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Abstract

The net-zero transition is going to bring great environmental and economic benefits, but also
important policy challenges. One particularly acute challenge could be managing the potential
economic and employment impact of the transition on coal-dependent communities. Appalachia
provides a key case study to understand the policy implications of phasing out coal. This region has
seen an important decline in coal employment, and has experienced consistently high unemployment
and poverty rates. As such, it is recipient of federal grants through the Partnerships for Opportunity
and Workforce and Economic Revitalization (POWER) Initiative, specifically aimed at revitalizing
coal communities. I estimate that unemployment rate decreases on average by 4.2% five years
following the announcement of the first POWER project. The cost per job of the POWER Initiative
is estimated at USD 16544 implying it is a cost-effective measure for creating jobs. This suggests
that the POWER Initiative could be scaled up for additional impact.
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1 Introduction

Phasing out coal is a key lever of climate policy. However, the phase-out of coal could have significant
negative impacts on coal-dependent regions. As such, the transition to net-zero emissions is expected
to have substantial economic and social impacts. The Appalachian region in the United States provides
a pertinent case study of the changing coal economy. Studying it can inform our understanding of the
economic adjustments that could result from environmental policy (Weber, 2020). The Appalachian coal
industry and coal employment have been declining due to the adoption of less labor-intensive mining
practices, decreasing natural gas and renewable energy prices, as well as due to more stringent federal
environmental regulation. At the same time, the Appalachian region has some of the most economically
vulnerable communities in the United States, with high poverty rates and weak economic growth. Given
the persistent economic distress that coal mining communities have been experiencing, the Partnerships
for Opportunity and Workforce and Economic Revitalization (POWER) Initiative specifically targets
areas hit by the decline in the coal industry. The initiative aims to re-skill workers, to diversify the
economy and to develop modern infrastructure, among others. Between 2015 and 2023, the Appalachian
Regional Commission has provided USD 420 million through 507 grants within the POWER Initiative
(Appalachian Regional Commission, 2023d).

Does the POWER Initiative improve employment outcomes? To investigate this question I employ
an estimation method proposed by de Chaisemartin and d’Haultfoeuille (2024), which is a flexible
heterogeneity-robust differences-in-differences estimator. I find that unemployment rate decreases on
average by 4.2% five years following the announcement of the first POWER project. The negative effect
is robust to alternative definitions of the treatment and to an analysis using generalized synthetic control
method (Xu, 2017). I also estimate that the cost per job of the POWER Initiative is USD 16544, which

is within the range found in the literature for similar programs.

In the current context of announcements for ambitious climate policies and the transition to net-zero
emissions by 2050, the just transition concept needs to be revisited. The just transition concept emerged
from labor movements in the 1970s as a reaction of industries that struggled with the employment impacts
of environmental regulations (Wang and Lo, 2021). In 2015, in the same year when the Paris Agreement
was accepted, the International Labour Organization agreed upon the Guidelines for a just transition
towards environmentally sustainable economies and societies for all which emphasizes that some of the
major challenges in the transition to environmentally sustainable economies includes ”economic restruc-
turing, resulting in the displacement of workers and possible job losses” (ILO, 2015). Similarly, the
OECD argues that climate policies could exert pressure on jobs reliant on fossil fuel extraction as well as
carbon-intensive heavy industries, which calls for the re-skilling of workers to improve their transferabil-
ity across firms and sectors (OECD, 2021). The just transition is also a global issue, with the impact on
coal mining jobs felt across several regions, including the European Union, South and Southeast Asia,
China as well as the Americas (Galgoczi, 2019; ILO, 2022; Do and Burke, 2023; Wang and Lo, 2022;
Feng et al., 2023). However, Konisky and Carley (2021) reports that there is little evidence on which
policies work for communities that rely on fossil fuel industries. In the context of the just transition, it

is unclear whether policymakers should help regions or individuals (Vona, 2023).



2 Background and Context

In the United States, coal production fell by more than 50% between 2010 and 2022, from almost 1.1
billion short tons to 589 million short tons (see Figure 1, panel A). Appalachia also experienced a decrease
in coal production, from 334 million short tons in 2010 to 161 million short tons in 2022. Similar decline
can be observed in the total number of mines in the United States, which declined from 1230 mines
in 2010 to 510 mines in 2022 (see Figure 1, panel B). The decline is more substantial in Appalachia,
the total number of mines decreasing from 1056 in 2010 to 422 in 2022, an approximately 60% decline.
There has also been a steep decline in coal mining jobs. In 2011 almost 90,000 workers were employed
in the coal mining industry in the United States (see Figure 1, panel C). By 2023, this number has
declined to approximately 40,000 workers, a more than 50% drop. In Appalachia, the decrease was
more substantial: in 2011 there were almost 60,000 coal workers but this number declined to less than
25,000 by 2022, a 60% decrease. The reasons for this important decline in the coal industry are manifold:
significant reductions in the cost of natural gas, the competitiveness of renewable energy at market prices,
as well as an increasingly strict regulatory environment! have made coal a much less competitive energy
source for power generation (Bowen et al., 2021). In addition, there is further competition among the
coal producing regions within the United States. Western coal fields, such as the Powder River Basin,
produce less polluting coal at a much lower margin compared to the more traditional coal mining facilities

found in the Appalachian region (Look et al., 2022).

Figure 1: The coal economy in Appalachia and the United States has seen an important decline in the
last decade
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Notes: ” Appalachia” corresponds to the 423 counties that are officially served by the Appalachian Regional
Commission (ARC). The "Rest of U.S.” corresponds to all other U.S. counties that are not part of the
ARC region but have positive coal production, coal employment and active coal mines between 2010
and 2022. Data on coal production and the number of coal mines is from the U.S. Energy Information
Administration’s Annual Coal Reports (2010-2022). Coal employment data is from U.S. Mine Safety and
Health Administration’s Historical Coal Production Data (2010-2022).

1See Van Nostrand (2022) for a discussion on the impact of the EPA’s Mercury and Air Toxics Standards (MATS) rule
and the Clean Power Plan on the coal economy in general, and West Virginia in particular.



These developments are welcome insofar that they allow the United States, the fourth largest coal
producer in the world, to decouple from coal and move towards cleaner energy sources. The energy
transition will likely result in net benefits for the United States and for the world. However, such a
transition may not be “just,” raising questions about equity. The coal industry and coal employment
are highly geographically concentrated, meaning that the distributional effects of coal decline would be
more acutely felt in coal producing regions, which may often have high levels of poverty and persistently
high unemployment rates (Betz et al., 2015). Figure 2 shows that both unemployment rates as well as
poverty rates have been consistently above the national average for a considerable time in Appalachia.
Furthermore, many workers depend on coal mining for employment and livelihoods, and public authorities
may lose key fiscal revenue sources for the provision of public goods such as education and healthcare,
among others (International Energy Agency, 2022). For instance, the closure of the Dayton Power &
Light coal-fired power plant in Adams county, Ohio has led to the destruction of 1100 jobs and the loss
of USD 8.5 million in revenue for the local government (Jolley et al., 2019). Therefore, a just transition
concept would need to take into account the need to support workers and regions that directly depend
on fossil fuel industries (OECD, 2023).

Figure 2: Unemployment and poverty rates are on average higher in Appalachia compared to the national
average
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(2005-2022) (U.S. Census Bureau, 2024c).



It is in this context that the federal funding program Partnerships for Opportunity and Workforce and
Economic Revitalization (POWER) Initiative was launched in 2015 by the Obama administration, a
program that is still on-going (Congressional Research Service, 2022). The initiative aims to support
coal communities in transition by providing funding necessary to help workers gain new skills, to build
vital infrastructure that can bolster economic development, and to provide healthcare and other welfare
services. The Appalachian Regional Commission (ARC) is the main grant administrator in Appalachia.
The ARC serves 423 counties across 13 different states? and has a key role in the coordination of grants

and projects.

Figure 3: The geographic extent of counties served by the Appalachian Regional Commission
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Notes: The value ”1” corresponds to one of the 423 counties that are officially served by the Appalachian
Regional Commission (ARC).

POWER project applicants apply for funding and the ARC makes the final decision to award grants
based on the merits of the projects being proposed. Each project must address one of the strategic
investment goals of the ARC, such that a project should contribute to economic diversification, build
businesses, and improve the workforce ecosystem or infrastructure. Projects are eligible if they are
located in, or target, a community which has been impacted or is expected of being impacted by the
decline in coal mining and coal power generation (Appalachian Regional Commission, 2023c). The ARC
provides grants based on the economic status of the proposed service area. Each Appalachian county
is classified into one of five economic status designations based on its position in the national ranking
of all United States counties. The five different designations for economic status are distressed (bottom
10%), at-risk (10-25%), transitional (25-75%), competitive (75%-90%) and attainment (90-100%) - see
Figure 4. These designations are built based on a composite index of lagged county economic indicators:

three-year average unemployment rate, per capita market income, and four-year average poverty rate.

2These are Alabama, Georgia, Kentucky, Maryland, Mississippi, New York, North Carolina, Ohio, Pennsylvania, South
Carolina, Tennessee, Virginia, and West Virginia.



ARC funding and matching rates are as follows: for Distressed counties, the match requirement is 20%
and maximum ARC share is 80%; for At-risk counties the match requirement is 30% while the maximum
ARC share is 70%; for Transitional counties the match requirement is 50% and maximum ARC share
is 50%; for Competitive counties the match requirement is 70% while the maximum ARC share is 30%
(Appalachian Regional Commission, 2023b). Rules on the maximum ARC share for any given project

are included in the text of the Appalachian Regional Development Act and its Amendments.

Figure 4: ARC County Economic Status Designation by National Index Value Rank
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How substantial are these grants under the POWER Initiative? Until 2023, USD 420 million have been
disbursed under the initiative. For each project, POWER grants can amount up to USD 2.5 million.
Small technical assistance grants can at most be USD 50,000. Larger implementation projects can
receive as much as USD 1.5 million. Finally, infrastructure projects, such as broadband development,
can receive up to USD 2.5 million. Figure 5 shows that five out of thirteen states, such as West Virginia,
Kentucky, Pennsylvania, Ohio and Virginia are the main recipients of POWER funding, capturing 86%
of all funding awarded between 2015 and 2022. Importantly, grants are also projected to leverage private

investment amounting to USD 1.8 billion (Appalachian Regional Commission, 2022).

Given that the POWER program specifically targets communities that are affected by the declining
coal industry, a key metric would be the dollar amount of award per coal mining job.> On average,
approximately USD 10,000 were awarded per coal mining job, with some important heterogeneities across
states (see Panel A of Figure 6): award per coal mining job is more than USD 35,000 in Pennsylvania
and almost USD 24,000 in Alabama but much less in other states. Another metric to judge awards by
would be award per net destroyed coal mining job. I define net destroyed coal mining job as the number

of coal mining jobs that were destroyed net of coal mining job creation.*

On average, awards per net
destroyed coal mining job amounted to USD 23,000. Panel B of Figure 6 shows that award per net
destroyed coal mining job is substantial in Alabama, Pennsylvania, Virginia and West Virginia as well

as Ohio, but much lower in other states.

3 Award per coal mining job is calculated as follows: I divide the total amount of awards (in USD) received in a county
in a given year by the number of coal mining jobs. If there are no coal mining jobs in a county, I define the value as zero.
Then I take the average of the resulting award per coal mining job for each state.

4Net destroyed coal mining job is defined as the number of coal mining jobs that were destroyed net of coal mining
job creation. Therefore, if for example two mining jobs were destroyed and one created, the net destroyed coal mining job
would be one. Meanwhile, if two mining jobs were created and one destroyed, net coal mining job destruction would be
zero, as more jobs are created than destroyed. Award per net destroyed coal mining job is calculated as follows: I divide
the total amount of awards (in USD) received by net destroyed coal mining job in each county. Then I average the resulting
values across states.
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Figure 5: ARC POWER awards are heterogeneously distributed across the Appalachian region
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Figure 6: ARC POWER awards could represent important assistance to mining communities
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3 Literature Review

Although there is a rich literature on place-based policies in general, there are few studies that investigate
the impact of place-based policies in the context of fossil fuel dependent communities. And while some
studies have attempted to investigate the historical impact of ARC, there is much less evidence on the
POWER initiative. First, I provide a brief overview of the literature on place-based policies. Then, I
look at papers that study the ARC. Finally, I present those few studies that specifically examine the
POWER initiative.

Place-based policies are distinguished from other policies by the fact that they target a geographically
well-defined area. Place-based policies often provide assistance to businesses to encourage job growth and
target under-performing areas where it is suspected that there is a need for government intervention due
to market failures (Neumark and Simpson, 2015; Bartik, 2020). The theoretical basis for establishing
place-based policies is quite wide (Neumark and Simpson, 2015; Juhdsz et al., 2023). Reasons why
policymakers may wish to enact place-based policies include: the formation of industrial clusters in
areas with access to natural resources; spatial mismatches such as labor frictions; positive externalities
arising due to knowledge spill-overs; as well as equity motivations, that is the redistribution of the gains
and losses arising through economic policies and market forces. The so-called ”fly-paper” effect may
also provide further motivation, whereby grants to a community result in a stimulus greater than if the
equivalent amount were spent by private individuals (Hines Jr and Thaler, 1995; Inman, 2008), pointing

to complementarities between public and private investment (or crowding-in).

Other studies have pointed out that place-based policies could have unintended consequences. Kline
and Moretti (2013) suggest that under standard spatial equilibrium modeling assumptions, place-based
policies may result in deadweight losses as they incentivize working and living in less productive or
hospitable places. Similarly, Moretti (2011) argues that despite clear equity considerations, the benefits
of place-based policy may not be fully captured by those that are being targeted since the incidence of
subsidy will depend on the elasticity of local labor supply and housing supply. Finally, un-monitored
discretionary-grants may lead to political capture of the grants, an oft-cited criticism against place-based
policies (Juhész et al., 2023).

Thus far, the empirical evidence of place-based policies on employment outcomes seems positive. For
instance, Kline and Moretti (2014) studies the Tennessee Valley Authority program’s historical impact on
employment. They find that both agricultural employment and manufacturing employment increased for
the duration of the program but that manufacturing employment continued to intensify after the program
ended, evidencing agglomeration economies. Bernini and Pellegrini (2011), using matched differences-
in-differences estimation, find evidence that subsidized firms in southern Italy experience higher growth
in output, employment and fixed assets, but lower increase in total factor productivity. Criscuolo et al.
(2019) also find that among UK firms eligible for the Regional Selective Assistance program, an increase
in investment subsidy is associated an increase in manufacturing employment, but find no evidence of
effect on wages and total factor productivity. Other research found similar positive effects of place-based
policies (Greenstone et al., 2010; Bronzini and De Blasio, 2006), although there are papers that find no
effect (Crozet et al., 2004). In addition, studying the French Enterprise Zone program, Briant et al.
(2015) show that the effect of place-based policies on employment depend on spatial integration.

Empirical evidence on the impact of the Appalachian Regional Commission’s development initiatives is

much less robust. The ARC was created in 1965, as an institution with the aim of fostering regional



development (see Isserman and Rephann (1995) for a brief overview of ARC’s history). Although the
impact of ARC programs are evaluated by the ARC itself (for example, see the report Appalachia
then and now by the Appalachian Regional Commission (2015)), there are few quantitative studies
published in academic journals that try to estimate the impact of ARC programs. Possibly the first
quantitative study on the subject was by Isserman and Rephann (1995) who find that between 1969 and
1991 total personal income and earnings grew 48 percentage points faster, population grew 5 percentage
points faster and per capita income grew 17 percentage points faster in ARC counties than in other US
counties with comparable socioeconomic and demographic attributes. In a subsequent paper, Glaeser and
Gottlieb (2008) study the time period between 1970 to 2000 and find no evidence that population growth
and income per capita growth in ARC counties are significantly different from non-ARC counties. In
response to these two papers, using differences-in-differences approach, Ziliak (2012) provides estimates
of the effect of ARC investments on poverty rates and per capita incomes, finding that ARC investments
between 1960 and 2000 reduced Appalachian poverty rates by 7.6 percentage points relative to the rest
of the United States and 4.5 percentage points compared to comparable rural counties. Finally, Sayago-
Gomez et al. (2018) find that over a fifty-year period, counties which received ARC funding had higher
per capita income and employment growth compared to control counties with similar socio-economic
characteristics. Besides these studies, a few more papers investigate the effect of more specific ARC
initiatives. Using differences-in-differences method, Grossman et al. (2019) find that ARC investments
to expand sewage and waste water treatment improved access to running water in Appalachia. Jaworski
and Kitchens (2019) find that the building of the Appalachian Development Highway System has led to

welfare gains both in the United States and in Appalachian counties.

According to the ARC, POWER investments are projected to create or retain nearly 40,000 jobs, leverage
USD 1.8 billion into the region and prepare 100,000 workers for jobs in technology, manufacturing,
entrepreneurship and agriculture, among others (Appalachian Regional Commission, 2022). Despite the
importance of supporting coal mining communities in the transition away from coal, research on the
impact of the POWER Initiative remains scant. To my knowledge, only a few studies look into this
question, none of which are published in academic journals. Closest to the present paper is the junior
independent work by Morita (2021). Morita finds no evidence of POWER’s impact on unemployment,
suggesting that the null-effects could be due to recentness of the program. Therefore, it is worth revisiting
the topic now that more time has passed and the program has been extended and use more sophisticated
techniques to evaluate POWER’s impact. There are four studies commissioned by the ARC which
investigate the impact of the POWER Initiative (Chamberlin et al., 2019; Chamberlin and Dunn, 2020,
2021, 2022). While they provide important insight into the achievements and challenges of individual
projects, they rely on qualitative methods such as surveys and in-depth interviews. Therefore, they do
not constitute the robust quantitative evidence needed to assess the impact of the POWER initiative.
Finally, Look et al. (2022) present a descriptive analysis of the POWER grants, providing an analysis of
the types of projects, award amounts and their location. However, this study does not attempt to estimate
the impact of the POWER program on economic outcomes such as on unemployment. Therefore, the
causal effect of POWER grants on economic outcomes is currently not well-understood despite policy

relevance.

As such, my study contributes to the literature in three ways. First, it contributes to the literature on
place-based policies. Secondly, it contributes to a small literature on impact evaluation of the Appalachian
Regional Commission’s activity. Finally, it adds to an emerging literature on policies for a just and green

transition.



4 Empirical Strategy

Does the POWER initiative reduce unemployment rates? A naive analysis of the effects of grants on
unemployment would lead to biased estimates because the receipt of grants could be determined endoge-
nously. There could be unobserved variables affecting both receipt of grants, as well as unemployment,
or both grants and unemployment could be determined simultaneously. For instance, counties where the
average unemployment rate is higher could receive higher amount of grants - but it is not higher grants

that cause unemployment to be high.?

Building on the literature, I employ quasi-experimental differences-in-differences methodology, exploiting
the temporal variation in treatment across counties. However, unlike the previous literature employing
this methodology, I take into consideration recent developments in the differences-in-differences literature.
In particular, a causal interpretation of the two-way fixed effects estimates requires that both parallel
trends hold and that treatment effects be constant over time (Goodman-Bacon, 2021). This is because
the two-way fixed effects estimator is a weighted average of differences-in-differences estimators with
possibly negative weights, which could lead to biased estimates (de Chaisemartin and d’Haultfoeuille,
2020). An emerging new literature is proposing alternative estimators which can account for treatment
heterogeneity, as well as dynamic effects. In particular, the estimator proposed by de Chaisemartin and
d’Haultfoeuille (2024) is a flexible differences-in-differences estimator that is robust to heterogeneous
treatment effects. It can be used in applications with binary and non-binary treatment, and when
treatment is absorbing or non-absorbing, as well as when lagged treatments may affect outcomes.%

Heterogeneous treatment effects are plausible in the context of the POWER Initiative, since grants are
given for a variety of different projects which could have different impacts on unemployment rate. Some
projects may be more labor-intensive up-front, creating substantial temporary jobs for the duration of
the project but which could then be destroyed following project completion. This could be the case
for broadband infrastructure projects.” Meanwhile, some other projects may have a more long-term
impact. For instance, training and re-skilling of coal miners would give them the necessary skills to earn
a wage in industries other than coal mining - but the effects of such training may not be as immediately
felt on unemployment rates. These are just some examples which show the need to take into account

heterogeneous treatment effects.

My unit of analysis is county ¢ in year ¢. For my main analysis, I assume that treatment is binary,
absorbing and that treatment timing is staggered. As such, a county becomes treated once the first
POWER project is announced in any given year, and its treatment status cannot be reversed. This
specification is the most flexible because it allows for endogenous response of additional funding (including
private investments) in subsequent periods. This is also a goal of ARC itself, which says that their funding
also leveraged USD 1.8 billion in private investments, thus amplifying the impacts of the POWER grants.
Therefore, my estimates for the main specification represent the effect of an initial announcement in a

county where a project grantee is located.

My main outcome variable is unemployment rate in county i in year ¢. I allow for group-specific linear

trends, to better capture the unique dynamics of groups’ outcome evolution. As such, the outcome

5 Appendix 10.3 provides additional robustness checks showing naive ordinary least square (OLS) regressions.

6 Appendix section 10.5 provides a more detailed discussion of the methodology.

70f course, infrastructure development including broadband infrastructure could then help both bring jobs to people
and people to jobs with further long-term impact on unemployment. My example is to showcase that there is an initial
creation of temporary jobs that are then likely destroyed following project completion.
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variable is reported in first differences, that is the difference between unemployment rate between ¢ and
t—1.

As control variables, I use a number of variables that capture socio-demographic characteristics, as well
as the size of the coal economy. I control for the size of the population and the poverty rate at ¢t — 1. 1
equally take into account the County Economic Status and Index Value Rank of a county. The former
corresponds to the status designations presented previously, which are determined in a given fiscal year
and influence the maximum possible ARC-share for a given project. Projects that target counties that
have a lower County Economic Status designation are thus eligible for a higher grant amount from the
ARC. The Index Value Rank corresponds to the specific position that a county takes in the rank of all
U.S. counties from 1 (best) to 3113 (worst). Beyond these covariates, I also control for the size of the
coal economy, specifically total coal production, total number of coal mines (including both underground
and surface mines) and for average coal employment in a given county at ¢ — 1. Finally, I control for the
total retired coal power plant capacity (in MegaWatts) in a given county in year ¢t — 1, to again account

for the declining economic activity in the coal industry.
Furthermore, I make two identifying assumptions:
Assumption 1 - No Anticipation: I assume that the current outcome is not affected by future treatments.

Assumption 2 - Parallel trends: 1 assume that groups with the same baseline treatment have the same

second-differenced outcome if those are explained by their covariates.®

These assumptions can be tested using placebo tests, which I present in subsequent sections. In addition,
I conjecture that Assumption 1 should a priori hold given the policy setting. My treatment relates
not to when POWER, grants are paid out but when they are announced. Therefore, it is unlikely
that unemployment would change in anticipation of the announcement, given the possible uncertainties
associated with the grant awarding process. Indeed, many projects are not accepted by the ARC, which
would likely deter project applicants from undertaking substantial project implementation decisions

ahead of the announcements.

5 Data and Descriptive Statistics

To investigate whether the POWER Initiative has an impact on unemployment rates, I study a panel
of 423 Appalachian Regional Commission counties observed from 2010 to 2022. I compile a variety of
publicly available data sources for my study. Data on POWER grants is transcribed from a document
titled “POWER Award Summaries by State as of October 2022” (Appalachian Regional Commission,
2022). For each entry, there is also a short description of the project and the grantee, which allows
to gain more granular information about each project. It is important to note that the document
provides information on the project grantee. Thus a working assumption I make throughout this study
is that projects affect primarily the county where the project grantee is found. For unemployment
rates, I use data from the Local Area Unemployment Statistics (LAUS) program (Bureau of Labor

Statistics, 2024). Furthermore, I gather data for covariates. I use county-level data on coal employment

8A parallel trends not on the level but for the first-difference of the outcome has been called the parallel growths
assumption by Mora and Reggio (2012). See Appendix section 10.5 for the specific parallel trends expression used in my
study.
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(U.S. Department of Labor: Mine Safety and Health Administration, 2024), on coal production and the
number of active coal mines (U.S. Energy Information Administration, 2012, 2013, 2014, 2015, 2016a,b,
2017, 2018, 2019, 2020, 2021, 2022, 2023a), and on the total retired coal power generating capacity
(U.S. Energy Information Administration, 2023b). I also use data on socioeconomic and demographic
variables of interest, such as county-level data on poverty rates (U.S. Census Bureau, 2024c) and data on
the population (U.S. Census Bureau, 2024a,b). Finally, I use data from the ARC on counties’ national
Index Value Rank and economic status designation through fiscal years 2010 to 2022 (Appalachian

Regional Commission, 2023a) to account for specificities in the grant process.

In total 427 projects received a POWER grant from 2015 to 2022. During this period, counties received
almost USD 100,000 in grant awards on average. The highest amount of total awards were given to project
grantees in Washington County, Virginia, with grants totaling to almost USD 6 million in 2016. Panel
A of Table 1 shows key summary statistics for the outcome variable and control variables. In my data
set there are 5463 observations, which correspond to 423 unique ARC counties observed between 2010
and 2022. Therefore, each observation corresponds to a county-year observation. The unemployment
rate stood at 7% on average, but with a range from 1.8% (Shelby County, Alabama) to 20.6% (Magoffin
County, Kentucky), showing that some counties may struggle with persistently high unemployment rates.
A similarly stark picture emerges when looking at poverty rates, where the average poverty rate stood
at 18.3%, but ranged from 4.1% in Forsyth County, Georgia to 47% in McCreary County, Kentucky.
Counties had 60,000 inhabitants on average. Given the rural nature of the Appalachian region, some
counties have a very small population (little more than 2000 inhabitants, such as Robertson County
in Kentucky or Highland County in Virginia) while others may house larger cities such as Pittsburgh.
As per the coal economy, average coal production stood at 540 thousand short tons, with maximum
production at 30 million short tons (Greene County, Pennsylvania). Similarly, the average number of
coal mines was almost 2 across all counties in the entire study period, with 88 coal mines found in
Pike County, Kentucky. Average coal mine employment stood at 87 persons, with Boone County, West
Virginia, having more than 4000 coal miners in 2011, at the peak of coal employment. Finally, average
retired coal plant capacity reached 87 MegaWatts, with some counties seeing an almost 3000 MegaWatt

decrease in coal-power generating capacity (for example Beaver County, Pennsylvania).

Panel B of Table 1 shows the mean and standard deviation of control variables broken down by treatment
status, with treated county observations marked with ”1” and county observations never-treated or not-
yet treated marked with ”0.” The poverty rates are slightly lower in treated counties compared to
non-treated counties, which could be due to the fact that the coal industry is an important employer
and hence dampens poverty rates. Similarly, treated counties are more populous, which could again be
a consequence of the coal industry being an important economic activity in the region, leading to the
formation of agglomerations around coal mines. Equally, coal production is more important among the
treated. The number of coal mines is almost three times as large in treated counties than in non-treated
ones while the number of mines and coal employment is twice as large. In treated counties the size of
retired coal plant capacity is also almost three times that of never-treated counties. These differences
in magnitude justify the inclusion of these covariates in my analysis. Finally, the second part of Panel
B of Table 1 details the breakdown of county economic status. The share of Transitional, At-Risk
and Distressed counties is comparable across treated and non-treated units. Meanwhile the number of
Attainment counties is slightly higher among the non-treated. Similarly, there are more Competitive
counties among the treated than the non-treated, possibly because the ARC has an incentive to give

awards to counties where the matching rate is low and a larger private investment can be leveraged.
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Table 1: Key statistics for main variables

Panel A: Summary statistics

Statistic N Mean St. Dev. Min Max
Unemployment rate (percent) 5,463 7.0 2.8 1.8 20.6
Poverty rate (percent) 5,463 18.3 5.7 4.1 47.0
Population 5,463  60,787.9  100,724.6 2,108 1,249,524
Total coal production (’000 short ton) 5,463 540.5 2,211.4 0 30,004
Number of coal mines 5,463 1.6 5.5 0 88
Total retired coal plant capacity (MW) 5,463 87.0 308.2 0 4,085
Persons employed in coal industry 5,463 6.1 83.8 0.0 2,741.1
Panel B: Summary statistics by treatment status
0 1
Mean St. Dev. Mean  St. Dev.
Poverty rate (percent) 18.4 5.7 17.7 5.7
Population 56240.4 89680.3 96636.0 159097.5
Total coal production (’000 short ton) 457.2 19929  1197.7 3415.3
Number of coal mines 14 5.3 3.1 6.4
Total retired coal plant capacity (MW) 5.2 73.0 13.5 142.3
Persons employed in coal industry 75.5 293.1 177.5 397.5
N Pct. N Pct.
County Economic Status Attainment 37 0.8 2 0.3
Competitive 137 2.8 29 4.7
Transitional 2478 51.1 321 52.2
At-Risk 1192 24.6 145 23.6
Distressed 1004 20.7 118 19.2

Notes: The data set corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Unemployment rate is calculated as the yearly average of monthly
unemployment rates, as reported by the Local Area Unemployment Statistics (LAUS) program (Bureau of Labor
Statistics, 2024). Poverty rate corresponds to the poverty rate for all ages as reported by the U.S. Census Bureau,
Small Area Income and Poverty Estimates (SAIPE) Program: Poverty and Median Household Income Estimates
- Counties, States, and National data sets (2005-2022) (U.S. Census Bureau, 2024c). Population data is from the
U.S. Census Bureau’s population estimates for 2010-2019 and 2020-2022 (U.S. Census Bureau, 2024a,b). Data
on coal production and number of coal mines is from the U.S. Energy Information Administration’s Annual Coal
Reports (2010-2022). Coal employment data is from U.S. Mine Safety and Health Administration’s Historical
Coal Production Data (2010-2022). In Panel B a county is treated and denoted with 717 if in a given year a
project award is announced and is absorbing such that the county remains treated. Non-treated counties are
denoted with ”0.”
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6 Empirical Analysis

Having outlined the motivation, empirical strategy and descriptive statistics for this research, in this
section I present the empirical findings of my analysis. I first provide the main results, which is then
followed by a number of robustness checks using both alternative treatment definitions, as well as using

an alternative method.

I conduct an event study analysis and estimate six post-treatment effects. Given the possibly long-term
impacts of projects on unemployment rates, I include as many post-treatment periods as possible. This
ensures that I capture the impact of projects which may create temporary jobs, as well as support workers
in finding jobs in a longer horizon. I also use three pre-treatment lags to test for parallel trends, coinciding

with the idea that economic status designations are decided based on three-year lagged indicators.

Figure 7 shows that there is a negative impact of POWER awards on the growth of unemployment rate
4-5 years after announcing the first POWER award, which is significant at the 1% significance level.”
Specifically, the estimated effect on the first difference in unemployment rates are -1.6% four years and
-2.6% five year following the first POWER award announcement. The interpretation of this effect is
that this is the average effect of having been treated for five and six years rather than non-treated.
The negative effect suggests that there could either be a slowdown in unemployment rate increase or an
acceleration of the unemployment rate decrease. Since during this period unemployment rates were on
average falling from their highs in the aftermath of the global financial crisis, it is likely that POWER
projects accelerated this process by providing job opportunities and training for individuals in counties

impacted by the decline in the coal industry.

Table 2 presents the estimated effects, the standard errors as well as the lower and upper-bound of the
estimates (the 99% confidence interval). Event-study effects 1-4 are not significantly different from zero.
This suggests that there could be delays in project implementation and in the impact of these projects
on the unemployment rate. As mentioned previously, some projects, such as re-skilling and education
may only bear fruit once the first cohorts have been trained and found jobs. Indeed, once sufficient time

has passed from treatment onset, there is a decrease in the growth of unemployment rate.

Equally importantly, I find no evidence of violations of the parallel trends (parallel growths). The
three placebos are not significantly different from zero. This shows that there is parallel growth in
unemployment rates before the announcement of the first POWER project. Therefore, once accounting
for group-specific linear trends, as well as for covariates, treated and non-treated countries are on a
parallel growth trajectory pre-treatment, meaning that non-treated countries constitute a comparable

group for analysis.

9Notice that period ¢t = 0 corresponds to the last period before treatment changes. Therefore, treatment takes place in
t = 1. Effects t = 5 and t = 6 then correspond to 4 to 5 years after the announcement of the first POWER award.
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Figure 7: Effect of first POWER award announcements on growth of unemployment rate in ARC counties
(treatment absorbing)
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Notes: Sample corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Treatment is defined as a binary variable that takes value
1 if in a given year a project award is announced and is absorbing such that the county remains treated.
Otherwise treatment is 0 for not-yet-treated and never-treated counties. Unemployment rate is calculated
as the yearly average of monthly unemployment rates, as reported by the Local Area Unemployment
Statistics (LAUS) program (Bureau of Labor Statistics, 2024). Bars represent the 99% confidence intervals.

Table 2: Estimation of treatment effects - Event-study effects (treatment binary and absorbing)

Effect Estimate SE LB CI UB CI

Placebo 3 0.27256 0.21090 —0.27069 0.81581
Placebo 2 0.00406 0.15011 —0.38258 0.39071
Placebo 1 0.11954 0.08593 —0.10181 0.34090

Effect 1 —0.16224 0.09534 —0.40782 0.08335
Effect 2 —0.206 77 0.19382 —0.70601 0.29247
Effect 3 —0.38280 0.23595 —0.99056 0.22497
Effect 4 —0.81940 0.32684 —1.66128 0.02249
Effect 5 —1.63360 0.55550 —3.06446 —0.20274
Effect 6 —2.64582 0.76604 —4.61902 —0.67262

Notes: Sample corresponds to a panel of 423 counties designated as officially served by
the Appalachian Regional Commission from year 2010 to 2022. Treatment is defined
as a binary variable that takes value 1 if in a given year a project award is announced
and is absorbing such that the county remains treated. Otherwise treatment is 0 for
not-yet-treated and never-treated counties. SE refers to standard errors clustered at
the FIPS-level. LB CI refers to the lower-bound of the 99% confidence interval. UB
CI refers to the upper-bound of the 99% confidence interval.
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I further investigate the robustness of my findings by using the alternative treatment definitions, including
to account for treatment intensity. The benefit of alternative treatment definitions is that one can get
a more granular overview of the effect of project grant announcements. It allows studying the effects of
treatment reversals, and the effect of variable treatment intensity by looking at the number of project
announcements or the overall size of the projects announced. I use an additional treatment definition
whereby the treatment is binary but not absorbing: there will be some projects announced in some
counties in some years but not in others. I equally use a treatment definition whereby treatment defined
as a discrete number which corresponds to the number of projects announced in any given year in a
given county. Therefore, treatment increases as the number of project announcements increase. Finally,
I provide a further definition of treatment as the total amount of award funding (in USD million)
announced by the ARC to be given to project grantees located in given county ¢ in year ¢. This last
definition is of interest as one could hypothesize that larger projects and more grants in a given county

lead to a more substantial decrease in unemployment rates.

As such, I have three additional treatment definitions besides my preferred one:

1. Treatment is binary taking value 1 in whichever year the first POWER project is announced in a

given county, absorbing (preferred definition)

2. Treatment is binary taking value 1 in the year in which any number of projects are announced in

a given county, non-absorbing with possible treatment reversals

3. Treatment takes a positive discrete value corresponding to the number of projects announced in a

given year in given county, non-absorbing with possible treatment reversals

4. Treatment takes a positive discrete value corresponding to the size of projects announced (in USD

million) in a given year in given county, non-absorbing with possible treatment reversals

Using treatment definition 2, Appendix Figure 8 shows that five years following the announcement of
any project grant in a given county, there is a negative effect on the growth of unemployment rate.
Appendix Table 3 shows that the growth of unemployment rate is negative five years after treatment,
estimated at -2%. Again, one finds that placebos are not significantly different from zero, which ensures
that the parallel trend holds (see Appendix Table 3). Therefore, I find an effect that is not as large as
in the previously presented analysis. This could be because my treatment definition picks up on small
projects (for example small implementation projects under USD 50,000) which are unlikely to have an
impact on unemployment rates but would still be part of this analysis. This suggests that one should
perhaps take into account additional information, including how many projects are announced and the
size of the projects (in USD).

Appendix Figure 9 shows the (normalized) effect of POWER award announcements using treatment
definition 3, when treatment is defined as the number of projects announced in a given year in a given
county (treatment definition 3).!° The effect of one additional project announcement on unemployment
rate growth is estimated at -0.3% 3 years following treatment, -0.5% 4 years following treatment and at
-0.6% 5 years following treatment (see Appendix Table 4). This suggests that counties in which multiple
projects have been announced are also more likely to see a decrease in the growth of unemployment rate
(i.e. aslowdown of increase or an acceleration of the decrease in unemployment rates). Again, the parallel

growth holds as the placebo effects estimates are not statistically significant at the 1% significance level.

10With normalization, the effect can be interpreted as being that of a one unit increase in treatment, i.e. the announce-
ment of one additional project in a given year in a given county.
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Finally, I also present analysis using treatment definition 4, whereby it is defined as the dollar amount
announced for a given project in a given county in a specific year, and is non-absorbing. With this
treatment definition, I find that the normalized effect of a project announcement of USD 1 million is
associated with a decrease in unemployment rate growth by 0.2% in the treatment year, a decrease of
0.2% 2 years following treatment, a decrease of 0.4% 3 years following treatment, a decrease of 0.6%
4 years following treatment and a decrease of 0.7% 5 years following treatment (see Appendix Figure
10 and Appendix Table 5). Thus, the effect is greater, and is statistically significant at earlier periods
than those found using the previous treatment definitions. However, one can also notice that the parallel
growths does not fully hold, with the ¢ = —3 placebo effect being statistically different from zero. This
is because projects which receive large awards are likely in counties which have persistently high levels
of unemployment. This suggests that there could be selection into treatment based on how quickly

unemployment is increasing or how slowly unemployment is decreasing in some counties.

From the previous analysis, one may be worried that the parallel trends may not fully hold when looking
at the effect of large project announcements (see Appendix Figure 10). Therefore, I present additional
robustness checks for my analysis using synthetic control methods, which have been widely used in
cases when parallel trends are not likely to hold. The synthetic control method suggested by Abadie
et al. (2010, 2015) was developed for one treated unit with the purpose of bridging the gap between
qualitative and quantitative studies (Abadie et al., 2015). However, the synthetic control method can
also be extended to estimate the treatment effect in the presence of multiple treated units (Abadie,
2021). For my analysis, I use a ”generalized synthetic control method” proposed by Xu (2017), which
combines synthetic control methods with linear fixed effect models. This method is a generalization of
the synthetic control method to cases with multiple treated units and variable treatment periods, and is

robust to heterogeneous treatment effects.!?

In order to check for the robustness of my results, I estimate the treatment effect of the first large
POWER project announcement on unemployment rate. The method can only handle binary treatment
that is of an absorbing state, thus it cannot directly estimate the effect of treatment intensity. I define
as large award announcements those that are at least USD 1.5 million (i.e. implementation projects).
Therefore, a county is considered treated whenever total announcements of at least this value are made,
and the county remains treated for the rest of the study period as treatment is an absorbing state. I also
use the same set of controls as in the previously presented analysis. Appendix Figure 11 shows that using
the generalized synthetic method, the effect of the first POWER award announcement on unemployment
rate!? is negative five and six years following the announcement of the first large POWER award and is
statistically significant at the 10% level. The effect is estimated at -0.7% five and six years following the
first large POWER award announcement (see Appendix Table 6). This provides further evidence that
large award announcements have a significant negative effect on unemployment rates in the five to six

year horizon.

T present a discussion of the methodology in Appendix section 10.6
12The outcome variable is no longer given in first differences.
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7 Discussion and Policy Implications

What are some of the policy implications that emerge from this analysis? One important finding is that
the POWER Initiative seems to have a negative effect on the growth of unemployment rate. This may
suggest that POWER projects slow down the growth of unemployment in counties where programs are
implemented. It could also suggest that the program has an accelerating effect on the fall of unemploy-
ment rate. Counties where projects within the POWER Initiative take place see a comparatively faster
fall in their unemployment rate compared to control counties. Estimates suggest that unemployment
rate decreases on average by 4.2% five years following treatment onset.'® The relatively large effect could
be due to endogenous response of additional funds following the announcement of a POWER initiative
project in a given county. Since one of the objective of the ARC is to leverage private investment (which
they claim amounted to USD 1.8 billion), findings perhaps also point to the possibility that there could

be crowding-in and that public funding could be complementary to private funding.

An important metric to judge the POWER initiative by is how cost-effective it is in terms of creating
jobs. I estimate the cost per job of the POWER Initiative to be USD 16544.1* This figure is in line with
cost per job estimates found elsewhere in the literature. For instance, Criscuolo et al. (2019) report that
the Regional Selective Assistance program in the UK had a cost per job of USD 3541. Other studies
find higher estimates (cf. Criscuolo et al. (2019) Appendix G), including USD 18295 and USD 63100
for grants and hiring credits in Empowerment Zones (Bartik, 2010; Glaeser and Gottlieb, 2008; Busso
and Kline, 2008), USD 50820 for capital investment subsidies through the New Markets Tax Credit
programme (Freedman, 2012), USD 22781 for guaranteed loans through Small Business Administration
loans in the U.S. (Brown and Earle, 2017), USD 42638 to 68409 for capital subsidies in least-developed
regions in Italy through Law 488/91 (Pellegrini and Muccigrosso, 2017; Cerqua and Pellegrini, 2014).
Thus, the estimated cost per job of the POWER Initiative is on the lower end, implying that it could be

a cost-effective measure to create jobs.

A policy implication is that that there could be scope to increase the scale of the POWER Initiative,
and that it could be a possible blue-print for place-based policies targeting areas where there is a decline
in fossil-fuel based activities. Throughout the years, the amount of project funding requested by project
applicants has been at least 2-3 times larger than the budget available to the ARC for the POWER
program (Congressional Research Service, 2022). Therefore, there could be scope to meet the increasing

demand for project grants.

One caveat, however, is that this analysis is agnostic to the quality of jobs created, including whether
they are full-time or part-time jobs or as to the wages associated with these jobs. Therefore, while it
was estimated that the POWER initiative reduces unemployment rates in the four to five-year horizon,
it remains to be seen whether they allow coal communities in Appalachia to reach comparable welfare

levels as during the peak of coal employment.

13The effect on the outcome can be calculated as the sum of the effects on the first-differenced outcome. Thus the sum
of the estimated -1.6% four years and -2.6% five years following the first project announcement gives a -4.2% effect on
unemployment rate five years following treatment.

M Appendix Section 10.4 details the exact methodology used to estimate the cost per job of the POWER Initiative.
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8 Extensions

This present study found evidence that POWER Initiative may decrease unemployment in the 4-5 year
horizon. While this is in and by itself interesting evidence that can be leveraged for further policy analysis
and to better design policies for the just transition, there are important extensions that this work could

be used for.

The phase-out of coal could have a significant negative impact on coal-dependent regions, which in turn
could generate political backlash against ambitious environmental policies. Therefore, despite expert
consensus on the need for phasing out coal, policymakers could be constrained by the political feasibility
of environmental policy (Millner and Ollivier, 2016). Governments can help build public support for
environmental policies by understanding and addressing citizens’ concerns (Dechezleprétre et al., 2022).
How the public arrives at its beliefs about environmental problems has not been at the center of envi-
ronmental policy considerations, with economic studies taking the demand for environmental policy as
given (Millner and Ollivier, 2016). This is despite the fact that evidence from large-scale surveys with
more than 40000 respondents in 20 countries suggests that fundamental beliefs are a major predictor of
support for environmental policy (Dechezleprétre et al., 2022). These predictors include beliefs about the
distributional impacts of policy on lower-income households as well as the perceived economic impact of
policy on individuals. Similarly, in an analysis of a representative sample of 2,476 Americans, Bergquist
et al. (2020) find that bundling together climate policy with other economic and social reforms, such as

affordable housing or minimum wage, increases public support for climate mitigation in the US.

In the case of the POWER initiative, the main motivation for place-based policies is to support workers
that lose their livelihoods due to the decline of coal mining, and to ensure that the minimum level
of public good provision, such as healthcare and education, is available for these communities. This
suggests equity motivations and a strong desire to redistribute. Indeed, Gaikwad et al. (2022) find that
coal communities have higher preferences for compensatory measures for coal workers who may lose their
jobs due to climate policies, implying a strong taste for redistribution and policies in line with the “just
transition.” In the United States there is evidence on strong bipartisan support for assisting displaced
coal workers (Mayer, 2018, 2022b). Support often includes saving coal mining jobs even at the expense
of ratepayers (Van Nostrand, 2022; Mayer, 2022a). These regions could have strong identities tied to
fossil fuels (DeWitte, 2023).

Currently the literature suggests that the distributional impact of the decline in the coal industry may
lead to political backlash. Egli et al. (2022) report that Appalachian counties that experienced decline
in coal industry jobs are also more likely to vote for (pro-coal) Republican candidates. This is in line
with the wider literature finding political backlash among white voters following trade liberalization and
deindustrialization (Autor et al., 2020; Baccini and Weymouth, 2021). Environmental policies could
also lead to similar backlash (Colantone et al., 2022). Could the opposite be true? Could place-based
policy with a redistribution component also help curb possible backlash against environmental policies?
If policy, such as the POWER program, is successful in reducing unemployment rates in places heavily
impacted by the net-zero transition, they may not only provide a blue-print for just transition policies
but also alleviate the potential political economy concerns associated with the just transition. As such,
it may be of interest to policymakers to consider including a strong redistribution within environmental

policy packages.
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9 Conclusion

As governments announce ambitious climate policies, and economies shift away from fossil fuels, the
livelihoods of hundreds of thousands of people could be affected. Therefore, the coal phase-out could have
important distributional consequences, which in turn poses a policy challenge. The present study provides

empirical evidence that place-based policies could help reduce unemployment in coal communities.

A traditionally coal-based economy, the Appalachian region in the United States has seen a large decline
in coal employment. This has prompted policymakers to support coal communities in transition by
providing grants through the POWER Initiative with an aim to diversify the economy and re-skill
workers so that they are better prepared for a post-coal economy. I find in my analysis that five years
following the first announcement of POWER awards, on average unemployment rate decreases by 4.2%.
The cost per job of the POWER Initiative is estimated at USD 16544, which makes it a relatively

cost-effective program.

Needless to say, the United States is far from being the only coal-producing country. China, India
and Indonesia are also some of the largest coal producers, with possibly much higher coal employment
than the United States. Australia and South Africa are similarly important coal producers globally.
Countries in Europe, ranging from Germany, Poland and Greece, also have active coal employment or
coal production. As governments of these countries devise meaningful climate policies to meet net-
zero ambitions, they may also need to think about the distributional consequences of these policies on
their respective coal-dependent regions. Place-based policies aiming to re-skill workers and diversify the

economy could be a key policy instrument in their toolkit.

20



References

Abadie, A. (2021). Using synthetic controls: Feasibility, data requirements, and methodological aspects.
Journal of Economic Literature, 59(2):391-425.

Abadie, A., Diamond, A., and Hainmueller, J. (2010). Synthetic control methods for comparative case
studies: Estimating the effect of California’s tobacco control program. Journal of the American sta-
tistical Association, 105(490):493-505.

Abadie, A., Diamond, A., and Hainmueller, J. (2015). Comparative politics and the synthetic control
method. American Journal of Political Science, 59(2):495-510.

Appalachian Regional Commission (2015). Appalachia then and now: examining changes to the Ap-

palachian region since 1965. Appalachian Regional Commission.

Appalachian Regional Commission (2022). POWER Award Summaries by State (2022). Accessed on-
line. https://www.arc.gov/wp-content/uploads/2022/10/POWER-Award-Summaries-by-State-as-of-
October-2022.pdf.

Appalachian Regional Commission (2023a). Distressed Designation and County Economic Status Classi-
fication System. Accessed online. https://www.arc.gov/distressed-designation-and-county-economic-

status-classification-system/.

Appalachian Regional Commission (2023b). Match Requirements for ARC Grants. Accessed online.
https://www.arc.gov/match-requirements-for-arc-grants/.

Appalachian Regional Commission (2023c). Partnerships for Opportunity and Workforce and Economic

Revitalization Initiative. Accessed online. https://www.arc.gov/grants-and-opportunities/power)/.

Appalachian Regional Commission (2023d). POWER Award Summaries by State (2023). Accessed
online. https://www.arc.gov/wp-content/uploads/2022/10/POWER~Award-Summaries-by-State-as-
of-October-2022.pdf.

Autor, D., Dorn, D., Hanson, G., and Majlesi, K. (2020). Importing political polarization? The electoral

consequences of rising trade exposure. American Economic Review, 110(10):3139-3183.

Baccini, L. and Weymouth, S. (2021). Gone for good: Deindustrialization, white voter backlash, and US
presidential voting. American Political Science Review, 115(2):550-567.

Bartik, T. J. (2010). Estimating the costs per job created of employer subsidy programs. Technical
report. Presented at Upjohn Institute conference on ”Labour Markets in Recession and Recovery,”

Kalamazoo MI.

Bartik, T. J. (2020). Using place-based jobs policies to help distressed communities. Journal of Economic
Perspectives, 34(3):99-127.

Bergquist, P., Mildenberger, M., and Stokes, L. C. (2020). Combining climate, economic, and social policy
builds public support for climate action in the US. Environmental Research Letters, 15(5):054019.

Bernini, C. and Pellegrini, G. (2011). How are growth and productivity in private firms affected by public
subsidy? Evidence from a regional policy. Regional Science and Urban Economics, 41(3):253-265.

Betz, M. R., Partridge, M. D., Farren, M., and Lobao, L. (2015). Coal mining, economic development,

and the natural resources curse. Energy Economics, 50:105-116.

21



Bowen, E., Deskins, J., Lego, B., et al. (2021). An Overview of Coal and the Economy in Appalachia:
Fourth Quarter 2020 Update. Appalachian Regional Commission.

Briant, A., Lafourcade, M., and Schmutz, B. (2015). Can tax breaks beat geography? Lessons from the

French enterprise zone experience. American Economic Journal: Economic Policy, 7(2):88—-124.

Bronzini, R. and De Blasio, G. (2006). Evaluating the impact of investment incentives: The case of
Ttaly’s Law 488/1992. Journal of urban Economics, 60(2):327-349.

Brown, J. D. and Earle, J. S. (2017). Finance and growth at the firm level: Evidence from SBA loans.
The Journal of Finance, 72(3):1039-1080.

Bureau of Labor Statistics (2024). Local Area Unemployment Statistics.  Accessed online.
https://www.bls.gov/lau/.

Busso, M. and Kline, P. (2008). Do local economic development programs work? Evidence from the

federal empowerment zone program.

Cerqua, A. and Pellegrini, G. (2014). Do subsidies to private capital boost firms’ growth? A multiple

regression discontinuity design approach. Journal of Public Economics, 109:114-126.

Chamberlin, M. and Dunn, N. (2020). POWER Initiative Evaluation: Factors and Results of Project
Implementation. Technical report. https://www.arc.gov/wp-content/uploads/2020/12/POWER-
Evaluation-FY20-Final-Report_Factors-and-Results.pdf.

Chamberlin, M. and Dunn, N. (2021). POWER Initiative Evaluation: The POWER of Change. Technical
report. https://www.arc.gov/wp-content/uploads/2021/09/POWER-Evaluation-Report_Final The-
POWER-of-Change_Sept-2021.pdf.

Chamberlin, M. and Dunn, N. (2022). POWER Initiative Evaluation: The Value of POWER. Tech-
nical report. https://www.arc.gov/wp-content/uploads/2022/09/POWER-Evaluation-FY22-Final-
Report_The-Value-of-POWER-September-2022v2.pdf.

Chamberlin, M., Dunn, N., Kelly-Smith, A., and Byers, D. (2019). Success Factors, Challenges,
and Early Impacts of the POWER Initiative: An Implementation Evaluation. Technical report.
https://www.arc.gov/wp-content /uploads/2020/08 /POWERFY2019Evaluation-FinalReport.pdf.

Ciccia, D., Knau, F., Malezieux, M., Sow, D., and de Chaisemartin, C. (2024). DIDmultiplegtDYN.
https://cran.r-project.org/package=DIDmultiplegt DYN.

Colantone, I., Di Lonardo, L., Margalit, Y., and Percoco, M. (2022). The Political Consequences of

Green Policies: Evidence from Italy. American Political Science Review, pages 1-19.

Congressional Research Service (2022). The POWER Initiative: Energy Transition as Economic Devel-
opment. Accessed Online. https://sgp.fas.org/crs/misc/R46015.pdf.

Criscuolo, C., Martin, R., Overman, H. G., and Van Reenen, J. (2019). Some causal effects of an

industrial policy. American Economic Review, 109(1):48-85.

Crozet, M., Mayer, T., and Mucchielli, J.-L. (2004). How do firms agglomerate? A study of FDI in
France. Regional Science and Urban Economics, 34(1):27-54.

de Chaisemartin, C. and d’Haultfoeuille, X. (2024). Difference-in-differences estimators of intertemporal

treatment effects. Review of Economics and Statistics, pages 1-45.

22



de Chaisemartin, C. and d’Haultfoeuille, X. (2020). Two-way fixed effects estimators with heterogeneous
treatment effects. American Economic Review, 110(9):2964-2996.

Dechezleprétre, A., Fabre, A., Kruse, T., Planterose, B., Sanchez Chico, A., and Stantcheva, S. (2022).
Fighting climate change: International attitudes toward climate policies. (1714). https://www.oecd-

ilibrary.org/content /paper/3406{29a-en.

DeWitte, E. (2023). Economic Identities and the Historical
Roots of Climate Change Denial. Doctoral thesis, Sciences Po.
https://drive.google.com/file/d/1Y7 ; AQP8wof FThjX zBHeJ Xxrl1z7TRN6pl /view.

Do, T. N. and Burke, P. J. (2023). Phasing out coal power in a developing country context: Insights
from Vietnam. Energy Policy, 176:113512.

Egli, F., Schmid, N., and Schmidt, T. S. (2022). Backlash to fossil fuel phase-outs: the case of coal
mining in US presidential elections. Environmental Research Letters, 17(9):094002.

Feng, K., Song, K., Viteri, A., Liu, Y., and Vogt-Schilb, A. (2023). National and local labor impacts of
coal phase-out scenarios in Chile. Journal of Cleaner Production, 414:137399.

Freedman, M. (2012). Teaching new markets old tricks: The effects of subsidized investment on low-
income neighborhoods. Journal of Public Economics, 96(11-12):1000-1014.

Gaikwad, N., Genovese, F., and Tingley, D. (2022). Creating climate coalitions: mass preferences for
compensating vulnerability in the world’s two largest democracies. American Political Science Review,
116(4):1165-1183.

Galgoczi, B. (2019). Phasing out Coal — A Just Transition Approach. Technical report, ETUI Research
Paper -Working paper 2019.04. https://ssrn.com/abstract=3402876.

Glaeser, E. L. and Gottlieb, J. D. (2008). The economics of place-making policies. Technical report,

National Bureau of Economic Research.

Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment timing. Journal of
Econometrics, 225(2):254-277.

Greenstone, M., Hornbeck, R., and Moretti, E. (2010). Identifying agglomeration spillovers: Evidence

from winners and losers of large plant openings. Journal of Political Economy, 118(3):536-598.

Grossman, D. S., Humphreys, B. R., and Ruseski, J. E. (2019). Out of the outhouse: The impact of

place-based policies on dwelling characteristics in Appalachia. Journal of Regional Science, 59(1):5-28.

Hines Jr, J. R. and Thaler, R. H. (1995). Anomalies: The flypaper effect. Journal of economic perspec-
tives, 9(4):217-226.

ILO (2015). Guidelines for a just transition towards environmentally sustainable economies and societies

for all. https://www.ilo.org/sites/default /files/wcmsp5 /groups/public/Qed_emp/@Qemp_ent /documents/publication / wi

ILO (2022). A just energy transition in Southeast Asia: The impacts of coal phase-out on
jobs. Technical report. https://www.ilo.org/sites/default/files/wemspb/groups/public/Qasia/@ro-
bangkok/documents/publication/wcmsg45700.pdf.

Inman, R. P. (2008). The flypaper effect. Technical report, National Bureau of Economic Research.

23



International Energy Agency (2022). Coal in Net Zero Transitions: Strategies for Rapid, Secure and
People-centred Change. OECD Publishing.

Isserman, A. and Rephann, T. (1995). The economic effects of the Appalachian Regional Commission: An
empirical assessment of 26 years of regional development planning. Journal of the American Planning
Association, 61(3):345-364.

Jaworski, T. and Kitchens, C. T. (2019). National policy for regional development: Historical evidence

from Appalachian highways. Review of Economics and Statistics, 101(5):777-790.

Jolley, G. J., Khalaf, C., Michaud, G., and Sandler, A. M. (2019). The economic, fiscal, and workforce
impacts of coal-fired power plant closures in Appalachian Ohio. Regional Science Policy € Practice,
11(2):403-423.

Juhdsz, R., Lane, N. J., and Rodrik, D. (2023). The New Economics of Industrial Policy. Working Paper
31538, National Bureau of Economic Research. http://www.nber.org/papers/w31538.

Kline, P. and Moretti, E. (2013). Place based policies with unemployment. American Economic Review,
103(3):238-243.

Kline, P. and Moretti, E. (2014). Local economic development, agglomeration economies, and the big
push: 100 years of evidence from the Tennessee Valley Authority. The Quarterly Journal of Economics,
129(1):275-331.

Konisky, D. M. and Carley, S. (2021). What we can learn from the Green New Deal about the importance
of equity in national climate policy. Journal of Policy Analysis and Management, 40(3):996-1002.

Look, W., James, J., Fedorko, E., Pesek, S., Mazzone, D., Barone, A., and Shelton, R. (2022). POWER
for Transition: Investment in Coal Communities through the Partnerships for Opportunity and Work-

force and Economic Revitalization (POWER) Initiative. Technical report, Resources for the Future.

Mayer, A. (2018). A just transition for coal miners? Community identity and support from local policy

actors. Fnvironmental Innovation and Societal Transitions, 28:1-13.

Mayer, A. (2022a). More than just jobs: Understanding what drives support for a declining coal industry.
The Extractive Industries and Society, 9:101038.

Mayer, A. (2022b). Support for displaced coal workers is popular and bipartisan in the United States:
evidence from Western Colorado. Energy Research € Social Science, 90:102593.

Millner, A. and Ollivier, H. (2016). Beliefs, politics, and environmental policy. Review of Environmental

FEconomics and Policy.

Mora, R. and Reggio, I. (2012). Treatment effect identification using alternative parallel assumptions.
Technical report. Universidad Carlos III de Madrid Working Paper 12-33.

Moretti, E. (2011). Local labor markets. In Handbook of Labor Economics, volume 4, pages 1237—-1313.

Elsevier.

Morita, E. (2021). Employment Impacts of the ARC’s POWER Initiative Grants in Coal Com-
munities. Junior independent work, Princeton University. https://gceps.princeton.edu/wp-
content /uploads/2021 /07 /Morita_Emiri_Ashenfelter-2-1.pdf.

Neumark, D. and Simpson, H. (2015). Place-based policies. In Handbook of Regional and Urban Eco-

nomics, volume 5, pages 1197-1287. Elsevier.

24



OECD (2021). The  inequalities-environment  nexus. https://www.oecd-
ilibrary.org/content /paper/ca9d8479-en.

OECD (2023). Unpacking public and private efforts on just transition. (9). ”https://www.oecd-
ilibrary.org/content /paper/cbd31b13-en.

Pellegrini, G. and Muccigrosso, T. (2017). Do subsidized new firms survive longer? Evidence from a
counterfactual approach. Regional Studies, 51(10):1483-1493.

Sayago-Gomez, J.-T., Piras, G., Jackson, R., and Lacombe, D. (2018). Impact evaluation of investments

in the Appalachian region: A reappraisal. International Regional Science Review, 41(6):601-629.

U.S. Census Bureau (2024a). Annual Estimates of the Resident Population for Counties: April 1, 2010
to July 1, 2019. https://www.census.gov/data/datasets/time-series/demo/popest/2010s-counties-
total.html.

U.S. Census Bureau (2024b). Annual Estimates of the Resident Population for Counties:
April 1, 2020 to July 1, 2023 (CO-EST2023-POP). https://www.census.gov/data/tables/time-
series/demo/popest/2020s-counties-total.html.

U.S. Census Bureau (2024c). Small Area Income and Poverty Estimates (SAIPE) Program datasets.

Accessed Online. https://www2.census.gov/programs-surveys/saipe/datasets/.

U.S. Department of Labor: Mine Safety and Health Administration (2024). Historic coal production

data. Accessed online. https://www.msha.gov/data-and-reports/mine-data-retrieval-system.

U.S. Energy Information Administration (2012). Annual Coal Report 2010. Accessed online via Way-
backMachine. https://web.archive.org/web/20120217213507 /http://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2013). Annual Coal Report 2011. Accessed online via Way-
backMachine. https://web.archive.org/web/20130217131847 /http://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2014). Annual Coal Report 2012. Accessed online via Way-
backMachine. https://web.archive.org/web/20140224122956 /https://www.eia.gov/coal /annual/.

U.S. Energy Information Administration (2015). Annual Coal Report 2013. Accessed online via Way-
backMachine. https://web.archive.org/web/20150211062647 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2016a). Annual Coal Report 2014. Accessed online via Way-
backMachine. https://web.archive.org/web/20160805123014 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2016b). Annual Coal Report 2015. Accessed online via Way-
backMachine. https://web.archive.org/web/20161123092334 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2017). Annual Coal Report 2016. Accessed online via Way-
backMachine. https://web.archive.org/web/20171207011104 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2018). Annual Coal Report 2017. Accessed online via Way-
backMachine. https://web.archive.org/web/20181116101125/https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2019). Annual Coal Report 2018. Accessed online via Way-
backMachine. https://web.archive.org/web/20191115234950/https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2020). Annual Coal Report 2019. Accessed online via Way-
backMachine. https://web.archive.org/web/20201104161157 /https://www.eia.gov/coal/annual/.

25



U.S. Energy Information Administration (2021). Annual Coal Report 2020. Accessed online via Way-
backMachine. https://web.archive.org/web/20211031130517 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2022). Annual Coal Report 2021. Accessed online via Way-
backMachine. https://web.archive.org/web/20221105173617 /https://www.eia.gov/coal /annual/.

U.S. Energy Information Administration (2023a). Annual Coal Report 2022. Accessed online via Way-
backMachine. https://web.archive.org/web/20231209142158 /https://www.eia.gov/coal/annual/.

U.S. Energy Information Administration (2023b). Preliminary Monthly Electric Generator Inventory
(based on Form EIA-860M as a supplement to Form EIA-860) - December 2023. Accessed Online.
https://www.eia.gov /electricity /data/eia860m/.

Van Nostrand, J. M. (2022). The Coal Trap: How West Virginia was Left Behind in the Clean Energy
Revolution. Cambridge University Press.

Vona, F. (2023). Managing the distributional effects of climate policies: A narrow path to a just
transition. Ecological Economics, 205:107689.

Wang, X. and Lo, K. (2021). Just transition: A conceptual review. Energy Research & Social Science,
82:102291.

Wang, X. and Lo, K. (2022). Political economy of just transition: Disparate impact of coal mine closure
on state-owned and private coal workers in Inner Mongolia, China. Energy Research € Social Science,
90:102585.

Weber, J. G. (2020). How should we think about environmental policy and jobs? An analogy with trade

policy and an illustration from US coal mining. Review of Environmental Economics and Policy.

Xu, Y. (2017). Generalized synthetic control method: Causal inference with interactive fixed effects
models. Political Analysis, 25(1):57-76.

Ziliak, P. J. (2012). The Appalachian Regional Development Act and Economic Change, pages 19-44.
Brookings Institution Press. http://www.jstor.org/stable/10.7864/j.ctt1261k5.5.

26



10 Appendix

10.1 Robustness checks using differences-in-differences

Figure 8: Effect of POWER award announcements on growth of unemployment rate in ARC counties
(treatment binary and non-absorbing)

DID, from last period befare treatment changes (t=0) to t
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Notes: Sample corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Treatment is defined as a binary variable that takes value 1
if in a given year a project award is announced and 0 otherwise. Treatment can reverse if no project awards
are announced in subsequent years. Unemployment rate is calculated as the yearly average of monthly
unemployment rates, as reported by the Local Area Unemployment Statistics (LAUS) program (Bureau
of Labor Statistics, 2024). Bars represent the 99% confidence intervals.

Table 3: Estimation of treatment effects - Event-study effects (treatment binary and non-absorbing)

Effect Estimate SE LB CI UB CI

Placebo 3 0.52842 0.23512 —0.07721 1.13406
Placebo 2 0.21277 0.17673 —0.24245 0.66798
Placebo 1 0.15957 0.08671 —0.06377 0.38291

Effect 1 —0.11990 0.09458 —0.36351 0.12372
Effect 2 —0.12971 0.19331 —0.62764 0.36821
Effect 3 —0.20445 0.22677 —0.78857 0.37967
Effect 4 —0.52705 0.30881 —1.32250 0.26840
Effect 5 —1.10903 0.51826 —2.44398 0.22592
Effect 6 —-1.99315 0.70821 —3.81738 —0.16891

Notes: Sample corresponds to a panel of 423 counties designated as officially served
by the Appalachian Regional Commission from year 2010 to 2022. Treatment is
defined as a binary variable that takes value 1 if in a given year a project award is
announced and 0 otherwise. Treatment can reverse if no project awards are announced
in subsequent years. SE refers to standard errors clustered at the FIPS-level. LB CI
refers to the lower-bound of the 99% confidence interval. UB CI refers to the upper-
bound of the 99% confidence interval.
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Figure 9: Effect of number of POWER award announcements on growth of unemployment rate in ARC
counties (treatment discrete and non-absorbing)
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Notes: Sample corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. The graph shows the normalized event study effects. Treat-
ment is defined as a discrete variable that takes value equal to the number of project award announcements
in a given year in a given county. Treatment can reverse if no project awards are announced in subsequent
years. Unemployment rate is calculated as the yearly average of monthly unemployment rates, as reported
by the Local Area Unemployment Statistics (LAUS) program (Bureau of Labor Statistics, 2024). Bars

represent the 99% confidence intervals.

Table 4: Estimation of treatment effects - Event-study effects (treatment discrete and non-absorbing)

Effect Estimate SE LB CI UB CI

Placebo 3 0.18941 0.14325 —0.17959 0.55840
Placebo 2 0.00264 0.09481 —0.24158 0.24685
Placebo 1 0.10479 0.07341 —0.08430 0.29389

Effect 1 —0.14222 0.08145 —0.35201 0.06757
Effect 2 —-0.12949 0.12035 —0.43950 0.18052
Effect 3 —0.18462 0.11144 —0.47166 0.10242
Effect 4 —0.32049 0.12349 —0.63857 —0.00241
Effect 5 —0.49085 0.16402 —0.91333 —0.068 37
Effect 6 —-0.62883 0.17808 —1.08753 —0.17013

Notes: Sample includes 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Treatment is defined as the number
of projects announced in a given year in a given county. Treatment can reverse if no
project awards are announced in subsequent years. The table shows the estimates
after normalization. SE refers to standard errors clustered at the FIPS-level. LB
CI refers to the lower-bound of the 99% confidence interval. UB CI refers to the
upper-bound of the 99% confidence interval.
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Figure 10: Effect of size of POWER award announcements (in million USD) on growth of unemployment
rate in ARC counties (treatment discrete and non-absorbing)
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Notes: Sample corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. The graph shows the normalized event study effects. Treat-
ment is defined as a discrete variable that takes a value equal to the size of project award announcements
in a given year in a given county. Treatment can reverse if no project awards are announced in subsequent
years. Unemployment rate is calculated as the yearly average of monthly unemployment rates, as reported
by the Local Area Unemployment Statistics (LAUS) program (Bureau of Labor Statistics, 2024). Bars

represent the 99% confidence intervals.

Table 5: Estimation of treatment effects - Event-study effects (treatment discrete and non-absorbing)

Effect Estimate SE LB CI UB CI

Placebo 3 0.24242  0.08747 0.01711 0.46773
Placebo 2 0.00339 0.06486 —0.16368 0.17045
Placebo 1 0.13462 0.06643 —0.03650 0.30574

Effect 1 —0.18270 0.06984 —0.36260 —0.00279
Effect 2 —0.16530 0.10059 —0.42441 0.09381
Effect 3 —0.22747 0.08577 —0.44840 —0.006 53
Effect 4 —-0.39214 0.09377 —0.63367 —0.15061
Effect 5 —0.56255 0.12885 —0.89445 —0.23066
Effect 6 —0.69958 0.13096 —1.03690 —0.36226

Notes: Sample includes 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Treatment is defined as dollar amount
announced for a given project in a given county in a specific year. Treatment can
reverse if no project awards are announced in subsequent years. The table shows the
estimates after normalization. SE refers to standard errors clustered at the FIPS-
level. LB CI refers to the lower-bound of the 99% confidence interval. UB CI refers
to the upper-bound of the 99% confidence interval.
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10.2 Robustness check using generalized synthetic control method

Figure 11: Effect of large POWER award announcements on unemployment rate (generalized synthetic
control method)

Coefficient
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-z z
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Notes: Sample corresponds to a panel of 423 counties designated as officially served by the Appalachian
Regional Commission from year 2010 to 2022. Treatment is defined as a binary variable that takes value 1
whenever a first award announcement of at least USD 1.5 million value takes place in a county. Otherwise
treatment is 0 for not-yet-treated and never-treated counties. Unemployment rate is calculated as the
yearly average of monthly unemployment rates, as reported by the Local Area Unemployment Statistics
(LAUS) program (Bureau of Labor Statistics, 2024). Shaded area represents the 90% confidence intervals.

Table 6: Average treatment effect on the treated by period (including pre-treatment periods)

ATT SE LB CI UB CI

-3 —0.009740 0.05703 —0.103549 0.08407
-2 0.092242 0.054 83 0.002057 0.18243
1 —0.005579 0.05761 —0.100341 0.08918
0 —0.014083 0.06942 —0.128268 0.10010
1 0.037538 0.11219 —0.146996 0.22207
2 —0.117368 0.13966 —0.347090 0.11235
3
4
5

—0.156224 0.16605 —0.429344 0.116 90
—0.165206 0.24385 —0.566305 0.23589
—0.697036 0.35814 —1.286127—0.10795
6 —0.679071 0.34743 —1.250542—-0.10760

Notes: Sample corresponds to a panel of 423 counties designated as officially served by
the Appalachian Regional Commission from year 2010 to 2022. Treatment is defined
as a binary variable that takes value 1 whenever an award announcement of at least
USD 1.5 million takes place in a county. Otherwise treatment is 0 for not-yet-treated
and never-treated counties. Unemployment rate is calculated as the yearly average of
monthly unemployment rates, as reported by the Local Area Unemployment Statistics
(LAUS) program (Bureau of Labor Statistics, 2024). ATT refers to the average
treatment on the treated. SE refers to standard errors, clustered at the FIPS-level.
LB CI refers to the lower-bound of the 90% confidence interval. UB CI refers to the
upper-bound of the 90% confidence interval.
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10.3 Analysis using OLS and TWFE estimator

One may want to estimate the following regression:
Yir = Yair + Xipy

This is a regression of unemployment rate (y;;) in county ¢ at time ¢ on POWER award announcement
(a;+) announced by ARC for county ¢ at time ¢,with pre-determined covariates that account for the size of
the coal economy and county-level socio-demographic characteristics (X/,v). The parameter of interest
is (1), the effect of the first POWER award announcement on the unemployment rate. Table 7 shows
that a simple regression of unemployment rate on award announcement recovers a negative relationship
(see column 1 of Table 7). Once I include controls, the coefficient becomes smaller (see column 2 of Table
7). While the estimated effect of POWER award announcement on unemployment rate is negative, this
could in fact be due to a generally decreasing unemployment rate throughout this period (See Figure 2).

Therefore, one can include county and time fixed effects:
Yit = ay + Xy + 0 + 7

Finally, using the two-way fixed effects estimator indeed reverses the relationship such that there is a
positive association between award size and unemployment rate. This could be due to the fact that when
treatment effects are heterogeneous, the two-way fixed effects estimation recovers a weighted average of
differences-in-differences estimators with possibly negative weights. Tables 8, 9, 10 provide results for a

similar regression analysis using treatment definitions 2-4, as defined in Section 6:

1. Treatment is binary taking value 1 in whichever year the first POWER project is announced in a

given county, absorbing (preferred definition)

2. Treatment is binary taking value 1 in the year in which any number of projects are announced in

a given county, non-absorbing with possible treatment reversals

3. Treatment takes a positive discrete value corresponding to the number of projects announced in a

given year in given county, non-absorbing with possible treatment reversals

4. Treatment takes a positive discrete value corresponding to the size of projects announced (in USD

million) in a given year in given county, non-absorbing with possible treatment reversals

The estimated effects using the OLS estimator are negative for all treatment definitions, although the
magnitudes are lower once one accounts for treatment intensity. This could be because treatment def-
initions account for treatment reversal. But again, using the two-way fixed effect estimator recovers
a positive effect of award on unemployment rate, which could be attributed to the heterogeneity of

treatment effects.
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Table 7: Regression of unemployment rate on POWER award announcements (binary, absorbing)

Dependent Variable:

Unemployment rate

Model: (1) (2) (3)
Variables
Constant 7.156%** 3.670***
(0.0392) (0.4188)
Award (binary, absorbing) -1.574%** -1.184*** 0.7165***
(0.1168) (0.1085) (0.1073)
Number of coal mines in t-1 0.0507*** 0.0209
(0.0117) (0.0184)
Total coal production (thousand short ton) in t-1 3.71 x 1075**  —7.77 x 107°
(1.75 x 107°)  (4.74 x 1079)
Total retired coal plant capacity (MegaWatts) 0.0008* 0.0002
(0.0004) (0.0002)
Population in t-1 ~5.87 x 1077 —4.47 x 1076
(5.27 x 1077)  (5.14 x 1079)
Poverty (%) in t-1 0.1994*** 0.0861***
(0.0179) (0.0106)
Index Value Rank -0.0003* -0.0004***
(0.0002) (0.0001)
County Economic Status: Attainment -0.2397 -0.0430
(0.5419) (0.5298)
County Economic Status: Competitive -0.1647 0.0753
(0.3434) (0.2493)
County Economic Status: Distressed 0.5294*** 0.0677
(0.1657) (0.1023)
County Economic Status: Transitional -0.0361 0.0684
(0.1509) (0.0853)
Fized-effects
FIPS Yes
Year Yes
Fit statistics
Standard-Errors I1ID cluster
Observations 5,463 5,043 5,043
R? 0.03218 0.27202 0.87098
Within R? 0.06441

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Notes: Treatment is defined as a binary variable that takes value 1 if in a given year a project award is announced
and is absorbing such that the county remains treated. Otherwise treatment is 0 for not-yet-treated and never-
treated counties. Standard errors (in parenthesis) are clustered at the FIPS-level.
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Table 8: Regression of unemployment rate on on POWER award announcements (binary, non-absorbing)

Dependent Variable: Unemployment rate
Model: (1) (2) (3)
Variables
Constant 7.058"** 3.606™**
(0.0384) (0.4231)
Award (binary, non-absorbing) -1.434*** -1.103*** 0.5461***
(0.1631) (0.1366) (0.0805)
Number of coal mines in t-1 0.0485*** 0.0166
(0.0117) (0.0185)
Total coal production (thousand short ton) in t-1 2.89 x 1075 —9.11 x 1075*
(1.84 x 107°) (4.8 x 107°)
Total retired coal plant capacity (MegaWatts) 0.0008** 0.0002
(0.0004) (0.0003)
Population in t-1 —8.26 x 1077 —4.62 x 1076
(5.89 x 10~7)  (4.93 x 1079)
Poverty (%) in t-1 0.2054*** 0.0944***
(0.0180) (0.0107)
Index Value Rank -0.0004** -0.0004***
(0.0002) (0.0001)
County Economic Status: Attainment -0.2396 -0.0199
(0.5116) (0.5999)
County Economic Status: Competitive -0.1956 0.0293
(0.3536) (0.2509)
County Economic Status: Distressed 0.5106*** 0.0685
(0.1678) (0.1043)
County Economic Status: Transitional -0.0344 0.0519
(0.1514) (0.0851)
Fized-effects
FIPS Yes
Year Yes
Fit statistics
Standard-Errors IID cluster
Observations 5,463 5,043 5,043
R?2 0.01395 0.25990 0.86894
Within R? 0.04964

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Notes: Treatment is defined as a binary variable that takes value 1 if in a given year a project award is announced
and 0 otherwise. Treatment can reverse if no project awards are announced in subsequent years. Standard errors
(in parenthesis) are clustered at the FIPS-level.
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Table 9: Regression of unemployment rate on number of POWER award announcements

Dependent Variable:

Unemployment rate

Model: (1) (2) (3)
Variables
Constant 7.044%** 3.557***
(0.0381) (0.4261)
Number of awards -0.9185*** -0.7626*** 0.3235***
(0.1105) (0.0822) (0.0553)
Number of coal mines in t-1 0.0481*** 0.0169
(0.0117) (0.0185)
Total coal production (thousand short ton) in t-1 2.86 x 1075 —8.97 x 1075*
(1.9 x 107°)  (4.86 x 107°)
Total retired coal plant capacity (MegaWatts) 0.0008** 0.0002
(0.0004) (0.0003)
Population in t-1 —7.33x1077 —4.91x1076
(6.39 x 1077)  (4.95 x 107°)
Poverty (%) in t-1 0.2071*** 0.0941***
(0.0180) (0.0108)
Index Value Rank -0.0004** -0.0004***
(0.0002) (0.0001)
County Economic Status: Attainment -0.2197 -0.0452
(0.5124) (0.5970)
County Economic Status: Competitive -0.1515 0.0076
(0.3584) (0.2518)
County Economic Status: Distressed 0.5092*** 0.0726
(0.1683) (0.1045)
County Economic Status: Transitional -0.0276 0.0452
(0.1516) (0.0858)
Fized-effects
FIPS Yes
Year Yes
Fit statistics
Standard-Errors IID cluster
Observations 5,463 5,043 5,043
R? 0.01248 0.26026 0.86840
Within R? 0.04571

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Notes: Treatment is defined as the number of projects announced in a given year in a given county. Treatment
can reverse if no project awards are announced in subsequent years. Standard errors (in parenthesis) are clustered

at the FIPS-level.
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Table 10: Regression of unemployment rate on size of POWER, award announcements

Dependent Variable:

Unemployment rate

Model: (1) (2) (3)
Variables
Constant 7.023%** 3.532%%*
(0.0379) (0.4220)
Award (million USD) -0.7269*** -0.6604*** 0.2151***
(0.1079) (0.0654) (0.0451)
Number of coal mines in t-1 0.0482*** 0.0144
(0.0118) (0.0189)
Total coal production (thousand short ton) in t-1 2.61x 1075  —8.95 x 1075*
(1.93 x 107°)  (4.98 x 107?)
Total retired coal plant capacity (MegaWatts) 0.0009** 0.0001
(0.0004) (0.0003)
Population in t-1 -9.02x 1077  —4.98 x 1076
(6.06 x 1077)  (4.99 x 107°)
Poverty (%) in t-1 0.2071*** 0.0950***
(0.0180) (0.0108)
Index Value Rank -0.0004** -0.0004**
(0.0002) (0.0001)
County Economic Status: Attainment -0.1656 -0.0432
(0.5114) (0.5951)
County Economic Status: Competitive -0.1383 0.0076
(0.3550) (0.2556)
County Economic Status: Distressed 0.5028*** 0.0736
(0.1685) (0.1050)
County Economic Status: Transitional -0.0226 0.0448
(0.1512) (0.0865)
Fized-effects
FIPS Yes
Year Yes
Fit statistics
Standard-Errors IID cluster
Observations 5,463 5,043 5,043
R? 0.00824 0.25813 0.86775
Within R? 0.04102

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Notes: Treatment is defined as dollar amount announced for a given project in a given county in a specific year.
Treatment can reverse if no project awards are announced in subsequent years. Standard errors (in parenthesis)

are clustered at the FIPS-level.
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10.4 Cost per job methodological note

I provide a summary of the methodology used to calculate the cost per job estimate presented in Sec-
tion 7. I first calculate the total number of unemployed persons (using LAUS data from the Bureau of
Labor Statistics (2024)) in ever-treated counties, i.e. counties where a POWER project announcement
takes place between 2015 and 2022. Taking the most recent 6 years as the basis of my calculation,
unemployment levels fell by 71383. I then conduct a differences-in-differences analysis using the same
specification as in the main analysis (i.e. treatment is binary and absorbing) and using log unemploy-
ment as my outcome variable (See Table 11). Using this method I estimate that the first announce-
ment of the POWER Initiative is associated with a 28% decrease in unemployment levels, calculated
as exp(—0.32178) — 1 = —0.2751. 1 interpret this as meaning that the POWER Initiative explains 28%
of the fall in unemployment in a six year period, which corresponds to a decrease in unemployment
levels by 19987.'® The cumulative project grant spending in ARC counties by 2022 amounted to USD
330658710, or almost USD 331 million. Dividing this number by the estimated number of persons who
exited unemployment due to the POWER initiative gives the following cost per job (j) formula:

Total POWER spending ~ 330658710

= = = 16543.49
Estimated number of persons that exited unemployment due to POWER 19987

J
i.e. the estimated cost per job is approximately USD 16544. As explained in Section 7, this estimate is

within the range of cost per job figures reported elsewhere in the literature.

Table 11: Estimation of treatment effects: Event-study effects on log unemployment (treatment binary
and absorbing)

Effect Estimate SE LB CI UB CI

Placebo 3 0.03605 0.03270 —0.04817 0.12027
Placebo 2 0.02233  0.02326 —0.03758 0.08225
Placebo 1 0.01616  0.01170 —0.01397 0.046 28

Effect 1 —0.00527  0.01400 —0.04135 0.03080
Effect 2 0.01310 0.02844 —0.06016 0.08637
Effect 3 —0.016 77  0.03350 —0.10307 0.06953
Effect 4 —0.06905 0.04543 —0.18607 0.04798
Effect 5 —-0.16894  0.06901 —0.34671 0.00883
Effect 6 —-0.32178  0.09553 —0.56786 —0.07570

Notes: Sample corresponds to a panel of 423 counties designated as officially served by
the Appalachian Regional Commission from year 2010 to 2022. Treatment is defined
as a binary variable that takes value 1 if in a given year a project award is announced
and is absorbing such that the county remains treated. Otherwise treatment is 0 for
not-yet-treated and never-treated counties. SE refers to standard errors clustered at
the FIPS-level. LB CI refers to the lower-bound of the 99% confidence interval. UB
CI refers to the upper-bound of the 99% confidence interval.

15Chamberlin and Dunn (2022) estimates that nearly 21000 jobs were created or retained within the POWER, program
by 2022, which is very close to my estimate.
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10.5 Differences-in-differences methodological description

To further elucidate the method used throughout this study, I present the differences-in-differences esti-
mator proposed by de Chaisemartin and d’Haultfoeuille (2024), closely following the notation presented
by the authors.!® T have a panel of G groups (counties), observed over T periods (from 2010 to 2022).
Treatment of group g at time ¢ is denoted by D¢, with Dy = (Dy 1, ..., Dy 1) being a vector stacking
group ¢’s treatments across time. D stacks treatments of all groups across all periods, and is the design
of the study on which analysis is conditioned. Let Yj ;(dy, ..., d;) denote the potential outcome of g at ¢t.
Let F, denote the first period when treatment changes for group g. T} is the last period where there is
still a group with the same first period treatment as g that remains not treated. Let X, ; be a vector of

covariates.
I make two identifying assumptions:
Assumption 1 - No Anticipation: I assume that the current outcome is not affected by future treatments.

Assumption 2 - Parallel trends: 1 assume that the following relationship holds:

ElYg(Dgat) = Ygu-1(Dg,-1) — (Yg-1(Dg1,0-1) — Yg—2(Dg,1,e-2))
—(Xgt — Xgt-1— (Xg-1 — Xg1-2))'0p, ,)/D, X]
=E[Yy 1(Dg 1) =Yg 4-1(Dgr16-1) = (Y i-1(Dgr1,e-1) — Yy i—2(Dgr1,0-2))
—(Xgrt = Xgrp-1 = (Xg 11 — Xg4-2))'0p,, ,)|D, X]

Assumption 2 allows for groups to experience differential trends if groups with the same baseline treat-
ment have the same second-differenced outcome and if those ”growths” are explained by their covari-

ates.!”
An estimator of interest is then given by the following expression:

d, X

DID!™ =Y, p, 101 = Yor, 1111 — (Ygr,—1 — Yo.r,—2)
-

_(Xg,FgflJrl - ngFgflﬂfl - (ngFgfl - ngFng)) 9D91

1
“NT E Yy r,—141— Yy rym111-1 — Yy r,—1 — Yy 1, —2)
Fgfl“”l g’:Dgllzd,Fg/>Fg_1+l

7(X9/7F9_1+l - Xg/>F.q_1+l_1 - (Xg/,F_q—l - XQI»EQ_Q))/HD.QI]
If Assumptions 1 and 2 hold, then:
d,X
E[DID]7™] = 641 — 8401

where 6,1 = E(Yy r,—141— Yy r,—141(Dyg,1, s Dg 1)) and 611 = E(Yy ry—141-1— Yy Fy—141-1(Dg .15 -+, Dg 1)),

which are the expected difference between group ¢’s actual outcome and the counterfactual outcome in

16The complete and detailed treatment of the proposed estimator is found in de Chaisemartin and d’Haultfoeuille (2024),
here I only present the essentials necessary to motivate the empirical strategy used in this study. For my analysis I use the
R package DIDmultiplegtDYN developed to implement the estimator (Ciccia et al., 2024).

17This parallel trends assumption is based on a combination of Assumption 7 and Assumption 8 of the Web Appendix
of de Chaisemartin and d’Haultfoeuille (2024). A parallel trends not on the level but for the first-difference of the outcome
has been called the parallel growths assumption by Mora and Reggio (2012)
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the absence of treatment. Then it follows that:'®

d,X 1 d,X
DID{* = ~FIX > SyDID!S;

I g:Fy>3,Fy—1+I<T,

where [ is all possible [ that can be estimated and I’ € {1, ..., 1}, and where led’X =H#g:Fy >3, F,—14+1<T,
and Sy = {Dy.p, > Dg1} — 1{Dgy r, < Dg1}. Then it is implied that:

1

d, X
E[DID{}¥] = T > Sy(8gur — Og10—1)
i g:Fy>3,Fy—1+I<T,
which in turn leads us to:
! 1
fd.x _ ofd,X
> DID{{* = T > Sybg1 = 6;
=1 ! 9:Fg2>3,Fg—1+I<T,

which is the non-normalized event-study effect in a model allowing group-specific linear trends and

6lfd,X

controlling for covariates. The estimated are objects of interest in this study.

In addition to the non-normalized event-study effect, I am also interested in understanding the normalized
event-study effect whereby:

_ 69,1

gl — -1
k;o(Dg,Fg-‘rk - D.‘hl)

n

that is one divides the treatment effect of interest by the total size of the treatment. Thus 67, is a
weighted average of current effect and [ — 1 treatment lags. The normalized event-study effect is then
given by:
1)
o = <p
0
Estimating the normalized event-study effects is important for an easier interpretation of treatment

effects, whereby through the normalization, the effects can be interpreted as the marginal change in the

outcome variable due to a unit increase in the treatment.

8Here I follow Lemma 5 from Web Appendix of de Chaisemartin and d’Haultfoeuille (2024), taking into account covari-
ates.
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10.6 Generalized synthetic control method methodological description

I present the method proposed by Xu (2017), and I follow his notation. Yj; is the outcome of interest
(unemployment rate) for county i at time ¢. I assume that the problem takes the following functional

form:
Yit = 0i Dy + 3,8+ N fy + €t

where D;; is a binary treatment indicator, d;; is the heterogeneous treatment effect, x;; is a vector of
control variables and § is a vector of unknown parameters. A, is a vector of unknown factor loadings
and f; is a vector of unobserved common factors. It is assumed that the factor component model takes
a linear, additive form X, f: = A1 fit + ... + Xir frt, where 7 corresponds to the number of factors to be
included in the model. Letting:

Yie(0) =2, B+ Nife + e Yie(1) = i + 23,8+ N fe +ean

it follows that Y;;(1) — Y;:(0) = ;. Of interest is the average treatment effect on the treated at time ¢
when ¢ > Ty ; the period when unit 7 is first treated:

1 1
ATT, o, = 5= D Yae(1) = Y (0)] = = > 0
tr

Nir i€T
where Ny, is the number of treated. The estimation of the model happens in three steps, where in the
first step the interactive fixed effects model is estimated using only the control group to obtain estimates
B , the matrix of factors F and the matrix of factor loadings A N,, Where N, corresponds to the number
of control units. In a second step the factor loadings of each treated unit are estimated by minimizing
the mean squared error of the predicted treated outcome before treatment onset. In the final step the
counterfactuals are estimated: Yit(()) = x;tﬁ + 5\; ft. Thus, the estimator of the average treatment effect

is given by:

. 1
ATT, = N, ;[th(l) — Y3 (0)]

Finally, the uncertainty estimates of the generalized synthetic control method are obtained via parametric

bootstrap, allowing inference.
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