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Abstract

This paper examines how place-based energy subsidies affect regional employment and

economic growth during the energy transition. The Inflation Reduction Act allocates

over two hundred billion dollars toward clean energy manufacturing, with investments

concentrated in specific counties. I will exploit this spatial heterogeneity to identify the

causal effects of green industrial policy. The theoretical framework models how concen-

trated investments generate regional effects through direct employment, agglomeration

economies, and spatial spillovers to neighboring regions. Empirically, I will employ five

identification strategies: staggered difference-in-differences, synthetic control methods,

regression discontinuity at Energy Community thresholds, instrumental variables us-

ing renewable energy potential, and spatial econometrics. The analysis will construct

a county-quarter panel linking facility-level investments to administrative employment

data. The findings will illuminate how public expenditures in energy markets affect

regional economies and how policy design influences the spatial distribution of benefits
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during energy transitions.

JEL Classification: Q43, Q48, R11, R12, E24, H71
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1 Introduction

The transition from fossil fuels to low-carbon energy sources represents one of the most sig-

nificant structural transformations facing modern economies. Understanding the regional

economic consequences of this transition has become increasingly urgent as governments

worldwide deploy substantial public expenditures to accelerate the shift toward clean en-

ergy. The United States Inflation Reduction Act of 2022 exemplifies this policy approach,

allocating over four hundred billion dollars through tax credits and subsidies targeting clean

energy manufacturing, renewable electricity generation, and electric vehicle production [Bist-

line et al., 2023]. Unlike economy-wide carbon pricing mechanisms that distribute costs and

benefits broadly across regions, the place-based industrial policy embedded in the IRA con-

centrates investments geographically, with individual counties receiving facilities valued at

billions of dollars while neighboring counties receive minimal direct investment. This spa-

tial heterogeneity raises fundamental questions about how such policies affect regional em-

ployment, investment patterns, and economic growth, and whether benefits extend beyond

directly treated locations through agglomeration economies and spatial spillovers.

This paper will develop and test a spatial economic framework for understanding how

concentrated green energy investments affect regional economies during the energy transition.

The research addresses three central questions. First, what are the direct employment and

investment effects in counties receiving major clean energy facilities, and how do these effects

vary with investment magnitude and baseline economic conditions? Second, do concentrated

green investments generate agglomeration economies that amplify direct effects through sup-

ply chain development and productivity spillovers? Third, do benefits propagate spatially

to neighboring regions through input-output linkages and labor market integration, and if

so, how rapidly do these spillovers decay with distance?

These questions assume particular importance given ongoing debates about optimal en-

ergy transition policy design. If place-based energy subsidies generate substantial agglomer-

ation economies and spatial spillovers, this suggests that concentrated investment strategies
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may prove more cost-effective than dispersed allocation. Conversely, if benefits remain nar-

rowly confined to direct recipients without generating broader regional development, this

would argue for alternative policy approaches. Moreover, understanding the spatial distri-

bution of benefits proves essential for assessing equity implications and political sustainabil-

ity of energy transition policies. The geographic concentration of fossil fuel employment

in specific regions has generated concerns about transition costs falling disproportionately

on vulnerable communities. Whether place-based green subsidies successfully channel ben-

efits to these communities or instead flow to regions already experiencing economic growth

represents a critical policy question.

The theoretical model will incorporate three mechanisms through which place-based en-

ergy subsidies generate regional economic effects. First, green investments create direct em-

ployment through construction labor demand during facility development and operational

manufacturing jobs once facilities become operational. The magnitude of these direct effects

will depend on facility scale, technology type, and local labor market conditions. Second,

concentrated investments may generate agglomeration economies as initial facilities attract

supplier networks, complementary investments, and specialized labor pools. Following Kline

and Moretti [2014], the model will formalize how manufacturing clusters create positive ex-

ternalities that amplify the productivity and employment effects of initial investments. These

agglomeration mechanisms prove particularly relevant for clean energy manufacturing, which

requires specialized supply chains for components such as battery cells, solar panels, and elec-

tric vehicle assemblies. Third, concentrated benefits may propagate spatially to neighboring

regions through several channels including commuting patterns allowing workers in adjacent

counties to access new employment opportunities, input-output linkages as facilities source

materials and services from regional suppliers, and demonstration effects as successful in-

vestments attract additional private capital to the broader region.

The model will generate testable predictions about heterogeneity in treatment effects

across different settings. Counties with stronger existing manufacturing bases should expe-
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rience larger employment multipliers from green investments due to complementarities with

existing supply chains and specialized labor. Counties in closer proximity to other invest-

ment locations should exhibit enhanced effects through agglomeration spillovers. Energy

communities with significant fossil fuel employment history may respond differently than

other locations, with larger effects if green investments provide valued alternatives to declin-

ing fossil fuel employment or smaller effects if structural mismatches exist between fossil fuel

workers and clean energy job requirements.

The empirical analysis will exploit quasi-experimental variation in IRA investment allo-

cation across United States counties from August 2022 through December 2024 and poten-

tially extending through 2026 as additional facilities become operational. We will construct

a comprehensive dataset linking facility-level investment announcements to county-quarter

economic outcomes. The primary investment data source will be the Clean Investment Mon-

itor database maintained by Rhodium Group and the MIT Center for Energy and Environ-

mental Policy Research, which tracks over twenty thousand clean energy facilities including

manufacturing plants, utility-scale renewable projects, and related investments [Larsen et al.,

2023, 2024]. This database provides facility-level information including precise geographic

location, investment amounts, technology type, announcement and operational dates, and

expected employment for both construction and operational phases.

We will merge this investment data with administrative employment records from the

Bureau of Labor Statistics Quarterly Census of Employment and Wages, which covers over

ninety-five percent of employment based on unemployment insurance records. The QCEW

provides county-quarter employment and wage data with detailed industry breakdowns, en-

abling analysis of both aggregate employment effects and sectoral reallocation. Additional

data sources will include establishment dynamics from County Business Patterns, county-

level economic indicators from the Bureau of Economic Analysis Regional Economic Ac-

counts, and geographic characteristics including renewable energy potential from the Na-

tional Renewable Energy Laboratory. This comprehensive data infrastructure will enable
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granular analysis of how specific facilities affect local labor markets, establishment forma-

tion, wages, and broader economic indicators.

The identification strategy will combine five complementary approaches that rely on dif-

ferent assumptions and exploit different sources of variation, providing robust evidence across

multiple specifications. First, the primary specification will implement staggered difference-

in-differences estimation using recent methodological advances that address treatment effect

heterogeneity across cohorts and time periods [Callaway and Sant’Anna, 2021, Sun and Abra-

ham, 2021]. The staggered rollout of IRA investments across counties and quarters provides

quasi-experimental variation in treatment timing. We will estimate group-time average treat-

ment effects for cohorts of counties receiving investment at different periods, then aggregate

these estimates to construct event study plots showing dynamic treatment effects and overall

average treatment effects on the treated. This approach addresses bias in standard two-way

fixed effects estimation when treatment effects are heterogeneous [Goodman-Bacon, 2021].

Second, for counties receiving exceptionally large investments such as battery gigafacto-

ries or major solar manufacturing facilities, we will complement difference-in-differences with

synthetic control analysis [Abadie, 2021]. The synthetic control method constructs data-

driven counterfactuals by taking weighted averages of control counties that closely match

treated counties on pre-treatment characteristics and outcome trajectories. This approach

provides transparent comparisons for high-profile facilities where treatment is particularly

salient. We will implement inference through in-space placebo tests that apply the synthetic

control method to each potential control county, generating distributions of placebo effects

for assessing statistical significance.

Third, the IRA’s designation of Energy Communities receiving enhanced tax credits

creates discontinuities in treatment probability at statutory thresholds, enabling regression

discontinuity identification [Lee and Lemieux, 2010]. Census tracts qualify as Energy Com-

munities if fossil fuel employment exceeded specific thresholds during the period from 2010

through 2021, or if they contain coal mines or coal-fired power plants that closed after 1999.
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For counties where fossil fuel employment shares were close to qualification thresholds, we

will implement sharp regression discontinuity designs comparing outcomes for counties just

above versus just below the cutoff. We will also implement fuzzy regression discontinu-

ity designs treating Energy Community designation as an instrument for actual investment

received, since the relationship between eligibility and investment may not be deterministic.

Fourth, counties differ substantially in renewable energy potential due to exogenous ge-

ographic characteristics including solar irradiance, wind resources, and proximity to trans-

mission infrastructure. This variation provides the foundation for instrumental variables

estimation using shift-share designs [Goldsmith-Pinkham et al., 2020, Borusyak et al., 2022].

We will construct instruments combining location-specific renewable energy potential (the

share component) with nationwide shifts in investment toward different technologies follow-

ing IRA enactment (the shift component). The exclusion restriction requires that conditional

on controls, renewable energy potential affects regional economic outcomes only through its

effect on attracting IRA investments. We will assess instrument validity through first-stage

strength tests, balance tests on pre-treatment characteristics, and sensitivity analyses exam-

ining how results change under various violations of the exclusion restriction.

Fifth, spatial econometric specifications will explicitly model spillovers to neighboring

counties [LeSage and Pace, 2009]. We will estimate spatial Durbin models that incorporate

both spatial lags of the dependent variable and spatially lagged covariates, allowing us to

decompose total treatment effects into direct effects in treated counties and indirect effects

in neighboring counties. We will specify spatial weight matrices based on both geographic

contiguity and distance decay functions, examining how spillover magnitudes vary with dis-

tance from investment locations. Following LeSage and Pace [2009], we will compute direct

effects, indirect effects, and total effects that properly account for spatial feedback loops

where impacts propagate through networks of connected locations.

This research will contribute to three distinct literatures. First, it will advance under-

standing of how public expenditures in energy markets affect regional and national economic
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aggregates. The literature on energy shocks and macroeconomic outcomes has focused pri-

marily on oil price shocks and their effects on aggregate employment, inflation, and growth

[Hamilton, 1983, Kilian, 2009]. More recent work examines how the shale gas revolution

affected local labor markets and manufacturing activity [Feyrer et al., 2017]. However, rel-

atively little research analyzes the regional economic consequences of place-based energy

subsidies designed to accelerate the clean energy transition. Understanding these effects

proves essential for assessing whether subsidy-based approaches can effectively complement

or substitute for carbon pricing mechanisms.

Second, the paper will contribute to the literature on place-based policies and regional

development. Seminal work by Kline and Moretti [2014] demonstrates that large-scale place-

based investments can generate persistent effects through agglomeration economies, with

manufacturing employment gains intensifying after federal subsidies ended. More recent

research examines enterprise zones, infrastructure investments, and targeted business incen-

tives, finding mixed evidence on effectiveness [Neumark and Simpson, 2015]. This paper will

extend this literature by examining whether clean energy manufacturing exhibits agglom-

eration dynamics similar to traditional manufacturing, and whether such dynamics justify

concentrated investment strategies during energy transitions.

Third, the findings will inform policy debates about optimal energy transition design.

Theoretical work on directed technical change emphasizes that environmental policy can

redirect innovation toward clean technologies when inputs are sufficiently substitutable [Ace-

moglu et al., 2012]. However, this literature typically abstracts from spatial considerations

and implementation details. Recent empirical work documents that energy transitions create

geographically concentrated disruption in fossil-fuel-dependent regions [Hanson, 2023], rais-

ing questions about whether place-based policies can address these distributional concerns.

The spatial analysis will reveal whether IRA subsidies successfully target vulnerable commu-

nities and whether benefits extend beyond narrow geographic boundaries through regional

spillovers.
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The remainder of this proposal proceeds as follows. Section 2 develops the theoreti-

cal framework and derives testable predictions about how green investments affect regional

economies through direct effects, agglomeration economies, and spatial spillovers. Section 3

describes the institutional context of the Inflation Reduction Act and patterns of investment

allocation across regions. Section 4 presents the five empirical specifications and identifica-

tion strategies in detail. Section 5 describes data sources, variable construction, and sample

characteristics. Section 6 outlines the expected contributions and policy implications. Sec-

tion 7 discusses the research timeline and concludes.

2 Theoretical Framework

This section develops a spatial economic model incorporating green investment, employ-

ment dynamics, agglomeration externalities, and regional spillovers. The model generates

predictions about how investment magnitude, spatial concentration, and baseline economic

conditions affect regional employment and income.

2.1 Economic Environment

Consider a spatial economy with a continuum of locations indexed by ℓ ∈ L, where L

represents the set of all counties in the United States. Time is discrete and indexed by

t = 0, 1, 2, . . . , T . Each location has a fixed population of workers normalized to unity for

notational convenience.

2.1.1 Production Technology

Output in location ℓ at time t is produced using labor Lℓt and capital according to a pro-

duction function that combines dirty inputs Dℓt and clean inputs Cℓt. Following Acemoglu
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et al. [2012], we specify production as a constant elasticity of substitution aggregate:

Yℓt = Aℓt

[
γtD

ϵ−1
ϵ

ℓt + (1− γt)C
ϵ−1
ϵ

ℓt

] ϵ
ϵ−1

(1)

where Aℓt represents total factor productivity in location ℓ at time t, the parameter ϵ > 0 is

the elasticity of substitution between clean and dirty inputs, and γt ∈ (0, 1) represents the

relative productivity of dirty technology at time t. This nested structure captures the essen-

tial trade-off between production methods during the energy transition, with the elasticity

of substitution determining the ease with which clean inputs can substitute for dirty inputs.

The clean input aggregate Cℓt is produced using location-specific labor according to:

Cℓt = BℓtL
C
ℓt (2)

where LC
ℓt represents labor employed in clean energy production and Bℓt is the productivity of

clean energy production in location ℓ. Similarly, the dirty input is produced as Dℓt = Dfixed
ℓ ,

representing fossil fuel inputs sourced from outside the region.

2.1.2 Green Investment and Capital Accumulation

Green investment Gℓt in location ℓ augments the productivity of clean energy production

according to:

Bℓ,t+1 = (1− δ)Bℓt + ϕ(Gℓt, Ḡℓt) (3)

where δ ∈ (0, 1) is the depreciation rate and ϕ(·) is an investment transformation function.

The key innovation in this formulation is that investment effectiveness depends on the aggre-

gate investment level in nearby locations Ḡℓt, capturing agglomeration economies. Following

Kline and Moretti [2014], we model this spillover effect through a logarithmic specification:

ϕ(Gℓt, Ḡℓt) = Gℓt

(
1 + α log

(
Ḡℓt

Ḡ0

))
(4)
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where α > 0 measures the strength of agglomeration externalities and Ḡ0 is a normalization

constant. The aggregate nearby investment is defined as a distance-weighted average:

Ḡℓt =
∑

ℓ′∈N (ℓ)

wℓℓ′Gℓ′t (5)

where N (ℓ) denotes the set of neighboring locations and wℓℓ′ are spatial weights that de-

cline with distance. This specification embeds the empirical finding that manufacturing

agglomeration economies decay with geographic distance [Rosenthal and Strange, 2004].

2.1.3 Employment Determination and Regional Labor Markets

Total labor demand in location ℓ combines employment in clean energy production with

employment in other sectors:

Lℓt = LC
ℓt + LOther

ℓt (6)

Employment in clean energy production is determined by the marginal product condition

equating the wage rate wt to the value marginal product of labor:

wt = pCt · ∂Yℓt

∂Cℓt

· ∂Cℓt

∂LC
ℓt

= pCt ·MPLC
ℓt (7)

where pCt is the price of clean inputs and MPLC
ℓt is the marginal physical product of labor

in clean production.

The employment effect of green investment operates through both direct channels and

indirect agglomeration channels. The total employment response can be decomposed as:

∂Lℓt

∂Gℓt

=
∂LC

ℓt

∂Bℓt

· ∂Bℓt

∂Gℓt︸ ︷︷ ︸
Direct Effect

+
∂LC

ℓt

∂Bℓt

· ∂Bℓt

∂Ḡℓt

· ∂Ḡℓt

∂Gℓ′t︸ ︷︷ ︸
Agglomeration Effect

(8)

The direct effect captures how investment in location ℓ increases productivity and hence

labor demand in that location. The agglomeration effect captures how investment in lo-
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cation ℓ increases investment in neighboring locations ℓ′ ∈ N (ℓ), which in turn increases

productivity in location ℓ through the spatial spillover term Ḡℓt.

2.1.4 Spatial Spillovers and Regional Integration

Employment effects propagate across space through several mechanisms. First, workers

may commute across county boundaries, allowing residents of location ℓ′ to access employ-

ment opportunities created in neighboring location ℓ. We model this through a commuting

probability πℓℓ′ that declines with distance. Second, facilities in location ℓ may source in-

termediate inputs from suppliers in neighboring locations, generating derived labor demand

through input-output linkages. Third, successful investments may attract additional private

capital to the broader region through demonstration effects and improved infrastructure.

The total employment effect in location ℓ′ from investment in location ℓ can be expressed

as:
∂Lℓ′t

∂Gℓt

= πℓ′ℓ ·
∂Lℓt

∂Gℓt

+
∑
k

θℓ′k ·
∂Iℓkt
∂Gℓt

(9)

where πℓ′ℓ is the commuting share, θℓ′k represents input-output coefficients linking location

ℓ′ to sector k in location ℓ, and Iℓkt represents intermediate input demand.

2.2 Equilibrium Characterization and Predictions

Definition 1 (Regional Economic Equilibrium). A regional economic equilibrium consists of

allocations {Lℓt, L
C
ℓt, Cℓt, Yℓt} for all locations ℓ and periods t, prices {wt, p

C
t }, and investment

levels {Gℓt} such that firms maximize profits choosing optimal labor and input combinations,

labor markets clear with total employment equal to population in each location, and pro-

ductivity evolves according to investment and depreciation.

The model generates several testable predictions about the regional economic effects of

green investments.

Prediction 1 (Direct Employment Effects). Counties receiving larger green investments will
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experience greater employment growth. The magnitude of employment effects will increase

with investment scale and baseline manufacturing productivity:

∂Lℓt

∂Gℓt

> 0 and
∂2Lℓt

∂Gℓt∂Aℓ,t−1

> 0 (10)

This prediction follows directly from the production structure and will be tested using

difference-in-differences and synthetic control specifications comparing employment growth

in counties receiving investments to control counties.

Prediction 2 (Agglomeration Amplification). Employment effects will be larger in counties

with proximity to other investment locations. The employment multiplier increases with

aggregate nearby investment:

∂

∂Ḡℓt

(
∂Lℓt

∂Gℓt

)
=

α

Gℓt

· ∂L
C
ℓt

∂Bℓt

> 0 (11)

This prediction captures the strategic complementarity in green investment allocation.

We will test this through heterogeneity analysis examining whether treatment effects are

larger in counties located near other investment sites.

Prediction 3 (Spatial Spillovers with Distance Decay). Counties neighboring high-investment

counties will experience positive employment spillovers that decline with distance:

∂Lℓ′t

∂Gℓt

> 0 for ℓ′ ∈ N (ℓ),
∂

∂dℓℓ′

(
∂Lℓ′t

∂Gℓt

)
< 0 (12)

where dℓℓ′ represents the distance between locations.

This prediction will be tested using spatial econometric specifications that explicitly

model spillovers as a function of distance, allowing us to estimate how rapidly spillover

effects decay with geographic separation.

Prediction 4 (Heterogeneity by Baseline Conditions). Employment effects will be larger in
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counties with stronger baseline manufacturing presence and smaller in counties with struc-

tural mismatches between existing workforce skills and clean energy job requirements. Effects

will also vary by Energy Community status, with ambiguous predictions depending on whether

green jobs provide valued alternatives to declining fossil fuel employment versus whether skills

mismatches dominate.

We will test this prediction through extensive heterogeneity analysis interacting treatment

variables with pre-treatment county characteristics including manufacturing employment

share, educational attainment, fossil fuel employment concentration, and Energy Community

designation.

3 Institutional Context: The Inflation Reduction Act

The Inflation Reduction Act, enacted on August 16, 2022, represents the most significant

climate and energy legislation in United States history. This section describes the key pro-

visions affecting investment location decisions and patterns of investment allocation across

regions during the initial implementation period.

3.1 Key Provisions and Tax Credit Structure

The IRA allocates approximately three hundred and seventy billion dollars over ten years

through tax credits and direct subsidies targeting clean energy technologies. The legisla-

tion employs several mechanisms to influence investment location decisions. The Advanced

Manufacturing Production Credit under Section 45X provides tax credits for domestic man-

ufacturing of clean energy components including solar photovoltaic cells and wafers, battery

cells and modules, wind turbine nacelles and blades, and inverters and other power electron-

ics. Credit values vary by component type, with battery cells receiving thirty-five dollars

per kilowatt-hour of capacity and solar cells receiving four cents per watt of capacity.

The Investment Tax Credit under Section 48 offers a baseline thirty percent credit for
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qualified renewable electricity generation facilities including solar, wind, geothermal, and en-

ergy storage projects. Projects meeting domestic content requirements receive additional ten

percentage point bonus credits. The Clean Vehicle Credit under Section 30D provides up to

seven thousand five hundred dollars for qualifying electric vehicles, with strict requirements

that final assembly occur in North America and that substantial portions of battery compo-

nents and critical minerals be sourced domestically or from free trade agreement partners.

3.2 Energy Communities and Geographic Targeting

The IRA designates certain areas as Energy Communities eligible for enhanced tax credits.

Specifically, projects located in Energy Communities receive ten percentage point bonus

credits above baseline rates, creating strong incentives for firms to locate facilities in these

areas. Census tracts qualify as Energy Communities under three criteria. First, metropolitan

statistical area census tracts qualify if fossil fuel employment exceeded five percent of total

employment in any year from 2010 through 2021, while non-metropolitan tracts qualify at a

0.17 percent threshold. Second, census tracts qualify if they contain coal mines or coal-fired

power plants that closed after 1999 and before the tax credit placed-in-service date. Third,

brownfield site designations under federal environmental programs confer Energy Community

status.

This geographic targeting reflects explicit policy goals of directing clean energy invest-

ment benefits toward communities historically dependent on fossil fuel industries and facing

economic transitions as those industries decline. Analysis by Raimi and Pesek [2022] in-

dicates that approximately eight percent of United States census tracts qualify as Energy

Communities under these criteria, with substantial concentration in Appalachian coal re-

gions, Western coal and natural gas producing states, and Gulf Coast oil and gas regions.
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3.3 Investment Patterns and Spatial Distribution

Investment announcements accelerated dramatically following IRA enactment. According

to tracking by the Clean Investment Monitor [Larsen et al., 2023, 2024], firms announced

over two hundred and thirteen billion dollars in clean energy investments during the first

two years post-enactment through August 2024, representing a one hundred and sixty-five

percent increase from the five-year pre-IRA average annual investment rate. Manufacturing

investment grew particularly rapidly, with battery manufacturing capacity announcements

reaching one hundred and thirty-six gigawatt-hours annually compared to less than twenty

gigawatt-hours prior to the IRA.

Investment exhibits substantial geographic concentration. Battery manufacturing fa-

cilities concentrate heavily in Southeastern states, with major announcements in Georgia

including Hyundai Motor Group’s seven point six billion dollar electric vehicle and battery

complex in Bryan County, Rivian Automotive’s five billion dollar electric vehicle plant in

Morgan and Walton Counties, and multiple battery cell manufacturing facilities by SK In-

novation, Panasonic, and other suppliers. Michigan received substantial electric vehicle and

battery investment building on existing automotive manufacturing clusters. Solar manufac-

turing capacity concentrates in Southeastern states with existing industrial infrastructure

and lower labor costs.

Energy Communities received substantial but not exclusive investment flows. Prelimi-

nary analysis indicates that approximately thirty-five percent of announced manufacturing

investment by dollar value located in counties with Energy Community designation, com-

pared to their eight percent population share. However, many large facilities also located

in non-Energy Community counties with strong manufacturing infrastructure, renewable

energy resources, or proximity to major markets. This variation in investment intensity

conditional on Energy Community status will enable regression discontinuity identification

around eligibility thresholds.

The geographic patterns suggest several factors beyond tax credits influence location
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decisions including proximity to existing automotive manufacturing clusters for electric ve-

hicle assembly and battery production, access to renewable energy resources for electricity-

intensive manufacturing processes such as battery cell production, availability of large in-

dustrial sites with electrical infrastructure capacity, proximity to ports for international

component imports and exports, and state-level incentive packages supplementing federal

tax credits. This heterogeneity in location determinants motivates the instrumental vari-

ables approach using renewable energy potential as an exogenous determinant of investment

attraction.

4 Empirical Strategy

This section presents five complementary identification strategies that will provide robust

evidence on the regional economic effects of IRA investments under varying assumptions.

4.1 Staggered Difference-in-Differences with Heterogeneous Treat-

ment Effects

The primary empirical specification will exploit the staggered rollout of IRA investments

across counties and time periods. We will define treatment timing based on when counties

first receive substantial green investment, operationalized as cumulative announced invest-

ment exceeding one hundred million dollars or expected employment exceeding five hundred

jobs. These thresholds correspond to major manufacturing facilities or utility-scale renewable

generation projects that plausibly affect local labor markets.
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4.1.1 Event Study Framework

For county ℓ, let Gℓ denote the quarter when treatment first occurs, with Gℓ = ∞ for

never-treated counties. The event study specification is:

Yℓt = αℓ + γt +
−2∑

k=−K

βkD
k
ℓt +

K∑
k=0

βkD
k
ℓt +X ′

ℓtδ + εℓt (13)

where Yℓt represents the outcome of interest including log employment, log average wages, or

establishment counts, αℓ are county fixed effects absorbing time-invariant location charac-

teristics, γt are time fixed effects capturing common aggregate shocks, Xℓt are time-varying

control variables, and Dk
ℓt = ⊮{t − Gℓ = k} are indicators for event time relative to initial

treatment. The coefficient βk captures the average treatment effect k periods relative to

treatment, with k = −1 normalized to zero for identification.

However, recent methodological advances demonstrate that standard two-way fixed ef-

fects estimation of this specification produces biased estimates when treatment effects vary

across cohorts or calendar time [Goodman-Bacon, 2021, de Chaisemartin and D’Haultfœuille,

2020]. The bias arises because later-treated units serve as controls for earlier-treated units,

and comparison of earlier-treated units to later-treated units can generate negative weights

on some treatment effects even when all underlying effects are positive.

4.1.2 Callaway-Sant’Anna Estimator

To address these concerns, we will implement the Callaway and Sant’Anna [2021] approach

that estimates treatment effects separately for each combination of treatment cohort g and

time period t. The group-time average treatment effect is defined as:

ATT (g, t) = E[Yℓt(g)− Yℓt(∞)|Gℓ = g] (14)
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where Yℓt(g) represents the potential outcome when first treated in period g and Yℓt(∞)

represents the never-treated potential outcome.

We will estimate this using a doubly-robust procedure combining outcome regression and

propensity score weighting:

ÂTT (g, t) =
1

ng

∑
ℓ:Gℓ=g

[Yℓt − m̂(Xℓ,g−1, t)]

− 1

ng

∑
ℓ:Gℓ=g

[∑
ℓ′∈C(g,t) p̂ℓ′(Yℓ′t − m̂(Xℓ′,g−1, t))∑

ℓ′∈C(g,t) p̂ℓ′

] (15)

where ng is the number of counties first treated in period g, C(g, t) denotes the compar-

ison group (either never-treated counties or not-yet-treated counties in period t), p̂ℓ′ are

propensity score weights estimated via logistic regression of treatment status on covariates,

and m̂(Xℓ,g−1, t) are outcome regression predictions. This doubly-robust approach remains

consistent if either the propensity score model or the outcome regression model is correctly

specified.

For presentation, we will aggregate the group-time effects to construct event study plots

showing treatment effects by periods relative to treatment:

ÂTT
ES

(e) =
∑
g

ng∑
g′ ng′

ÂTT (g, g + e) (16)

where e = t − g represents event time. We will also compute an overall average treatment

effect:

ÂTT
overall

=
∑
g

∑
t≥g

ng · ⊮{t ≥ g}∑
g′
∑

t′≥g′ ng′ · ⊮{t′ ≥ g′}
ÂTT (g, t) (17)

4.1.3 Parallel Trends Assessment

The key identifying assumption is parallel trends: in the absence of treatment, treated

and control counties would have followed parallel outcome trajectories. We will assess this

assumption through several approaches. First, we will examine pre-treatment event study
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coefficients βk for k < 0, testing whether they are jointly equal to zero. Rejection would

indicate pre-existing differential trends between treated and control counties. Second, we will

compare treated and control counties on baseline characteristics and pre-treatment outcome

trends using formal balance tests. Third, following Roth [2022], we will implement sensitivity

analysis examining how our estimates change under various violations of parallel trends with

different magnitudes and functional forms.

4.1.4 Control Variables and Fixed Effects

All specifications will include rich sets of controls to address concerns about differential trends

across regions with different economic structures. The baseline specification includes county

fixed effects αℓ, year-quarter fixed effects γt, and state-specific linear time trends. Aug-

mented specifications will include time-varying county characteristics interacted with time

fixed effects including log county population, log median household income, and baseline

manufacturing employment share. The most saturated specifications will include state-by-

year fixed effects αst, absorbing all variation in outcomes across states and time including

state-level policy changes, business cycle dynamics, or other factors affecting states differen-

tially.

4.2 Synthetic Control Method for Major Facilities

For counties receiving exceptionally large investments, we will complement the difference-

in-differences analysis with synthetic control methods [Abadie, 2021]. The synthetic control

approach constructs counterfactual outcomes for treated units by taking weighted averages

of control units that closely match the treated unit on pre-treatment characteristics.
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4.2.1 Synthetic Control Construction

For a treated county ℓ1 receiving major investment in period T0, we construct a synthetic

control by solving:

w∗ = argmin
w

∥X1 −X0w∥V = argmin
w

(X1 −X0w)′V(X1 −X0w) (18)

subject to wj ≥ 0 for all j and
∑J+1

j=2 wj = 1, where X1 is a (k × 1) vector of pre-treatment

characteristics for the treated county, X0 is a (k×J) matrix of the same characteristics for J

potential control counties, and V is a (k× k) positive semidefinite matrix assigning weights

to the importance of matching on different characteristics.

Following Abadie [2021], we will choose V to minimize the mean squared prediction error

of the outcome variable during the pre-treatment period:

V∗ = argmin
V

T0−1∑
t=1

(
Y1t −

J+1∑
j=2

w∗
j (V)Yjt

)2

(19)

The predictor variables in X will include several lags of the pre-treatment outcome vari-

able at different time points, baseline county characteristics including population, median

income, educational attainment, manufacturing employment share, and pre-treatment eco-

nomic trends including employment growth and wage growth from 2018 through 2021. In-

cluding multiple outcome lags often achieves better pre-treatment fit than including only

covariates [Kaul et al., 2015].

4.2.2 Treatment Effect Estimation and Inference

The estimated treatment effect in post-treatment period t is:

τ̂1t = Y1t −
J+1∑
j=2

w∗
jYjt for t ≥ T0 (20)
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The average post-treatment effect over the observation period is:

τ̂1 =
1

T − T0 + 1

T∑
t=T0

τ̂1t (21)

We will conduct inference using in-space placebo tests as developed by Abadie et al.

[2010]. We will iteratively apply the synthetic control method to each control county, pre-

tending it was treated at the same time as the actual treated county. This generates a

distribution of placebo effects {τ̂jt}J+1
j=2 for each post-treatment period. The permutation-

based p-value for period t is:

pt =
1 +

∑J+1
j=2 ⊮{|τ̂jt| ≥ |τ̂1t|}

J + 1
(22)

Following Abadie et al. [2015], we will restrict the inference sample to placebo units with

pre-treatment root mean squared prediction error no more than twice that of the treated

unit, avoiding poorly-matched placebos that inflate p-values.

4.2.3 Robustness Checks

We will implement several robustness exercises. First, leave-one-out analysis will iteratively

exclude each control county with positive weight and re-estimate the synthetic control, as-

sessing whether results depend critically on any single control unit. Second, we will conduct

backdating exercises that artificially move the intervention date earlier to pseudo-treatment

periods that are actually pre-treatment, verifying that the synthetic control tracks the treated

unit well during these pseudo-post periods. Third, we will vary the set of predictor variables

to assess sensitivity to predictor choice. Fourth, we will implement the augmented synthetic

control method of Ben-Michael et al. [2021], which addresses interpolation bias when no

convex combination of control units closely approximates the treated unit by allowing for

regularization.
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4.3 Regression Discontinuity at Energy Community Thresholds

The IRA’s designation of Energy Communities receiving enhanced tax credits creates dis-

continuities in treatment probability at statutory thresholds. We will exploit these disconti-

nuities for identification using regression discontinuity designs.

4.3.1 Sharp RD: Fossil Fuel Employment Threshold

Census tracts qualify as Energy Communities if fossil fuel employment as a share of to-

tal employment exceeded statutory thresholds during 2010 through 2021. For metropolitan

statistical areas, the threshold is five percent, while for non-metropolitan areas, the thresh-

old is 0.17 percent. For counties where the maximum fossil fuel employment share during

this period fell close to the relevant threshold, assignment to Energy Community status is

effectively deterministic conditional on the running variable.

The sharp regression discontinuity specification is:

Yℓ = α+ τ · ⊮{Rℓ ≥ c}+ f(Rℓ − c) +X ′
ℓβ + uℓ (23)

where Rℓ is county ℓ’s fossil fuel employment share measured as the maximum over 2010-2021

(the running variable), c is the relevant threshold (five percent for metropolitan areas, 0.17

percent for non-metropolitan), ⊮{Rℓ ≥ c} indicates treatment (Energy Community status),

and f(·) is a flexible polynomial or spline function in the centered running variable allowing

different slopes on either side of the threshold.

Following best practices [Lee and Lemieux, 2010], we will estimate local linear regression

specifications:

Yℓ = α0 + α1(Rℓ − c) + τ · ⊮{Rℓ ≥ c}+ β1⊮{Rℓ ≥ c}(Rℓ − c) + uℓ (24)

using observations within bandwidth h of the cutoff, where |Rℓ − c| ≤ h. We will select

23



the bandwidth using the Calonico et al. [2014] data-driven optimal bandwidth selector,

which trades off bias and variance to minimize mean squared error. We will also present

results using alternative bandwidths including half and twice the optimal bandwidth to assess

sensitivity.

4.3.2 Fuzzy RD: Actual Investment as Outcome of Energy Community Status

Energy Community designation may affect investment through the enhanced tax credits but

the relationship between eligibility and actual investment received is not deterministic. Some

Energy Communities receive no investment while some non-Energy Communities receive

substantial investment based on other location advantages. This motivates a fuzzy regression

discontinuity design treating Energy Community status as an instrument for investment

received.

The first-stage relationship is:

Investℓ = π0 + π1 · ⊮{Rℓ ≥ c}+ g(Rℓ − c) +X ′
ℓγ + vℓ (25)

The reduced-form relationship is:

Yℓ = ρ0 + ρ1 · ⊮{Rℓ ≥ c}+ g(Rℓ − c) +X ′
ℓδ + ϵℓ (26)

The fuzzy RD estimator is the ratio of reduced-form to first-stage discontinuities:

τ̂FRD =
ρ̂1
π̂1

(27)

This estimates the local average treatment effect for compliers, defined as counties whose

investment status is affected by crossing the Energy Community eligibility threshold.
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4.3.3 Validity Tests

We will assess the validity of the RD design through several diagnostic tests. First, we will

implement the McCrary [2008] density test examining whether the density of the running

variable is continuous at the threshold. A discontinuity in the density would suggest manip-

ulation of the running variable around the cutoff, violating the identification assumptions.

Second, we will conduct balance tests estimating RD specifications with pre-treatment co-

variates as outcome variables. If covariates exhibit discontinuities at the threshold, this

suggests that units just above and below the cutoff differ systematically on characteristics

that may independently affect outcomes. Third, we will implement placebo tests examining

whether outcomes measured in pre-treatment periods exhibit discontinuities at the thresh-

old. Any such discontinuities would indicate confounding factors correlated with threshold

crossing rather than causal effects of Energy Community status. Fourth, we will implement

donut RD specifications excluding observations very close to the threshold [Barreca et al.,

2016], assessing whether results are driven by potential sorting or measurement error near

the cutoff.

4.4 Instrumental Variables Using Renewable Energy Potential

Counties differ substantially in their potential for renewable energy generation due to exoge-

nous geographic characteristics. We will exploit this variation using instrumental variables

strategies based on shift-share designs.

4.4.1 Shift-Share Instrument Construction

The instrument combines location-specific exposure measures (shares) with common aggre-

gate shocks (shifts). For county ℓ, we construct:

Zℓ =
∑
k∈K

sℓk · gk (28)
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where k indexes renewable energy technology types (solar photovoltaic, onshore wind, off-

shore wind, geothermal), sℓk represents county ℓ’s exposure or suitability for technology

k (the share), and gk represents the nationwide shift in investment toward technology k

following IRA enactment.

We will construct the shares using data from the National Renewable Energy Laboratory

on county-level renewable energy technical potential and capacity factors. Specifically:

sℓk =
CapacityFactorℓk∑

ℓ′∈L CapacityFactorℓ′k
(29)

where CapacityFactorℓk represents the average capacity factor (ratio of actual to maximum

potential generation) for technology k in county ℓ based on solar irradiance, wind speeds at

relevant hub heights, or geothermal gradients. These capacity factors depend on geological

and meteorological conditions that are plausibly exogenous to economic outcomes.

The shifts are defined as:

gk =
Investmentpost-IRA

k − Investmentpre-IRA
k

Investmentpre-IRA
k

(30)

measuring the percentage increase in nationwide investment in technology k comparing pe-

riods after and before IRA enactment.

4.4.2 Identification Approaches

Following Borusyak et al. [2022], we will implement the quasi-experimental shift-share ap-

proach where identification relies on exogeneity of the shifts gk. The key assumption is that

conditional on controls, nationwide policy-driven investment shifts are orthogonal to unob-

served local determinants of economic outcomes. This assumption is plausible if IRA passage

and the resulting investment shifts were driven by national political economy considerations

rather than economic conditions in specific locations.

Alternatively, following Goldsmith-Pinkham et al. [2020], we can implement the expo-
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sure shares approach where identification relies on exogeneity of the shares sℓk. The key

assumption is that conditional on controls, counties with different renewable energy poten-

tial are comparable on unobserved determinants of economic outcomes. This assumption

is plausible if geology and meteorology determining renewable potential are independent of

local economic factors.

4.4.3 Empirical Specifications

The first-stage relationship is:

Investℓt = δ0 + δ1Zℓ × Postt + αℓ + γt +X ′
ℓtπ + vℓt (31)

where Postt = ⊮{t ≥ 2022Q3} indicates periods after IRA enactment. The reduced-form

relationship is:

Yℓt = ρ0 + ρ1Zℓ × Postt + αℓ + γt +X ′
ℓtθ + uℓt (32)

The two-stage least squares estimator is:

β̂2SLS =
ρ̂1

δ̂1
(33)

We will assess instrument strength using the first-stage F-statistic, with the Stock and

Yogo [2005] rule of thumb that F-statistics exceeding ten provide adequate protection against

weak instrument bias. For the shift-share instrument with clustered standard errors, we will

use the Kleibergen-Paap rk Wald F-statistic.

4.4.4 Validity Assessment

We will assess the exclusion restriction through several approaches. First, we will conduct

balance tests examining whether counties with higher instrument values differ systematically

on pre-treatment observable characteristics after conditioning on the included controls. Sec-
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ond, we will implement Rotemberg weight analysis [Goldsmith-Pinkham et al., 2020], which

decomposes the IV estimate into a weighted average of individual share-specific coefficients

and examines which shares drive the overall estimate. Shares with implausibly large weights

or implausible sign patterns suggest violations of the exclusion restriction. Third, when us-

ing different technology types as separate instruments, we will implement overidentification

tests. Fourth, we will conduct sensitivity analysis following Conley et al. [2012], examining

how results change under various magnitudes of exclusion restriction violations.

4.5 Spatial Econometric Methods

The theoretical model predicts spatial spillovers operating through agglomeration economies

and input-output linkages. We will test these predictions using spatial econometric specifi-

cations that explicitly model dependence across neighboring locations.

4.5.1 Spatial Durbin Model

The spatial Durbin model (SDM) incorporates both a spatial lag of the dependent variable

and spatially lagged explanatory variables:

Yℓt = ρ
∑
ℓ′ ̸=ℓ

wℓℓ′Yℓ′t + β1Investℓt + β2

∑
ℓ′ ̸=ℓ

wℓℓ′Investℓ′t

+X ′
ℓtθ1 +

(∑
ℓ′ ̸=ℓ

wℓℓ′Xℓ′t

)′

θ2 + αℓ + γt + uℓt

(34)

where wℓℓ′ are elements of a row-normalized spatial weight matrix W defining the neighbor-

hood structure, ρ is the spatial autoregressive parameter capturing the strength of spatial

dependence in outcomes, β1 measures direct effects of own-county investment, and β2 cap-

tures effects of investment in neighboring counties.
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4.5.2 Spatial Weight Matrix Specifications

We will specify spatial weight matrices using three approaches. First, contiguity-based

weights where wℓℓ′ = 1 if counties ℓ and ℓ′ share a border and zero otherwise, followed

by row normalization so that each row sums to one. Second, distance-based weights where

wℓℓ′ = 1/dαℓℓ′ for counties within radius r kilometers of each other, where dℓℓ′ is the distance

between county centroids and the decay parameter α will be set to one or two. Counties

beyond radius r receive zero weight. Third, economic distance weights based on similarity

of industrial structures or input-output linkages between counties.

4.5.3 Direct, Indirect, and Total Effects

In spatial models, marginal effects must account for feedback loops where changes in one

location affect neighbors, which in turn feed back to the original location. Following LeSage

and Pace [2009], we will compute three summary measures. The average direct effect captures

the impact of changing the explanatory variable in location ℓ on the outcome in location ℓ:

M̄D = n−1tr
[
(In − ρW)−1(β1In + β2W)

]
(35)

The average indirect effect captures the impact of changing the explanatory variable in

all other locations ℓ′ ̸= ℓ on the outcome in location ℓ:

M̄I = n−1i′n
[
(In − ρW)−1(β1In + β2W)− diag

(
(In − ρW)−1(β1In + β2W)

)]
in (36)

The average total effect is the sum:

M̄T = M̄D + M̄I (37)

These measures properly account for spatial feedback and provide interpretable sum-

maries of direct and spillover effects.
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4.5.4 Estimation and Inference

We will estimate spatial panel models with fixed effects using maximum likelihood on trans-

formed data that eliminates the fixed effects. To address incidental parameters bias arising

in short panels, we will implement the bias-corrected estimator of Lee and Yu [2010]. For

inference, we will compute standard errors that are robust to heteroskedasticity and spatial

correlation using the Conley [1999] approach, which allows for spatial correlation declining

with distance up to some cutoff.

5 Data Sources and Construction

We will construct a comprehensive county-quarter panel dataset covering all United States

counties from the first quarter of 2018 through the fourth quarter of 2024, with potential

extension through 2026 as additional data become available.

5.1 Green Investment Data

The primary investment data source will be the Clean Investment Monitor database main-

tained by Rhodium Group in partnership with the MIT Center for Energy and Environmental

Policy Research [Larsen et al., 2023, 2024]. This database tracks over twenty thousand clean

energy facilities nationwide including manufacturing plants, utility-scale renewable genera-

tion projects, energy storage installations, and related investments. We will request academic

data access from the research team to obtain facility-level records including geographic coor-

dinates, county FIPS codes, congressional district identifiers, investment amounts in millions

of dollars, technology classifications, announcement dates, planned and actual operational

dates, expected employment during construction and operational phases, funding sources

distinguishing federal tax credits from state incentives and private capital, and company

ownership information.

We will supplement the Clean Investment Monitor with data from the Atlas Public Policy
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Clean Economy Tracker, which provides weekly updates on manufacturing facilities and

includes explicit Energy Community eligibility flags. We will also incorporate Department

of Energy Loan Programs Office data on federal financing for major projects. After cleaning

and deduplication across sources, we will geocode all facilities to county FIPS codes and

aggregate to county-quarter level, creating variables for cumulative investment amounts,

facility counts by technology type, expected employment, and treatment indicators based on

substantial investment thresholds.

5.2 Employment and Economic Outcomes

We will obtain county-level employment and wage data from the Bureau of Labor Statistics

Quarterly Census of Employment and Wages, which provides comprehensive coverage based

on state unemployment insurance records. The QCEW includes employment counts, total

wages, average weekly wages, and establishment counts with detailed industry breakdowns

at the NAICS two-digit through six-digit level. We will extract quarterly data for all counties

covering total employment, manufacturing employment by detailed subsector, clean energy

manufacturing including solar panel manufacturing (NAICS 334413), battery manufacturing

(NAICS 335912), and motor vehicle manufacturing (NAICS 3361), and fossil fuel employ-

ment including coal mining (NAICS 2121), oil and gas extraction (NAICS 211), and fossil

fuel electric power generation (NAICS 221112).

Additional economic data will come from the American Community Survey five-year esti-

mates providing county-level population, demographic composition, educational attainment,

median household income, poverty rates, and industry of employment. We will use the

Census Bureau County Business Patterns for annual establishment counts and employment

distributions by firm size class. County-level gross domestic product, personal income, and

industry contributions will come from the Bureau of Economic Analysis Regional Economic

Accounts.

31



5.3 Geographic and Infrastructure Characteristics

We will obtain renewable energy potential data from the National Renewable Energy Labora-

tory including the National Solar Radiation Database providing county-level solar irradiance

and capacity factors, the Wind Integration National Dataset providing wind speeds and ca-

pacity factors at various hub heights, and technical potential estimates for utility-scale solar,

rooftop solar, onshore wind, offshore wind, and geothermal generation. We will process these

geospatial datasets using GIS software to calculate county-level averages.

Additional geographic data will include existing energy infrastructure from the Energy

Information Administration Form 860 database of all power plants and generators, transmis-

sion line locations from Homeland Infrastructure Foundation Level Data, port and freight

rail access from the Bureau of Transportation Statistics National Transportation Atlas, and

Energy Community designation boundaries from the Internal Revenue Service interactive

map. We will calculate distances from county centroids to nearest major infrastructure and

create spatial weight matrices for the econometric analysis.

5.4 Panel Construction Procedure

We will construct the final analysis dataset through the following steps. First, we will

process the facility-level investment data to create county-quarter aggregates of investment

amounts, facility counts, and expected employment. We will define treatment variables

including the quarter of first substantial investment and cumulative investment through

each quarter. Second, we will merge Bureau of Labor Statistics employment data creating a

balanced county-quarter panel and calculate growth rates and industry shares. Third, we will

merge annual data from the American Community Survey and Bureau of Economic Analysis,

forward-filling quarterly observations within each year. Fourth, we will merge time-invariant

geographic characteristics including renewable energy potential, existing infrastructure, and

Energy Community designation. Fifth, we will calculate spatial weight matrices and spatially

lagged variables for the spatial econometric analysis. Finally, we will implement data quality
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checks, verify merge accuracy, and export the final dataset in multiple formats for analysis.

6 Expected Contributions and Policy Implications

This research will make several contributions to understanding the regional economics of

energy transitions and place-based industrial policy.

6.1 Scientific Contributions

The research will advance three literatures. First, it will contribute to understanding how

public expenditures in energy markets affect regional and national economic aggregates, a

question of direct relevance given the magnitude of IRA subsidies and similar policies being

implemented internationally. While substantial research examines aggregate macroeconomic

effects of energy price shocks, relatively little analyzes the regional economic consequences of

place-based energy subsidies. The spatial dimension proves critical for understanding both

the magnitude and distribution of impacts.

Second, the paper will contribute to the literature on place-based policies and regional de-

velopment by providing rigorous evidence on whether clean energy manufacturing exhibits

agglomeration economies and generates regional spillovers. If concentrated green invest-

ments create self-reinforcing development similar to Kline and Moretti [2014]’s findings for

the Tennessee Valley Authority, this has important implications for optimal subsidy alloca-

tion during energy transitions. The research will identify specific channels through which

agglomeration operates and quantify how rapidly spillover effects decay with distance.

Third, the findings will inform understanding of energy transition dynamics and policy

design. Theoretical models of directed technical change [Acemoglu et al., 2012] typically

abstract from spatial considerations and implementation details. By examining how the

geographic distribution of investments affects aggregate outcomes and distributional impacts,

the research will provide evidence relevant for comparing subsidy-based approaches to carbon
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pricing and for designing policies that balance efficiency, equity, and political sustainability

concerns.

6.2 Policy Implications

The research will generate several policy-relevant insights. First, the magnitude of direct

employment effects and their persistence will inform cost-effectiveness assessments of place-

based energy subsidies. If employment multipliers are large and sustained, this strengthens

the case for subsidy-based approaches. If effects are small or temporary, this suggests alter-

native policy designs may prove more efficient.

Second, the spatial analysis will reveal whether benefits concentrate narrowly in direct

recipients or extend to neighboring regions. If spillovers are substantial, this implies that

the effective coverage of place-based policies exceeds their direct geographic targeting. If

spillovers are minimal, this suggests benefits accrue narrowly with implications for equity

and political support.

Third, the Energy Community analysis will assess whether geographic targeting success-

fully channels benefits toward vulnerable fossil-fuel-dependent communities. If the regression

discontinuity estimates show large effects at eligibility thresholds, this validates the target-

ing mechanism. If effects are small, this suggests additional policy tools may be needed to

support these communities during transitions.

Fourth, the heterogeneity analysis will identify which baseline conditions moderate treat-

ment effects, informing optimal allocation strategies. If effects are larger in regions with ex-

isting manufacturing presence, this suggests concentrating investments in industrial clusters.

If effects are larger in economically distressed areas, this suggests prioritizing equity over

efficiency may not sacrifice aggregate impacts.
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7 Research Timeline

The research plan will proceed according to the following timeline. During the period from

November 2025 through January 2026, we will finalize data acquisition from all sources, com-

plete merging procedures, and conduct comprehensive data quality checks. During February

through March 2026, we will implement the five empirical specifications, conducting esti-

mation and inference for each identification strategy. During April through May 2026, we

will complete robustness checks, heterogeneity analysis, and mechanism investigations. We

will prepare a complete draft for the virtual pre-conference in May 2026. Following feedback

from the pre-conference, we will revise and extend the analysis during summer 2026, incor-

porating any additional data that becomes available. The final paper will be completed for

presentation at the December 2026 conference.

8 Conclusion

This research proposal outlines a comprehensive empirical investigation of how place-based

energy subsidies affect regional employment, investment, and economic growth during the

energy transition. The Inflation Reduction Act provides an unprecedented opportunity to

examine these questions using quasi-experimental variation in investment allocation across

United States counties. By combining spatial economic theory with five complementary

identification strategies and comprehensive administrative data, the research will provide

robust evidence on the regional economic effects of green industrial policy. The findings will

advance scientific understanding of energy transitions, place-based policies, and agglomera-

tion economies while informing ongoing debates about optimal climate policy design. The

spatial analysis will reveal whether benefits extend beyond direct recipients through regional

spillovers, with important implications for assessing the efficiency, equity, and political sus-

tainability of subsidy-based approaches to accelerating clean energy deployment.
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