treatment indicator, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡, which absorb 

the lower order term, 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡.  

We also employ a flexible and dynamic event-study framework, which allows us to 

empirically validate that the treatment year is 2012 and to assess pre-trends.  

𝑦𝑦𝑖𝑖,𝑡𝑡 = ∑ 𝛽𝛽𝜏𝜏(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝟏𝟏(𝑇𝑇 = 𝜏𝜏))2016
𝜏𝜏=2010 + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡                         (2) 

where 𝟏𝟏(𝑇𝑇 = 𝜏𝜏) is equal to 1 if the observation falls in year τ and 0 otherwise. The year 

indicators range from 2009 to 2016, and we normalize the effect in 2011 to zero. Note that 

year fixed effects, 𝜈𝜈𝑡𝑡, absorb the lower order term, 𝟏𝟏(𝑇𝑇 = 𝜏𝜏). The time-varying βτs capture any 

systematic differences between the outcomes of the treatment and control groups after 

accounting for county fixed effects, time fixed effects, and different time fixed effects associated 

with the county characteristics. 

We are particularly interested in if access to finance and economic mobility might 

mediate the average treatment effect of the coal transition. With an access-to-finance 

indicator, we estimate the following triple DID specification: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝛾𝛾(𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡)  

           +𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡                                                                   (3) 

where 𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) is equal to one if county i has low access to finance in terms of the 

intensity of local branches and zero otherwise. Note that the county fixed effects absorb the 

lower-order terms of 𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) and 𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖. By replacing 𝟏𝟏(𝐿𝐿𝑃𝑃𝐿𝐿_𝐴𝐴2𝐹𝐹𝑖𝑖) 

with indicators for alternative measures (e.g., mobility), this specification is flexible enough to 

allow us to explore the differential impact of the coal transition on different types of potentially 

vulnerable communities. 
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3.2 Comparison between Treatment and Control 

Table 1 reports the summary statistics of the treatment and control groups. Panel A compares 

the main outcome variables and access-to-finance as well as mobility indicators as of 2011. 

%bias is the standardized percentage bias, and t-tests are for equality of means across the two 

samples. The treatment group includes 207 coal-producing counties, and the control group 

consists of 1,668 counties in the same states that never produced coal as of 2011. The 

treatment and control counties seem to be similar across the vector of characteristics in Table 

1. In particular, all main outcome variables, except private-sector wages, have a standardized 

percentage bias that is less than the 25% rule-of-thumb threshold. Note that our inclusion of 

county fixed effects absorbs any fixed differences in the level of outcome variables between the 

treatment and control counties.  

Panel B compares the five-year average social and economic characteristics of the 

treatment and control groups. These characteristics, such as education, may influence long-

term trends in our outcome variables. As shown in Table 1, the treatment counties have 

substantially lower percentage of minority population, lower household income and home 

value, and lower education attainment. To control for the potentially dynamic role of pre-

treatment differences in these characteristics, we include the interactions 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 in our 

regression specifications, which absorbs differences in outcomes associated with these 

characteristics irrespective of the coal transition. Given that the treatment and control groups 

may differ, we also use propensity score matching (PSM) to construct an alternative control 

group. However, we do not use PSM in our baseline research design because it reduces the 
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statistical power of our tests and the unique combination of characteristics of coal-producing 

counties makes identifying a reliable matched control sample a challenge.  

3.3 Employment and Wages 

We start by analyzing the impact of the coal transition on private-sector employment and 

wages. Table 2 reports the baseline specification results (i.e., Eq. 1). For ease of exposition, we 

normalize employment and wages by their 2009 values (multiplied by 100) and report the 

mean value of each outcome variable 2009 for the treatment group for quantification. 

Columns (1) and (7) show the baseline effects of the coal transition on employment and wages, 

accounting for only the year and county fixed effects. In the post-treatment period from 2012 

to 2016, employment in the treatment group is down on average by 5.46% relative to the 2009 

level (or 1,202 = 5.46%×22,018), and wages are lower on average by 3.00% (or $1,032 = 

3.00%×34,395). These effects are both statistically and economically significant. In 

subsequent columns of the table, we incrementally add controls interacted with year fixed 

effects. In Columns (2) and (8), we further allow the year fixed effects to differ by median 

household income, which absorb any outcome differences after 2011 that are common to 

counties with similar levels of household income (e.g., low-income counties). The estimates for 

employment and wage growth are quantitatively similar: the treatment group on average 

experiences a 4.63% decrease in employment and a 2.99% decline in wages relative to the 

2009 level in the post-treatment period, relative to the control group. In Columns (3) - (5) and 

(9) - (11), we separately allow the year fixed effects to differ by median home value, education, 

or percentage of minority population. In Columns (6) and (12), we account for a saturated 

model that includes time fixed effects interacted with median household income, median 
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home value, education, and percentage of minority population, and find results that are 

consistent with the baseline results in Columns (1) and (7).  

Table 3 presents the dynamic event-study specification results (i.e., Eq. 2) in the same 

fashion as Table 2. We normalize the effect in 2011 to zero. First, prior to 2012, there are no 

systematic differences in both employment and wages between the treatment and control 

groups, supporting the parallel trend assumption. Second, starting from 2012, the treatment 

group experiences decreases in both employment and wages, validating our conjecture that 

2012 is the most appropriate initial post-treatment year. The impact on wages is only 

marginally significant for 2012 and 2013, consistent with sticky wages. Third, the coefficient 

estimates are stable across alternative specifications, suggesting that observable differences 

across counties do not confound the impact of the coal transition. This also supports the 

sufficiency of the simplest baseline specification that accounts for county and year fixed 

effects. Therefore, in the remainder of this report, we focus on this specification. The baseline 

specifications in Columns (1) and (7) show that by 2016, the average employment in the 

treatment group decreases by 7.99% relative to its 2009 mean, which is 1,759 employees (= 

7.99%×22,018); and the average wage by 2016 drops by 5.54% relative to 2009, or $1,905 per 

worker. These effects are statistically and economically significant. To visualize the changing 

trends in employment and wages associated with the coal transition, we plot the time-varying 

βτs, in Panels A and B of Figure 5. 

Although the non-coal-producing counties in the coal states serve as a natural control 

group, for robustness, we explore alternative control groups (again visualized in Figure 3) and 

report the results based on the baseline DID specification (i.e., Eq. 1) in Table 4. Columns (1) 
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and (5) show the effects of the coal transition on employment and wages with the control group 

being the non-coal-producing counties within 100 miles of the treatment counties. In the post-

treatment period from 2012 to 2016 and relative to this alternative control group, employment 

in the treatment group decreases on average by 5.61% relative to the 2009 level (or 1,235 = 

5.61%×22,018), and wages fall on average by 2.09% (or $719 = 2.09%×34,395). Note that when 

the control counties are adjacent to the treatment counties, our estimation could 

underestimate the effects of the coal transition due to the presence of geographic spillovers. 

In Columns (2) and (6), we use the non-coal-producing counties within 200 miles of the 

treatment counties and obtain similar results. In Columns (3) and (7), the control group 

consists of the non-coal producing counties that produce oil and gas, and the results are larger 

economically and stronger statistically. Relative to counties that produce oil and gas, 

employment in coal-producing counties plunges on average by 6.99% relative to the 2009 

level, and wages dip on average by 4.03%. This result is plausible, given that the coal 

transition is in part driven by the switch from coal to natural gas by US power plants. In 

Columns (4) and (8), we report estimates based on a control group matched by the levels and 

trends in population, unemployment rate, and personal income. These estimates are also 

qualitatively similar to those based on the baseline control group in Table 2. Relative to this 

PSM control group, employment in coal-producing counties dropped by 4.70% relative to the 

2009 level, and wages dropped by 2.43%, on average. 

Are there spillover effects from coal to other sectors? We provide initial evidence in 

Table 5. In Columns (1) and (2), we exclude Natural Resources and Mining and re-run our 

baseline regressions. Although QCEW reports employment and wages at the four-digit 
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NAICS level (e.g., NAICS for Coal Mining is 2121), we find that QCEW employment and 

wages are not well populated at this granular level. For instance, for the 207 coal-producing 

counties in the treatment group, annual QCEW data covers 28-47 of these counties between 

2009 and 2016. Therefore, we use aggregated QCEW data to proxy employment and wages 

for non-coal sectors. Specifically, we exclude Natural Resources and Mining (QCEW Code = 

1011) instead of coal mining. Columns (1) and (2) in Table 5 suggest that there are spillovers 

from coal to non-mining sectors in terms of both employment and wages, as there are 

statistically and economically significant decreases in employment and wages in non-mining 

private sectors. We further examine employment and wages in the public sector. To the extent 

that the coal transition affects local economies and therefore potentially state and local taxes, 

we expect that the impacts of the coal transition would be stronger for state and local 

governments. The results are in general consistent with this intuition. For instance, Columns 

(3) and (5) show that while federal employment is down by 0.07%, state and local employment 

decreases by 1.61%, though none of these impacts are statistically significant at conventional 

levels. There are no consistent impacts on wages, consistent with a lack of public sector wage 

sensitivity to local labor market conditions in the private sector.      

Could the changing trends in employment and wages be driven by confounding factors 

that generally impact coal-producing counties irrespective of the coal transition? For instance, 

pollution due to mining could reduce local amenities and result in losses in wages and 

employment. To address this concern, we conduct placebo tests based on alternative historical 

periods. Specifically, we consider three alternative periods, 2000-2005, 2003-2008, and 2006-

2011. In each six-year period, we define the first three years as “the pre-treatment period” and 
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the subsequent three years as “the post-treatment period” and rerun our baseline DID 

regression. The results are reported in Table 6. We find no consistent evidence to falsify our 

main findings in that the coal-producing counties do not generally experience decreases in 

employment and wages relative to non-coal-producing counties in the same states. That is, 

the decreases in employment and wages documented in Table 2 are not likely due to 

confounding factors that generally impact coal-producing counties irrespective of the coal 

transition. 

While the coal transition had a significant aggregate impact on coal production, 

the effects on coal-producing counties were not uniform, in part due to variation in 

their pre-transition industry share of coal production. We therefore explore a 

treatment intensity specification in line with earlier work on acute industrial change 

(e.g., Autor et al. (2013)). Because our baseline specification is based on a static 

difference-in-differences, treatment intensity specifications can further alleviate 

potential concerns about confounding contemporaneous events that might 

differentially affect coal-producing counties. Specifically, we explore the following 

treatment intensity specification:  

  𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝐼𝐼𝑃𝑃𝐼𝐼𝑇𝑇𝑦𝑦𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡                                 (4) 

where 𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝐼𝐼𝑃𝑃𝐼𝐼𝑇𝑇𝑦𝑦𝑖𝑖 is defined as the coal employment of county i in 2011 divided by the coal 

industry total employment in 2011 (multiplied by 100). The coefficient β measures the effect 

of treatment intensity on the treatment group relative to the control group. Table 7 reports 

the regression results in the same fashion as Table 2. Across all specifications, the coefficients 

on the treatment intensity are all statistically significant, consistent with Table 2. The 
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impacts are also economically significant. For instance, based on the baseline specifications 

in Columns (1) and (7), a one standard deviation increase in the treatment intensity is 

associated with a decrease of employment about 4.64% (= 6.02 × 0.77) and a drop of wages by 

3.39% (= 4.40 × 0.77). We also explore a dynamic version of the intensity specification and 

report the time-varying βτs, in Panels C and D of Figure 5. Consistent with the baseline 

dynamic estimates in Panels A and B, prior to 2012, there are no systematic differences in 

both employment and wages between the treatment and control groups, validating the 

parallel trends assumption. Moreover, starting in 2012, the treatment group experiences 

decreases in both employment and wages, validating our conjecture that 2012 is the most 

appropriate initial post-treatment year.  

3.4 Access to Finance and Mobility 

We extend our baseline findings to explore the role of finance and economic mobility in the 

coal transition (i.e., the potential mediating role of access to financial services) with Eq. (3). 

Table 8 presents the regression results for employment. Columns (1) to (3) present the results 

based on alternative measures of access to finance, which suggest that the treatment counties 

with low access to finance experience more negative impacts in the five-year post-treatment 

window. For instance, while employment in non-rural counties decreases by 3.21% in Column 

(3), employment in rural counties declines by additional 4.13%, both statistically and 

economically significant. Column (4) focuses on economic mobility. We find that counties with 

low mobility or more limited local opportunities are more adversely impacted by the coal 

transition: the triple interaction term suggests an incremental 5.85% decrease in employment 

in these counties. We further explore if access to finance and mobility simply reflect the same 
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underlying county characteristics by accounting for both access to finance and mobility in 

Columns (5), (6), and (7). The results suggest that access to finance and economic mobility 

have distinct explanatory power for employment and wage growth, suggesting that they 

capture different aspects of local communities. For instance, in Column (7), when both the 

rural and undeserved indicator and the indicator for low economic mobility are present, both 

remain statistically significant.    

In Table 9, we report results for wages in the same structure as Table 8. First, Columns 

(1) to (3) suggest that the treatment counties with low access to finance experience more 

negative wage impacts. Second, Column (4) show that counties with low economic mobility 

are also more adversely impacted by the coal transition in terms of wages. Third, Columns (5) 

to (7) indicate that access to finance and mobility seem to manifest different drivers of local 

economies, as they both exhibit distinct predictive power. Overall, Tables 8 and 9 suggest that 

the impact of the coal transition on employment and wages is attenuated in counties with 

higher pre-transition access to finance and economic mobility. That is, access to finance and 

local opportunities may reduce the spillover effects of the coal transition. The channels 

through which access to finance and economic mobility affect businesses and communities are 

important questions for future research. 

3.5 Population 

Prior research shows that the forced migration of individuals after exogenous adverse events 

like hurricanes (e.g., Deryugina et al., 2018) has implications for long-run economic growth of 

local communities. We therefore study the impact of the coal transition on population growth. 

To explore the differential effects of the transition across demographic characteristics, we 
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estimate the baseline DID specification not only for the entire county population but also by 

age and race. By age, we divide population into the group of less than 65 and the group of 

equal to or greater than 65. Migration of people less than 65 could result in decreases in the 

labor force and have negative implications for long-run economic growth of local communities. 

By race, we focus on White and Black subpopulations.  

Panel A of Table 10 presents the baseline DID regression results. Column (1) shows 

decreases in population in the treatment group relative to the control group in the post-

treatment period. Specifically, relative to the baseline control group, population in the 

treatment group decreases on average by 1.97% (or 1,268 = 1.97%×64,381) in the post-

treatment period from 2012 to 2016. This effect is both statistically and economically 

significant. Columns (2) and (3) imply that the decreases in population in the treatment group 

are due mainly to the decreases in population of the below-65 age group, which could have 

negative implications for the long-run growth of local communities. Columns (4) and (5) 

suggest drops in both White and Black subpopulations. Overall minority population in the 

coal-producing counties is small, which makes coefficients in the minority regression less 

precisely estimated (e.g., the standard error in the minority regression is more than three 

times as large as the standard error in the White regression).   

In Panel B of Table 10, we further explore the role of access to finance and economic 

mobility with total population as the outcome variable. Interestingly, population losses 

concentrate in the treatment counties with low economic mobility, but not in those with low 

access to finance. Columns (1) to (3) show that the triple interaction terms are statistically 

insignificant for all three access-to-finance measures. Column (4) suggests that counties with 
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low economic mobility experience larger population losses: the triple interaction term 

suggests an additional 2.48% decrease in population in these counties, which is both 

statistically and economically significant. This result is consistent with limited local 

opportunities decreasing the opportunity cost of migration. 

3.6 Mortgage Applications 

We have found negative impacts of the coal transition on employment, wages, and population. 

In this section, we further study the impact on mortgage application, and differentiate these 

effects by race. The baseline regressions are reported in Panel A of Table 11. Consistent with 

negative economic and demographic effects on local communities, the coal transition also 

reduces loan application volume in treatment counties relative to control counties. Column 

(1) suggests that in the post-treatment period, the application volume decreases on average 

by 26.36% (or $12 Million = 26.36%×45.88), both statistically and economically significant. To 

the extent that the housing market is an important economic driver, the negative impact on 

mortgage application growth has implications for long-run growth in these local communities. 

Consistent with estimated decreases in White population described in the previous section, 

we observe that the reduction in mortgage loan application volume is concentrated among 

White applicants in Columns (2) and (3). 

In Panel B of Table 11, we investigate the role of access to finance and economic 

mobility with mortgage outcomes. Columns (1) to (4) show that counties with low access to 

finance or low economic mobility experience larger reductions in mortgage applications. 

Columns (5) to (7) suggest that economic mobility absorbs the explanatory power of access to 

finance for mortgage application volumes. This suggests that the decrease in mortgage 
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applications may be driven by a deterioration in local economic conditions and outward 

economic mobility rather than a decline in the availability of credit.  

4 Conclusion 

In this project, we propose to exploit arguably the largest energy transition in recent U.S. 

history as a laboratory to estimate the impact of energy transitions on the financial well-being 

of affected communities. We explore the effects of the coal transition on household 

employment and wages, migration, and mortgage loan originations. Our preliminary 

evidence suggests that the coal transition had an economically significant and adverse 

impacts on household employment and wages, net migration of working age individuals, and 

mortgage loan originations. These adverse impacts are largest in counties with limited pre-

transition access to finance and economic mobility, consistent positive roles for finance and 

economic opportunities in mitigating the negative effects of the coal transition. Our findings 

contribute to the emerging literature on the effects of energy transitions on the real economy 

as well as the role of finance in local economic recoveries. They also highlight the importance 

of supply chain linkages in transmitting climate policies and technological innovation and 

may have direct implications for other potential energy transitions.  
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6 Data Appendix  

Measure  Definition Source Period 
Outcomes:    
     Employment Employment QCEW 2001-2020 
     Wage Wage QCEW 2001-2020 
     Population Population Census  1994-2020 
     Origination Origination volume HMDA 1991-2020 
         
Access to Finance:    
     Deposits Total deposits FDIC  1994-2020 
     Branches Number of branches FDIC  1994-2020 
     Large Bank Share Branch share of banks with >$1B 

in total assets 
FDIC, FR-Y9C 1994-2020 

    
County Characteristics:    
     Rural Rural and underserved counties CFPB 2012 
     Mobility Intergenerational mobility Chetty et al. (2014)  1996-2012 
     Population Five-year average population ACS 2011 
     Percent Black Five-year average percent Black ACS 2011 
     Median Age Five-year average median age ACS 2011 
     Median Income Five-year average median income ACS 2011 
     Median Home Value  Five-year average home value ACS 2011 
     Income Inequality Five-year average inequality ACS 2011 
     Single Parent Five-year average single percent  ACS 2011 
     Education  Five-year average education  ACS 2011 
    
SES/Minority status:    
     Black African American HMDA/Census 1991-2020 
     White White American HMDA/Census 1991-2020 
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7 Figures and Tables 

 

 

Figure 1 Coal Production and Employment from 2001 to 2020 
Figure 1 plots the number of active mines, coal production, the number of coal employees, and the 
number of coal labor hours in all coal-producing states in the US from 2001 to 2020, with the vertical 
line indicating 2011. To visualize the common trend in these variables in different units, we normalize 
each variable by its 2000 value.   
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Figure 2 Treatment and Baseline Control Groups 
We define the treatment group as the set of coal-producing counties in 2011 exposed to the coal 
transition, and define the baseline control group as the non-coal-producing counties in the 25 coal 
states. 
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Figure 3 Alternative Control Groups 
We explore four alternative control groups: (1) non-coal-producing counties within 100 miles of the 
treatment counties, (2) non-coal-producing counties within 200 miles of the treatment counties, (3) 
non-coal-producing counties that produce oil and gas, and (4) non-coal-producing counties in the same 
states based on propensity score matching (PSM). For PSM, we focus on the levels and trends in 
population, unemployment rate, and personal income over the period from 2009 to 2011 (i.e., the pre-
treatment period). This figure shows the treatment (red) and alternative control groups (beige).  
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Figure 4 Access to Finance and Mobility 
We explore three alternative measures of access to finance. First, we use the number of local branches 
from FDIC. More specifically, we divide all the counties in the US at the median by the number of local 
branches in 2011. We classify counties with the number of local branches below the US median as the 
counties with low access to finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps 
capture access to large banks, which are defined as banks with total assets of more than $1 Billion. 
We compute the share of branches operated by large banks in each county and classify counties with 
the share of large-bank branches below the US median in 2011 as the counties with low access to large 
banks (i.e., 1 (Low_A2F_LB) = 1). Third, we construct a measure based on the rural and underserved 
counties list from CFPB. If a county is classified by CFPB as rural, the rural indicator, 1 (Rural), is 
set to one. We also account for economic mobility using the intergenerational economic mobility data 
from Chetty, Hendren, Kline, and Saez (2014). We define counties with the intergenerational mobility 
below the US median as the counties with low mobility (i.e., 1 (Low_Mobility) = 1).  
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Figure 5 Treatment Effects of Coal Transition 
Our regression specification in Panels A and B is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = ∑ 𝛽𝛽𝜏𝜏(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 1(𝑇𝑇 = 𝜏𝜏))2016
𝜏𝜏=2010 + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 1(𝑇𝑇 = 𝜏𝜏) is equal to 1 if the observation falls in year 
τ and 0 otherwise. The year indicators range from 2009 to 2016, and we normalize the effect in 2011 
to zero. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. In Panels C 
and D, we estimate the intensity variant of the model: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = ∑ 𝛽𝛽𝜏𝜏(𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝐼𝐼𝑃𝑃𝐼𝐼𝑇𝑇𝑦𝑦𝑖𝑖 × 1(𝑇𝑇 = 𝜏𝜏))2016
𝜏𝜏=2010 + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where Intensityi is defined as the coal employment of county i in 2011 divided by the coal industry total 
employment in 2011 (multiplied by 100). For ease of interpretation, we normalize employment and 
wages by their 2009 values (multiplied by 100). Standard errors are clustered spatially following 
Conley (1999). We allow for spatial correlation of up to 200 kilometers around the county’s centroid 
and for autocorrelation of order 5 for our county-year panel data. 
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Table 1 County Characteristics of Treatment and Control 
Table 1 reports the summary statistics of the treatment and control groups. Panel A compares the 
main outcome variables and access-to-finance as well as mobility indicators as of 2011. Panel B 
compares the five-year average social and economic characteristics of the treatment and control 
groups. %bias is the standardized percentage bias, and t-tests are for equality of means in the two 
samples.  

 Mean    t-test 
 Treat Control  %bias  t p>|t| 

 
Panel A: County Characteristics as of 2011 
Employment – Private 22,182 25,853  -4.50  -0.51 0.61 
Wage -Private 36,930 34,194  31.40  4.08 0.00 
Population 65,141 76,194  -5.70  -0.63 0.53 
Population >=65 10,236 9,635  2.50  0.30 0.76 
Population <65 54,906 66,559  -6.80  -0.75 0.45 
Population White 56,446 60,116  -2.50  -0.29 0.78 
Population Black 5,553 10,951  -12.80  -1.40 0.16 
Application ($ Million) 45.24 74.77  -12.20  -1.33 0.18 
Denial Rate (%) 18.63 17.33  10.80  1.40 0.16 
Origination ($ Million) 37.51 62.04  -12.20  -1.34 0.18 
1 (Low_A2F) 0.43 0.56  -26.20  -3.55 0.00 
1 (Low_A2F_LB) 0.48 0.57  -18.20  -2.48 0.01 
1 (Rural) 0.55 0.55  -0.70  -0.09 0.93 
1 (Low_Mobility) 0.43 0.42  2.40  0.32 0.75 
        
Panel B: Five-Year Average Characterize between 2007 and 2011  
Population 64,914 74,777  -5.20  -0.58 0.56 
Percent Black 0.04 0.10  -46.20  -5.07 0.00 
Median Age 40.36 39.74  14.00  1.72 0.09 
Median Income 40,850 44,777  -35.70  -4.40 0.00 
Median Home Value 100,000 120,000  -30.10  -3.59 0.00 
Inequality 12.74 12.56  5.70  0.74 0.46 
Percent Single Parent 30.28 31.32  -12.80  -1.51 0.13 
Education 23.03 25.57  -29.30  -3.78 0.00 
        
Number of Counties 207 1,668      
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Table 2 Baseline Regressions: Private Sector Employment and Wages 
Our baseline regression is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment group and 0 for counties in the control 
group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 and 2016 and 0 otherwise. The vector 𝑋𝑋𝑖𝑖,2011′  contains a vector of county-level 
five-year average characteristics as of 2011, and the set of the interactions 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 allow the year fixed effects to differ by these county 
characteristics. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. For ease of interpretation, we normalize 
employment and wage by their 2009 values (multiplied by 100). Standard errors in parentheses are clustered spatially following Conley 
(1999). We allow for spatial correlation of up to 200 kilometers around the county’s centroid and for autocorrelation of order 5 for our county-
year panel data. *** p<0.01, ** p<0.05, * p<0.1 

 
   Employment      Wages   
 (1) (2) (3) (4) (5) (6)  (7) (8) (9) (10) (11) (12) 
              

Post × Treat -5.46*** -4.63*** -5.28*** -5.08*** -6.20*** -5.22***  -3.00*** -2.99*** -3.31*** -3.02*** -3.43*** -3.40*** 
 (1.13) (0.98) (1.10) (1.04) (1.17) (1.01)  (1.05) (1.03) (1.07) (1.04) (1.06) (0.98) 
              
Observations 14,912 14,912 14,912 14,912 14,912 14,912  14,912 14,912 14,912 14,912 14,912 14,912 
Adjusted R-squared 0.596 0.987 0.987 0.987 0.987 0.987  0.646 0.995 0.995 0.995 0.995 0.995 
Outcome in 2009 22018 22018 22018 22018 22018 22018  34395 34395 34395 34395 34395 34395 
Year FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
Income-Year FE No Yes No No No Yes  No Yes No No No Yes 
Home Value-Year FE No No Yes No No Yes  No No Yes No No Yes 
Education-Year FE No No No Yes No Yes  No No No Yes No Yes 
%Black-Year FE No No No No Yes Yes  No No No No Yes Yes 
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Table 3 Dynamic Specification 
Our dynamic regression is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = ∑ 𝛽𝛽𝜏𝜏(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 1(𝑇𝑇 = 𝜏𝜏))2016
𝜏𝜏=2010 + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment group and 0 for counties in the control 
group, and 1(𝑇𝑇 = 𝜏𝜏) is equal to 1 if the observation falls in year τ and 0 otherwise. The year indicators range from 2009 to 2016, and we 
normalize the effect in 2011 to zero. The vector 𝑋𝑋𝑖𝑖,2011′  contains a vector of county-level five-year average characteristics as of 2011, and the 
set of the interactions 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 allow the year fixed effects to differ by these county characteristics. The specification also includes county fixed 
effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. For ease of interpretation, we normalize employment and wage by their 2009 values (multiplied by 100). 
Standard errors in parentheses are clustered spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers around 
the county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** p<0.05, * p<0.1 

   Employment      Wages   
 (1) (2) (3) (4) (5) (6)  (7) (8) (9) (10) (11) (12) 
              

2009 0.46 0.30 0.70 0.48 0.81 0.59  -0.60 -0.54 -0.30 -0.50 -0.34 -0.28 
 (1.42) (1.22) (1.41) (1.32) (1.46) (1.23)  (1.36) (1.33) (1.39) (1.35) (1.38) (1.26) 
2010 0.47 0.29 0.54 0.43 0.74 0.53  -0.71 -0.74 -0.55 -0.70 -0.50 -0.55 
 (1.26) (1.07) (1.23) (1.15) (1.30) (1.09)  (1.31) (1.26) (1.32) (1.28) (1.31) (1.20) 
2012 -2.24** -1.97** -2.29** -2.13** -2.45** -2.08**  -1.92* -1.85* -2.03* -1.89* -2.02* -1.89* 
 (1.02) (0.89) (0.96) (0.93) (1.04) (0.92)  (1.12) (1.11) (1.11) (1.10) (1.12) (1.10) 
2013 -3.35*** -2.86*** -3.31*** -3.11*** -3.81*** -3.20***  -2.04* -2.02* -2.19* -2.00* -2.34** -2.31** 
 (1.12) (1.02) (1.11) (1.05) (1.15) (1.01)  (1.17) (1.15) (1.18) (1.15) (1.18) (1.13) 
2014 -5.27*** -4.53*** -5.19*** -5.05*** -6.00*** -5.15***  -3.24** -3.22** -3.54** -3.33** -3.62*** -3.60*** 
 (1.34) (1.21) (1.35) (1.29) (1.40) (1.25)  (1.38) (1.35) (1.40) (1.37) (1.39) (1.30) 
2015 -6.90*** -5.94*** -6.42*** -6.38*** -7.62*** -6.54***  -4.43*** -4.40*** -4.55*** -4.39*** -4.81*** -4.79*** 
 (1.44) (1.24) (1.38) (1.32) (1.47) (1.27)  (1.50) (1.47) (1.51) (1.47) (1.51) (1.44) 
2016 -7.99*** -6.85*** -7.11*** -7.23*** -8.54*** -7.26***  -5.54*** -5.60*** -5.62*** -5.49*** -5.75*** -5.81*** 
 (1.70) (1.46) (1.57) (1.51) (1.73) (1.50)  (1.69) (1.67) (1.69) (1.65) (1.70) (1.64) 
              
Observations 14,912 14,912 14,912 14,912 14,912 14,912  14,912 14,912 14,912 14,912 14,912 14,912 
Adjusted R-squared 0.597 0.987 0.987 0.987 0.987 0.987  0.646 0.995 0.995 0.995 0.995 0.995 
Year FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
Income-Year FE No Yes No No No Yes  No Yes No No No Yes 
Home Value-Year FE No No Yes No No Yes  No No Yes No No Yes 
Education-Year FE No No No Yes No Yes  No No No Yes No Yes 
Black-Year FE No No No No Yes Yes  No No No No Yes Yes 
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Table 4 Alternative Control Groups 
Our baseline regression is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 
and 2016 and 0 otherwise. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 
𝜈𝜈𝑡𝑡. We explore four alternative control groups: (1) non-coal-producing counties within 100 miles of the 
treatment counties, (2) non-coal-producing counties within 200 miles of the treatment counties, (3) 
non-coal-producing counties that produce oil and gas, and (4) non-coal-producing counties in the same 
states based on propensity score matching (PSM). For PSM, we focus on the levels and trends in 
population, unemployment rate, and personal income over the period from 2009 to 2011 (i.e., the pre-
treatment period). For ease of interpretation, we normalize employment and wage by their 2009 values 
(multiplied by 100). Standard errors in parentheses are clustered spatially following Conley (1999). 
We allow for spatial correlation of up to 200 kilometers around the county’s centroid and for 
autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** p<0.05, * p<0.1 
 

  Employment    Wages  
 100 Miles 200 Miles Oil & Gas PSM  100 Miles 200 Miles Oil & Gas PSM 
 (1) (2) (3) (4)  (5) (6) (7) (8) 
          

Post × Treat -5.61*** -5.26*** -6.99*** -4.70***  -2.09** -2.13** -4.03*** -2.43* 
 (1.20) (1.12) (1.24) (1.34)  (1.05) (1.04) (1.10) (1.28) 
          
Observations 10,128 16,744 10,408 2,584  10,128 16,744 10,408 2,584 
Adjusted R-squared 0.616 0.586 0.606 0.497  0.648 0.659 0.645 0.619 
Outcome in 2009 22018 22018 22018 22071  34395 34395 34395 34387 
Year FE Yes Yes Yes Yes  Yes Yes Yes Yes 
County FE Yes Yes Yes Yes  Yes Yes Yes Yes 
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Table 5 Employment and Wages in Non-Mining and Public Sectors 
Our baseline regression is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 
and 2016 and 0 otherwise. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 
𝜈𝜈𝑡𝑡. We use more aggregate QCEW data to proxy employment and wages for non-coal sectors. 
Specifically, we exclude Natural Resources and Mining (QCEW Code = 1011) instead of coal mining in 
Columns (1) and (2). For ease of interpretation, we normalize employment and wage by their 2009 
values (multiplied by 100). Standard errors in parentheses are clustered spatially following Conley 
(1999). We allow for spatial correlation of up to 200 kilometers around the county’s centroid and for 
autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** p<0.05, * p<0.1 
 

 Non-Mining  Federal  State & Local 
 Employment Wages  Employment Wages  Employment Wages 
 (1) (2)  (3) (4)  (5) (6) 
         

Post × Treat -4.00*** -2.12***  -0.07 -0.33  -1.61 0.45 
 (0.87) (0.73)  (0.85) (0.35)  (1.55) (0.36) 
         
Observations 14,936 14,888  14,944 14,944  13,184 12,328 
Adjusted R-squared 0.708 0.670  0.633 0.665  0.533 0.727 
Outcome in 2009 21342 31807  475 48913  4164 33787 
Year FE Yes Yes  Yes Yes  Yes Yes 
County FE Yes Yes  Yes Yes  Yes Yes 
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Table 6 Placebo Tests 
Our baseline regression is:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 
and 2016 and 0 otherwise. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 
𝜈𝜈𝑡𝑡. We conduct placebo tests based on alternative historical periods. Specifically, we consider three 
alternative periods, 2000-2005, 2003-2008, and 2006-2011. In each six-year period, we define the first 
three years as “the pre-treatment period” and the subsequent three years as “the post-treatment 
period” and rerun our baseline DID regression. For ease of interpretation, we normalize employment 
and wage by their initial values (multiplied by 100). Standard errors in parentheses are clustered 
spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers around the 
county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** 
p<0.05, * p<0.1 
 

 2000-2005  2003-2008  2006-2011 
 Employment Wages  Employment Wages  Employment Wages 
 (1) (2)  (3) (4)  (5) (6) 
         

Post × Treat -0.02 -0.10  -0.59 -0.02  0.56 2.16*** 
 (0.53) (0.52)  (0.64) (0.66)  (0.55) (0.63) 
         
Observations 11,172 11,172  11,154 11,154  11,130 11,130 
Adjusted R-squared 0.517 0.581  0.505 0.665  0.503 0.600 
Outcome in 2009 22785 25025  22392 27394  23045 30993 
Year FE Yes Yes  Yes Yes  Yes Yes 
County FE Yes Yes  Yes Yes  Yes Yes 
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Table 7 Treatment Intensity Specification 
We explore the following treatment intensity specification:  

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝐼𝐼𝑃𝑃𝐼𝐼𝑇𝑇𝑦𝑦𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 and 2016 and 0 otherwise. 
𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝐼𝐼𝑃𝑃𝐼𝐼𝑇𝑇𝑦𝑦𝑖𝑖 is defined as the coal employment of county i in 2011 divided by the coal industry total employment in 2011 (multiplied by 100). 
The vector 𝑋𝑋𝑖𝑖,2011′  contains a vector of county-level five-year average characteristics as of 2011, and the set of the interactions 𝑋𝑋𝑖𝑖,2011′ 𝜈𝜈𝑡𝑡 allow 
the year fixed effects to differ by these county characteristics. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. 
For ease of interpretation, we normalize employment and wage by their initial values (multiplied by 100). Standard errors in parentheses are 
clustered spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers around the county’s centroid and for 
autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** p<0.05, * p<0.1 

   Employment      Wages   
 (1) (2) (3) (4) (5) (6)  (7) (8) (9) (10) (11) (12) 
              

Post × Intensity -6.02*** -5.63*** -5.90*** -5.71*** -6.39*** -6.00***  -4.40*** -4.39*** -4.59*** -4.42*** -4.61*** -4.63*** 
 (1.45) (1.22) (1.37) (1.35) (1.49) (1.24)  (1.21) (1.20) (1.25) (1.20) (1.22) (1.18) 
              
Observations 14,912 14,912 14,912 14,912 14,912 14,912  14,912 14,912 14,912 14,912 14,912 14,912 
Adjusted R-squared 0.596 0.987 0.987 0.987 0.987 0.987  0.647 0.995 0.995 0.995 0.995 0.995 
Outcome in 2009 22018 22018 22018 22018 22018 22018  34395 34395 34395 34395 34395 34395 
Year FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes  Yes Yes Yes Yes Yes Yes 
Income-Year FE No Yes No No No Yes  No Yes No No No Yes 
Home Value-Year FE No No Yes No No Yes  No No Yes No No Yes 
Education-Year FE No No No Yes No Yes  No No No Yes No Yes 
%Black-Year FE No No No No Yes Yes  No No No No Yes Yes 
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Table 8 Access to Finance, Mobility, and Employment 
We estimate the following triple DID specification: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝛾𝛾(Indicatori × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 and 
2016 and 0 otherwise, and 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 is a measure of access to finance or economic mobility. We explore 
three alternative measures of access to finance. First, we use the number of local branches from FDIC. 
More specifically, we divide all the counties in the US at the median by the number of local branches 
in 2011. We classify counties with the number of local branches below the US median as the counties 
with low access to finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps capture 
access to large banks, which are defined as banks with total assets of more than $1 Billion. We compute 
the share of branches operated by large banks in each county and classify counties with the share of 
large-bank branches below the US median in 2011 as the counties with low access to large banks (i.e., 
1 (Low_A2F_LB) = 1). Third, we construct a measure based on the rural and underserved counties list 
from CFPB. If a county is classified by CFPB as rural, the rural indicator, 1 (Rural), is set to one. We 
also account for economic mobility using the intergenerational economic mobility data from Chetty, 
Hendren, Kline, and Saez (2014). We define counties with the intergenerational mobility below the US 
median as the counties with low mobility (i.e., 1 (Low_Mobility) = 1). The specification also includes 
county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. For ease of interpretation, we normalize employment 
and wage by their 2009 values (multiplied by 100). Standard errors in parentheses are clustered 
spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers around the 
county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** 
p<0.05, * p<0.1 

 
 (1) (2) (3) (4) (5) (6) (7) 
        
Treat × Post -4.62*** -4.86*** -3.21*** -2.32*** -2.46*** -1.77** -1.45** 
 (0.76) (0.88) (0.71) (0.89) (0.68) (0.79) (0.70) 
1 (Low_A2F) × Post 0.55    -1.00**   
 (0.69)    (0.49)   
1 (Low_A2F) × Treat × Post -1.82*    0.02   
 (1.00)    (0.99)   
1 (Low_A2F_LB) × Post  -1.33***    -1.23**  
  (0.45)    (0.50)  
1 (Low_A2F_LB) × Treat × Post  -1.49    -1.49  
  (0.97)    (0.94)  
1 (Rural) × Post   -0.35    -2.01*** 
   (0.72)    (0.50) 
1 (Rural) × Treat × Post   -4.13***    -2.30** 
   (1.09)    (1.01) 
1 (Low_Mobility) × Post    3.35*** 3.39*** 3.39*** 3.36*** 
    (0.44) (0.43) (0.43) (0.44) 
1 (Low_Mobility) × Treat × Post    -5.85*** -5.72*** -5.69*** -4.79*** 
    (0.53) (0.51) (0.50) (0.47) 
        
Observations 14,912 14,912 14,912 12,952 12,952 12,952 12,952 
Adjusted R-squared 0.596 0.596 0.596 0.576 0.576 0.576 0.576 
Outcome in 2009 22018 22018 22018 22647 22647 22647 22647 
Year FE Yes Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes Yes 

 

  



45 
 

Table 9 Access to Finance, Mobility, and Wages 
We estimate the following triple DID specification: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝛾𝛾(Indicatori × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 and 
2016 and 0 otherwise, and 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 is a measure of access to finance or economic mobility. We explore 
three alternative measures of access to finance. First, we use the number of local branches from FDIC. 
More specifically, we divide all the counties in the US at the median by the number of local branches 
in 2011. We classify counties with the number of local branches below the US median as the counties 
with low access to finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps capture 
access to large banks, which are defined as banks with total assets of more than $1 Billion. We compute 
the share of branches operated by large banks in each county and classify counties with the share of 
large-bank branches below the US median in 2011 as the counties with low access to large banks (i.e., 
1 (Low_A2F_LB) = 1). Third, we construct a measure based on the rural and underserved counties list 
from CFPB. If a county is classified by CFPB as rural, the rural indicator, 1 (Rural), is set to one. We 
also account for economic mobility using the intergenerational economic mobility data from Chetty, 
Hendren, Kline, and Saez (2014). We define counties with the intergenerational mobility below the US 
median as the counties with low mobility (i.e., 1 (Low_Mobility) = 1). The specification also includes 
county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 𝜈𝜈𝑡𝑡. For ease of interpretation, we normalize employment 
and wage by their 2009 values (multiplied by 100). Standard errors in parentheses are clustered 
spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers around the 
county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** p<0.01, ** 
p<0.05, * p<0.1 

 (1) (2) (3) (4) (5) (6) (7) 
        
Treat × Post -1.40*** -0.20 0.18 -0.79 -0.01 1.36** 1.30** 
 (0.53) (0.75) (0.63) (0.78) (0.49) (0.66) (0.60) 
1 (Low_A2F) × Post 3.62***    2.37***   
 (0.40)    (0.31)   
1 (Low_A2F) × Treat × Post -2.69**    -1.41   
 (1.26)    (1.24)   
1 (Low_A2F_LB) × Post  2.64***    1.98***  
  (0.36)    (0.31)  
1 (Low_A2F_LB) × Treat × Post  -5.35***    -4.57***  
  (1.12)    (1.04)  
1 (Rural) × Post   3.81***    2.59*** 
   (0.40)    (0.30) 
1 (Rural) × Treat × Post   -5.80***    -4.59*** 
   (0.96)    (0.85) 
1 (Low_Mobility) × Post    1.67*** 1.57*** 1.60*** 1.66*** 
    (0.28) (0.27) (0.28) (0.28) 
1 (Low_Mobility) × Treat × Post    -3.61*** -3.68*** -3.34*** -3.10*** 
    (0.71) (0.62) (0.67) (0.60) 
        
Observations 14,912 14,912 14,912 12,952 12,952 12,952 12,952 
Adjusted R-squared 0.650 0.648 0.651 0.703 0.703 0.703 0.703 
Outcome in 2009 34395 34395 34395 34437 34437 34437 34437 
Year FE Yes Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes Yes 
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Table 10 Demographic Effects 
We estimate the baseline specification in Panel A:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 
and 2016 and 0 otherwise. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 
𝜈𝜈𝑡𝑡. We estimate the following triple DID specification in Panel B: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝛾𝛾(Indicatori × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 is a measure of access to finance or economic mobility. We explore three alternative 
measures of access to finance. First, we use the number of local branches from FDIC. More specifically, 
we divide all the counties in the US at the median by the number of local branches in 2011. We classify 
counties with the number of local branches below the US median as the counties with low access to 
finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps capture access to large banks, 
which are defined as banks with total assets of more than $1 Billion. We compute the share of branches 
operated by large banks in each county and classify counties with the share of large-bank branches 
below the US median in 2011 as the counties with low access to large banks (i.e., 1 (Low_A2F_LB) = 
1). Third, we construct a measure based on the rural and underserved counties list from CFPB. If a 
county is classified by CFPB as rural, the rural indicator, 1 (Rural), is set to one. We also account for 
economic mobility using the intergenerational economic mobility data from Chetty, Hendren, Kline, 
and Saez (2014). We define counties with the intergenerational mobility below the US median as the 
counties with low mobility (i.e., 1 (Low_Mobility) = 1). For ease of interpretation, we normalize 
employment and wage by their 2009 values (multiplied by 100). Standard errors in parentheses are 
clustered spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers 
around the county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** 
p<0.01, ** p<0.05, * p<0.1 

 

 
Panel A: Baseline regressions 
 

 All <65 >=65 White Black 
 (1) (2) (3) (4) (5) 
      

Treat × Post -1.97*** -1.96*** -0.81 -1.53*** -4.32*** 
 (0.39) (0.38) (0.56) (0.33) (1.46) 
      
Observations 14,952 14,952 14,952 14,952 14,952 
Adjusted R-squared 0.658 0.723 0.791 0.769 0.679 
Outcome in 2009 64381 54374 10007 56278 5440 
Year FE Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes 
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Panel B: Access to finance and mobility 
 
 (1) (2) (3) (4) 
     
Treat × Post -2.29*** -2.51*** -2.08*** -0.74*** 
 (0.31) (0.29) (0.24) (0.26) 
1 (Low_A2F) × Post -0.90***    
 (0.24)    
1 (Low_A2F) × Treat × Post 0.49    
 (0.38)    
1 (Low_A2F_LB) × Post  -1.44***   
  (0.19)   
1 (Low_A2F_LB) × Treat × Post  0.85*   
  (0.47)   
1 (Rural) × Post   -1.12***  
   (0.28)  
1 (Rural) × Treat × Post   0.20  
   (0.44)  
1 (Low_Mobility) × Post    2.08*** 
    (0.21) 
1 (Low_Mobility) × Treat × Post    -2.48*** 
    (0.34) 
     
Observations 14,952 14,952 14,952 12,960 
Adjusted R-squared 0.659 0.661 0.660 0.675 
Outcome in 2009 64381 64381 64381 66150 
Year FE Yes Yes Yes Yes 
County FE Yes Yes Yes Yes 
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Table 11 Mortgage Application 
We estimate the baseline specification in Panel A:     

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡 

where 𝑦𝑦𝑖𝑖,𝑡𝑡 is an outcome variable for county i in year t, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 is equal to 1 for counties in the treatment 
group and 0 for counties in the control group, and 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡 takes the value of 1 for the years between 2012 
and 2016 and 0 otherwise. The specification also includes county fixed effects, 𝜐𝜐𝑖𝑖, and year fixed effects, 
𝜈𝜈𝑡𝑡. We estimate the following triple DID specification in Panel B: 

𝑦𝑦𝑖𝑖,𝑡𝑡 = 𝛽𝛽(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 × 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝛾𝛾(Indicatori × 𝑃𝑃𝑃𝑃𝑃𝑃𝑇𝑇𝑡𝑡) + 𝜐𝜐𝑖𝑖 + 𝜈𝜈𝑡𝑡 + 𝜀𝜀𝑖𝑖,𝑡𝑡  

where 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑇𝑇𝑇𝑇𝑃𝑃𝑇𝑇𝑖𝑖 is a measure of access to finance or economic mobility. We explore three alternative 
measures of access to finance. First, we use the number of local branches from FDIC. More specifically, 
we divide all the counties in the US at the median by the number of local branches in 2011. We classify 
counties with the number of local branches below the US median as the counties with low access to 
finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps capture access to large banks, 
which are defined as banks with total assets of more than $1 Billion. We compute the share of branches 
operated by large banks in each county and classify counties with the share of large-bank branches 
below the US median in 2011 as the counties with low access to large banks (i.e., 1 (Low_A2F_LB) = 
1). Third, we construct a measure based on the rural and underserved counties list from CFPB. If a 
county is classified by CFPB as rural, the rural indicator, 1 (Rural), is set to one. We also account for 
economic mobility using the intergenerational economic mobility data from Chetty, Hendren, Kline, 
and Saez (2014). We define counties with the intergenerational mobility below the US median as the 
counties with low mobility (i.e., 1 (Low_Mobility) = 1). For ease of interpretation, we normalize 
employment and wage by their 2009 values (multiplied by 100). Standard errors in parentheses are 
clustered spatially following Conley (1999). We allow for spatial correlation of up to 200 kilometers 
around the county’s centroid and for autocorrelation of order 5 for our county-year panel data. *** 
p<0.01, ** p<0.05, * p<0.1 

 
Panel A: Baseline regressions 
 

 All White Black 
 (1) (2) (3) 
    

Treat × Post -26.36*** -27.10*** -16.41 
 (4.74) (4.59) (13.51) 
    
Observations 14,776 14,752 7,360 
Adjusted R-squared 0.564 0.544 0.521 
Outcome in 2009 45.88 38.49 1.79 
Year FE Yes Yes Yes 
County FE Yes Yes Yes 
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Panel B: Access to finance and mobility 
        
 (1) (2) (3) (4) (5) (6) (7) 
        
Treat × Post -20.02*** -17.82*** -16.42*** -16.33*** -15.86*** -13.02*** -12.71*** 
 (2.97) (3.38) (2.84) (4.16) (3.33) (3.72) (3.30) 
1 (Low_A2F) × Post 13.29***    0.91   
 (4.51)    (3.95)   
1 (Low_A2F) × Treat × Post -11.09*    -1.06   
 (6.04)    (5.42)   
1 (Low_A2F_LB) × Post  17.09***    6.76*  
  (4.10)    (3.56)  
1 (Low_A2F_LB) × Treat × Post  -14.82**    -6.33  
  (6.18)    (5.03)  
1 (Rural) × Post   15.19***    2.92 
   (4.47)    (3.77) 
1 (Rural) × Treat × Post   -18.26***    -8.14 
   (5.85)    (5.09) 
1 (Low_Mobility) × Post    9.32*** 9.28*** 9.08*** 9.30*** 
    (3.27) (3.38) (3.34) (3.29) 
1 (Low_Mobility) × Treat × Post    -10.44** -10.37** -10.23** -9.13* 
    (5.10) (5.06) (5.13) (4.87) 
        
Observations 14,776 14,776 14,776 12,968 12,968 12,968 12,968 
Adjusted R-squared 0.565 0.565 0.565 0.579 0.579 0.579 0.579 
Outcome in 2009 45.88 45.88 45.88 47.16 47.16 47.16 47.16 
Year FE Yes Yes Yes Yes Yes Yes Yes 
County FE Yes Yes Yes Yes Yes Yes Yes 
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Table A1 Correlations of Access to Finance and Economic Mobility 
Table A1 shows the correlation matrix of access-to-finance and mobility measures. We explore three 
alternative measures of access to finance. First, we use the number of local branches from FDIC. More 
specifically, we divide all the counties in the US at the median by the number of local branches in 
2011. We classify counties with the number of local branches below the US median as the counties 
with low access to finance (i.e., 1 (Low_A2F) = 1). Second, we consider a measure that helps capture 
access to large banks, which are defined as banks with total assets of more than $1 Billion. We compute 
the share of branches operated by large banks in each county and classify counties with the share of 
large-bank branches below the US median in 2011 as the counties with low access to large banks (i.e., 
1 (Low_A2F_LB) = 1). Third, we construct a measure based on the rural and underserved counties list 
from CFPB. If a county is classified by CFPB as rural, the rural indicator, 1 (Rural), is set to one. We 
also account for economic mobility using the intergenerational economic mobility data from Chetty, 
Hendren, Kline, and Saez (2014). We define counties with the intergenerational mobility below the US 
median as the counties with low mobility (i.e., 1 (Low_Mobility) = 1). 

 
1 (Low_A2F) 1 (Low_A2F_LB) 1 (Rural)     

1 (Low_A2F_LB) 0.25 
  

1 (Rural) 0.43 0.35 
 

1 (Low_Mobility) 0.06 0.04 0.04 
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Figure A1 Operations of Alpha Natural Resources 
Alpha Natural Resources, Inc. (ANR) was at one time one of the largest coal mining companies in the 
U.S. with operations in Pennsylvania, West Virginia, Kentucky, Tennessee, Wyoming, and Colorado. 
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Figure A2 Production of Alpha Natural Resources 
ANR coal production dropped by more than 50% during the coal transition.     
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Figure A3 Employment and Wages in Counties with ANR Operations 
We plot average employment and wages in counties with ANR operations against that of non-coal-
producing counties from coal-producing states in Figure A3. 

 

 

 

 


