
WORKING PAPER SERIES

Title

Authors Date MIT Center for 
Real Estate Research
Paper No.

Serving the Servers: Do Data 

Centers Create Local 

Employment?

Ernesto Aldana

Simon Büchler

Alexander Carlo

Lyndsey Rolheiser

Albert Saiz

Carles Vergara 

September 2026

26/11

Electronic copy available at: https://www.ssrn.com/index.cfm/en/mit-center-real-estate-res/



  
 
Serving the Servers: Do Data Centers Create Local Employment?1 
Ernesto Aldana, Simon Büchler, Alexander Carlo, Lyndsey Rolheiser, Albert Saiz, 
Carles Vergara  
MIT Center for Real Estate Research Paper No. 26/11 
September 2026 
 

Abstract 
 
Data centers are among the most capital-intensive investments in the modern 
economy, yet they employ relatively few workers directly. Do these investments 
generate jobs elsewhere in the local economy? Combining proprietary data on 1,584 
U.S. data centers with synthetic difference-indifferences and local projections, we find 
that local non-construction employment changes little for two years after a data center 
opens, then begins to rise. Installed capacity is associated with 7.4 additional non-
construction jobs per megawatt (MW). Because each installed MW also predicts a 
further 1.7 MW of capacity over the same period, this corresponds to 2.74 jobs per 
effective MW. These gains are concentrated in two sectors: transportation/ 
warehousing, and professional/technical services. Retail, restaurants, and other local 
services show little employment growth. Existing capacity mostly predicts expansion 
by incumbent operators, and only a small share of subsequent capacity is attributable 
to new entrants. Large capital investments can therefore generate local jobs even 
when the facilities themselves employ few workers. 
 
Ernesto Aldana  
Clemson University 
 
Simon Büchler 
Miami University 
 
Alexander Carlo 
York University 
 
Lyndsey Rolheiser 
York University 
 
Albert Saiz 
Massachusetts Institute of Technology 
 
Carles Vergara 
IESE Business School 
 
The views expressed herein are those of the authors and do not necessarily reflect 
the views of the MIT Center for Real Estate. 

MIT Center for Real Estate working papers are circulated for discussion and 
comment purposes and have not been peer-reviewed. 

 
1We thank participants at the 2026 AREUEA International Conference for helpful comments and suggestions. We 

also thank Rom.n Modrego and Alp Oenguec for excellent research assistance.. 



1 Introduction

Data centers have become one of the largest categories of infrastructure investment. The rapid

expansion of cloud computing services and artificial intelligence (AI) has sharply increased demand

for computing capacity. Recent estimates suggest that U.S. data center investment will reach

$370 billion in 2026, while nearly $7 trillion could be invested worldwide by 2030.1 Although the

computing services supported by data centers can be accessed from virtually anywhere, the facilities

themselves are large, place-based capital investments whose effects on surrounding economies remain

poorly understood.

The local stakes are substantial. Federal initiatives seek to accelerate the development of AI

infrastructure (White House, 2025a,b). At the same time, state and local governments compete to

attract data centers with tax incentives and subsidies (National Conference of State Legislatures,

2026; Gargano and Giacoletti, 2025).2 But the local economic case for these incentives is not

obvious. Data centers require large amounts of electricity and water (Mytton, 2021), can raise

electricity prices (Kay et al., 2026), and generate other local environmental costs (Gour et al.,

2026). Once construction ends, they directly employ relatively few workers (Ryu and Hiatt, 2025).

These tradeoffs have fueled local opposition to new projects (Faverio and Kikuchi, 2026; Mathur

and Sharma, 2026).3 The economic case for attracting data centers therefore depends in part on

whether these investments generate broader local economic activity.

Data center investment can affect local economies through several channels.4 Data centers rely

on local suppliers for maintenance, security, real estate, and other services (Sarte et al., 2024).

The resulting employment and income can also increase demand for restaurants, retail, and other

local services (Carlino and Saiz, 2019; Almagro and Domínguez-Iino, 2025). Data centers may

also generate within-industry agglomeration economies. A new facility can benefit from the fiber

networks, power infrastructure, and connectivity already built around existing facilities. Whether
1Brandsaas et al. (2025) forecast annualized investment of approximately $370 billion by the second quarter of

2026. McKinsey estimates that global capital expenditures on data center infrastructure could reach nearly $7 trillion
by 2030, with more than 40 percent occurring in the United States.

2For example, Texas provides sales tax exemptions on data center equipment and electricity conditional on invest-
ment, employment, and facility-size requirements.

3According to Data Center Watch, local opposition contributed to the delay or cancellation of data center projects
worth approximately $156 billion in 2025; see The New York Times, March 26, 2026. See also Mathilda Scott,
“Updates on the Cloud: More Moratoriums on Data Centers,” Rockefeller Institute of Government, June 10, 2026,
which documents recent state and local efforts to restrict or temporarily pause data center development.

4The computing services supported by data centers, including AI, may have large national-level effects on labor
and capital productivity across sectors (Acemoglu and Restrepo, 2018). We focus instead on the localized economic
effects of the facilities themselves.
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existing data center activity attracts new operators is ultimately an empirical question.

Figure 1 provides a first look at local economic activity around major data center development.

We focus on three different markets: Loudoun County, Virginia; Berkeley County, South Carolina;

and Morrow County, Oregon. Loudoun is the country’s largest data center market, while Berkeley

and Morrow illustrate the industry’s expansion into smaller local economies. The figure traces non-

construction employment,5 establishments, and average earnings around data center development.

All three counties experienced substantial changes in local economic activity over this period. But

these patterns are descriptive. They do not tell us how these counties would have evolved without

data center investment.

Figure 1: Local Economic Activity Around Data Center Development: Three Illustrative Coun-
ties

Note: The figure shows non-construction employment, establishments, and average earnings around data center
development in Loudoun County, Virginia; Berkeley County, South Carolina; and Morrow County, Oregon. For
Berkeley and Morrow Counties, year 0 marks the first observed data center activation, in 2008 and 2015, respectively.
Because Loudoun County already hosted a data center at the beginning of the sample, year 0 instead marks the first
observed activation above 50 MW, which occurred in 2000 and added 120 MW of capacity. Outcomes are indexed to
100 in year 0. Solid lines represent county outcomes, long-dashed lines the corresponding state averages, and dotted
lines the U.S. average. State and national averages are shown for comparison only.

5We exclude construction employment because it largely reflects temporary labor demand associated with building
the facility.
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Data center location is endogenous.6 Electricity costs, fiber connectivity, available land, tax

incentives, and other local conditions shape where facilities are built (Du et al., 2026; Carlo and

Rolheiser, 2026). These conditions can also shape local employment growth. A county that never

hosts a data center may therefore be a poor comparison for one that does. Scale creates a different

problem. Most U.S. counties have no installed data center capacity.7 Among counties with data

centers, installed capacity varies widely.8 County labor markets also differ greatly in size. The

same percentage change can therefore represent very different changes in capacity or employment,

making conventional logarithmic specifications difficult to interpret (Chen and Roth, 2024).

Investment continues after initial entry, and existing facilities frequently expand. An event study

around first activation captures these later investments as part of the average post-entry response

across heterogeneous facilities. In addition, it cannot tell us how the response varies with installed

capacity. The opposite problem arises when each facility’s entry or expansion is treated as a separate

event because it ignores the capacity already operating.

Our data let us observe when data centers become operational, where they are located, and their

installed computing capacity, including subsequent expansions. The proprietary Aterio database

covers U.S. data centers from 2000 through 2023.9 Our analysis follows 1,584 active facilities with

known activation dates and links them to county-level employment, establishments, earnings, and

other local outcomes. We use the timing of the first data center activation to estimate the average

effect of the initial entry across counties (the extensive margin of entry). Synthetic difference-

in-differences compares treated counties with never-treated counties that had similar employment

paths before activation. We then use installed capacity to study how local outcomes vary with

the scale of data center investment within counties (an intensive margin). Local projections relate

cumulative changes in these outcomes to installed MW across counties and over time. Because we

estimate the specifications in levels, the employment coefficients are measured in jobs per MW.

The results indicate a gradual increase in local employment following data center entry. Non-

construction employment increases slowly in the first two years after activation. It then rises by

roughly 1,000 to 1,300 jobs at horizons of three through five years, although the estimates are
6Appendix A.1 discusses in detail the empirical challenges that arise when estimating the local effects of data

center investment and how they shape our empirical approach.
7Of the 3,121 counties included in the geographic sample, 2,860 (91.6%) had no active data center by 2023.
8Data center capacity is conventionally measured in megawatts (MW), capturing the maximum instantaneous

power available to operate servers, cooling systems, and supporting infrastructure. Modern data center racks vary
substantially in density and computing power, making MW a more informative measure of capacity than square
footage (Shehabi et al., 2024).

9Our sample therefore predates much of the recent AI-driven expansion in hyperscale data center investment. Our
estimates should not be mechanically extrapolated to the newest generation of AI-focused facilities.
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imprecise. The intensive-margin results show a similar buildup over time. One additional MW of

installed capacity is associated with 7.4 additional non-construction jobs after five years and predicts

1.7 MW of subsequent capacity. Accounting for this additional capacity, the employment response

corresponds to 2.74 jobs per effective MW.

The employment gains are sectorally concentrated. Transportation and warehousing and profes-

sional and technical services show the largest employment responses. House prices increase in some

specifications. Retail, accommodation and food services, information, and administrative services

show little evidence of employment growth. Our capacity results point to persistence around estab-

lished data center locations. Most follow-on investment reflects continued investment by operators

already present in the county. However, incumbent investment also predicts subsequent capacity

from new operators, which accounts for about 30 percent of the associated capacity growth. In

contrast, new-operator entry does not predict successive entry by additional operators. Establish-

ment estimates are positive but imprecise, while earnings increase modestly, particularly outside

Loudoun County. The main employment patterns are robust to alternative estimators, employment

data sources, and excluding the largest data center hubs.

The composition of employment growth suggests that production linkages play an important

role: employment rises most in sectors that support data center operation, while local service sectors

respond much less. Combined with the persistence of investment around established locations, these

patterns are consistent with local supplier demand and established data center clusters mattering

more than broad local expenditure effects.

Our findings contribute to two strands of research. First, we add to the emerging literature on

the local economic effects of data centers. Existing studies find limited employment effects at the

state level (Hicks, 2025; O’Leary, 2025) and mixed effects at finer geographic scales (Gargano and

Giacoletti, 2025; Alvarez et al., 2026; Bahar and Wright, 2026). We study both the arrival and scale

of data center investment. This distinction lets us trace employment after first activation and quan-

tify how local employment varies with installed MW. Our empirical approach builds on the urban

economics literature, which shows that local growth is partly predictable from initial conditions.

We also address several outstanding empirical issues in innovative ways (see Appendix A.1).

Second, our findings speak to the broader literature on agglomeration and place-based invest-

ment. Local suppliers, shared infrastructure, thick labor markets, and local demand for non-tradable

goods can shape how large investments affect nearby economic activity (Marshall, 1920; Rosenthal

and Strange, 2004; Duranton and Puga, 2004; Greenstone et al., 2010; Kline and Moretti, 2014;
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Baum-Snow et al., 2024). These effects can be empirically substantial (Greenstone et al., 2010;

Kline and Moretti, 2014). Data centers provide an unusual setting. They require enormous fixed

investments but relatively little direct labor. They can deliver output remotely, so customers need

not locate near the facilities. Our results show that even this type of capital-intensive investment

can be associated with substantial employment growth where the capital is installed.

The rest of the paper is organized as follows. Section 2 develops the conceptual framework,

Section 3 describes the data, Section 4 presents the empirical analysis, and Section 5 concludes.

2 Conceptual Framework

Data center investment can affect local economies through three channels: direct employment,

demand for local suppliers and services, and subsequent data center investment. Let K denote data

center computing capacity, measured in megawatts (MW). Direct data center employment can be

written as

LD = λ(K)K, (1)

where λ(K) is direct employment per unit of installed capacity. Data centers are labor-light when

λ(K) is small. Industry calculations and our own evidence suggest that employment intensity

declines with facility scale, so that λ′(K) < 0.10 Larger facilities can therefore add substantial

computing capacity without a proportional increase in direct employment.

Data centers also rely on local suppliers for inputs and services. We denote these supplier sectors

by S. We denote retail, restaurants, and other local service sectors by N . Letting a hat denote a

proportional change, employment in either sector can respond to changes in data center capacity

according to

L̂j = θjK̂, j ∈ {S,N}. (2)

A positive θS is consistent with production linkages through demand for complementary local in-

puts and services. A positive θN is consistent with additional employment and income increasing

demand for local goods and services. The sectoral composition of employment growth therefore

helps distinguish these two channels.

Existing data center capacity may also predict subsequent data center investment. We separate
10Ryu and Hiatt (2025) document that data center operational employment intensity per MW declines with facility

capacity. Highly automated hyperscale facilities require fewer full-time operations staff per MW than smaller enter-
prise facilities. These smaller facilities rely on more manual, less automated operations with greater on-site staffing.
This motivates modeling λ as decreasing in K.
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subsequent investment into expansion by incumbent operators and entry by new operators:

Kt+1 = Kt +∆KI
t+1 +∆KE

t+1, (3)

where ∆KI
t+1 denotes additional capacity from incumbent operators and ∆KE

t+1 denotes capacity

from new operators. Shared infrastructure, network connectivity, and other local advantages may

make established markets attractive for further investment. Incumbent expansion, however, may

also reflect phased development of an existing campus or persistent site advantages. New-operator

entry provides stronger evidence that established data center locations offer advantages that extend

beyond the incumbent operator. We therefore examine the two margins separately.

These channels yield different empirical patterns. Production linkages imply employment growth

in sectors that supply data centers. A local expenditure channel implies growth in retail, restaurants,

and other local services. Colocation implies that existing capacity predicts subsequent investment,

particularly by new operators. Appendix A.2 develops these relationships in a local equilibrium

model.

3 Data and Descriptive Evidence

3.1 Data Center Location, Size, and Timing

We use proprietary asset-level data from Aterio covering U.S. data centers from 2000 to 2023. For

each facility, we observe its geographic location, owner and operator, development stage, activation

date, site and building size, and installed power capacity. Aterio tracks projects from announce-

ment through construction and activation, as well as projects that are delayed or withdrawn. A

project enters the database at announcement only after reaching a site-specific milestone, such as

an agreement with a state or local government or the start of a formal permitting process. We do

not include general expansion plans without a defined site. We define activation as the point at

which a facility becomes operational. This distinction matters for timing. Construction and other

investment-related activity can begin before activation, while ongoing operating employment begins

once the facility becomes operational.

Table 1 provides summary statistics. Panel A reports the full database as of May 21, 2026,

which includes 6,858 U.S. projects across all development stages. Of these, 1,975 data centers are

operational, with a combined capacity of 45.9 GW. The development pipeline is considerably larger.
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Another 3,433 projects are classified as announced, representing 301.3 GW of planned capacity.

Announced facilities average 97.6 MW, compared with 24.6 MW among active facilities, showing

that projects in the current pipeline are substantially larger than existing facilities. The increasing

scale of new projects also motivates our focus on installed capacity rather than facility counts.

Activation dates are available for 1,967 of the 1,975 active facilities (99.6%).11 Panel B reports

the sample used in our analysis, which is restricted to active facilities activated between 2000 and

2023. This leaves 1,584 data centers with a combined capacity of 28.9 GW.

Table 1: Data Center Descriptive Statistics

Stage # DCs Total Capacity Capacity per Asset
(GW) (MW)

Min Avg Max

Panel A: Full inventory as of May 21, 2026

All stages 6,858 445.6 0.015 71.4 900.0

Active 1,975 45.9 0.015 24.6 350.0
Announcement 3,433 301.3 0.5 97.6 700.0
Cancelled 19 1.0 20.0 56.9 200.0
Construction 793 61.9 5.0 80.8 600.0
Delayed 79 6.5 9.0 82.8 167.0
Land Bank 52 2.3 4.0 63.1 519.0
Not Approved/Withdrawn 507 26.6 25.0 69.1 900.0

Panel B: Analysis sample, activation dates through 2023

Active 1,584 28.9 0.015 19.4 280.0

Note: The table reports the number and capacity of U.S. data center projects by development stage. Total capacity
is reported in gigawatts (GW), and capacity per facility is reported in megawatts (MW). Panel A reports the full
inventory observed when we accessed the data on May 21, 2026. Panel B reports the sample used in the empirical
analysis, restricting projects to those activated through 2023.

Figure 2 shows how the geography of data centers changed between 2000 and 2023. Early data

centers were concentrated in California and the Northeast. Since 2000, data center development has

spread across much of the country, including the South, Midwest, and Mountain West. The industry

nevertheless remains concentrated in a relatively small number of counties. Most U.S. counties host

no data centers, while installed capacity remains concentrated in established hubs. This combination

of geographic expansion and concentration generates large differences across counties in the timing

and scale of data center investment.12

11For 153 facilities, activation years were identified through manual research conducted by student research assis-
tants and added to the Aterio data.

12Appendix Figures A1 and A2 provide a closer view of this geographic expansion. They map county-level data
center activity in the states with the largest increases in data center counts and installed capacity.
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Figure 2: Geographic Distribution of U.S. Data Centers, 2000–2023

Note: The figure classifies counties by the presence of active data centers. “Existing (2000)” denotes counties with at
least one active data center in 2000 that remains active in 2023. “New (2000–2023)” denotes counties with no active
data center in 2000 and at least one active data center by 2023. “No data centers” denotes counties without an active
data center in either year.

We merge the Aterio data with county-level economic and demographic data to construct an

annual county panel. The underlying data cover 2000 through 2023, while the estimating sample

begins in 2001 because the specifications use outcomes or treatment changes relative to the preceding

year. We consolidate Virginia independent cities into their surrounding county equivalents. Our

baseline sample excludes the top 5% of counties by employment in 2000. In these large labor

markets, the employment associated with a data center is too small relative to normal year-to-year

fluctuations in employment, making employment-level effects difficult to detect.

3.2 Local Economic Outcomes and County Characteristics

3.2.1 Local Economic Indicators

County Business Patterns (CBP). Our primary source for local employment, wages, and busi-

ness activity (establishments) is the Census Bureau’s County Business Patterns (CBP). CBP reports

annual employment and establishment counts by county and industry from 2000 to 2023. We sepa-

rate construction employment (NAICS 23) from non-construction employment. We also separately
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examine employment in utilities (NAICS 22), retail trade (NAICS 44–45), transportation and ware-

housing (NAICS 48–49), information (NAICS 51), real estate (NAICS 53), professional, scientific,

and technical services (NAICS 54), administrative services (NAICS 56), and accommodation and

food services (NAICS 72). These industries include sectors linked to data center investment and

operations, as well as nontradable services that may respond to increased local income and demand.

CBP suppresses employment in some county-industry cells to protect confidentiality. We recover

these observations using the imputation procedure developed by Eckert et al. (2020). The procedure

combines the employment ranges reported for suppressed cells with adding-up constraints across

industries and geographies. The resulting panel provides our main employment measures, which we

also compare with Quarterly Workforce Indicator-based measures. Historical CBP data for 1980

and 1990 allow us to measure county employment growth from 1980 to 2000.

Quarterly Workforce Indicators (QWI). We use the Census Bureau’s Quarterly Workforce

Indicators (QWI) as an alternative source of employment and earnings (U.S. Census Bureau, 2026).

QWI draws primarily on state unemployment insurance wage records linked to worker and firm

characteristics and reports employment by county and industry. We aggregate the quarterly data

to annual frequency and construct the same non-construction employment measure as in CBP. The

QWI panel is shorter than CBP and contains more suppressed observations in thin labor markets.

House Price Index. We measure local house prices using the Federal Housing Finance Agency’s

county-level House Price Index (HPI) (Federal Housing Finance Agency, 2026).13

3.2.2 Electricity and Internet Infrastructure

Electricity prices. We measure county-level industrial electricity prices using utility-level data

from the U.S. Energy Information Administration (EIA) (U.S. Energy Information Administration,

2026). Electricity costs are an important determinant of data center location because these facilities

consume large amounts of power (International Energy Agency, 2025). We aggregate utility prices

to the county level and use state-level electricity price growth from the State Energy Data System

(SEDS) to extend the series to years without county-level coverage.14 In the empirical specifications,
13For consolidated Virginia counties with multiple HPI series, we retain the series with the longest coverage and use

2000 population as a tiebreaker. The house price index is not available for all counties in all years, as some counties
may not meet the minimum number of transactions required to produce the index.

14County-level EIA prices are available for 2011 and 2013–2023. For 2000–2010, we backcast 2011 county prices
using the corresponding state’s annual electricity-price growth. We use the same procedure to impute 2012 and other
missing county-year observations.
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we use the county’s 2000 industrial electricity price as a baseline characteristic and interact it with

a linear year trend. We do not control for contemporaneous electricity prices because of potential

endogeneity.

Internet infrastructure. We measure pre-existing internet infrastructure using retrospective

subnet data from CAIDA (CAIDA, 2026). The data record the number of active subnets announced

at each location. We use this measure to capture baseline differences in network connectivity across

counties. Established network infrastructure can make a location more attractive for data center

investment.

3.2.3 County Characteristics

Baseline demographics. We measure baseline county demographics using the 2000 Decennial

Census. Following the urban growth literature, the variables include the share of residents aged 25

and older with a bachelor’s degree or higher, the share of foreign-born residents, and the share of

residents under age 25. When the underlying data are available only at the census-tract level, we

aggregate them to the county level using population weights.

Population. We obtain annual county population from the Bureau of Economic Analysis Regional

Economic Accounts (U.S. Bureau of Economic Analysis, 2026). We use population to construct the

per-capita scenic amenity measure described below.

Natural amenities. We measure natural amenities using the USDA Economic Research Service

Natural Amenities Scale (U.S. Department of Agriculture, Economic Research Service, 2025). The

measures include standardized January temperature and the share of county land area covered by

water.

Scenic amenity. We measure scenic and natural attractiveness using the number of geotagged

photographs uploaded to Panoramio as of 2010, following Saiz et al. (2018) and Carlino and Saiz

(2019). We normalize the measure by county population.

Presidential election returns. We measure local political preferences using county-level pres-

idential election returns from the MIT Election Data and Science Lab (MIT Election Data and
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Science Lab, 2026). Republican vote share provides a time-varying measure of county political

preferences.15

4 Empirical Specifications and Results

Data centers do not locate randomly. Operators choose locations based on power infrastructure,

land availability, network connectivity, and other local conditions that may also shape economic

growth (Du et al., 2026; Carlo and Rolheiser, 2026). We use two complementary empirical designs

to study these investments.

Section 4.1 studies the extensive margin. We use synthetic difference-in-differences (SDiD) to es-

timate how local outcomes change following a county’s first data center activation. The method con-

structs counterfactuals from never-treated counties with similar pre-treatment employment trajecto-

ries. We additionally consider a robustness exercise using local projections differences-in-differences

(LP-DiD) in Appendix Section A.4.3.

Section 4.2 studies the intensive margin. We use local projections to relate changes in local

outcomes to installed data center capacity, measured in megawatts (MW), across counties and over

time. This design captures how local outcomes vary with the scale of data center investment and

allows us to express the employment response per MW.

4.1 Extensive Margin: First Data Center Activation

4.1.1 Specification

We estimate the effect of a county’s first data center activation using synthetic difference-in-

differences (SDiD) (Arkhangelsky et al., 2021) and its event-study extension (Ciccia, 2024). Data

centers locate selectively, so never-treated counties may not provide appropriate counterfactuals

for treated counties. SDiD addresses this concern by placing greater weight on control counties

with similar pre-treatment employment trajectories. It also weights pre-treatment periods accord-

ing to their relevance for constructing the counterfactual. The method extends synthetic control

approaches (Abadie, 2021) to settings with multiple treated units and periods.

Treatment begins in the year a county’s first data center becomes operational and remains active

thereafter. The donor pool consists of counties that do not receive a data center during the sample
15Presidential elections occur every four years. For non-election years, we assign the Republican vote share from

the most recent presidential election. We exclude Alaska and Hawaii from the analysis.
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period. As throughout our baseline analysis, we exclude the top 5% of counties by employment in

2000. We estimate dynamic treatment effects around the year of first activation.

Before constructing the synthetic comparison group, we residualize each outcome with respect

to observed county characteristics and fixed effects:

Ỹc,t = Yc,t − δ̂st − ω̂c − x′
c,tγ̂, (4)

where δst denotes state-by-year fixed effects and ωc county fixed effects. The vector xc,t includes

Republican vote share and baseline county characteristics interacted with linear year trends. The

baseline characteristics are measured in or prior to 2000 and include industrial electricity prices,

internet infrastructure, employment growth from 1980 to 2000, educational attainment, the shares of

foreign-born and young residents, water coverage, January temperature, and scenic amenity. These

controls allow counties with different initial characteristics to follow different trends, while avoiding

endogenous controls.

We then apply SDiD to the residualized outcomes. For non-construction employment, our

primary outcome, we estimate dynamic treatment effects following Ciccia (2024). We calculate

bootstrap standard errors, clustered at the county level, using Algorithm 2 of Arkhangelsky et al.

(2021).

For all secondary outcomes, we hold the SDiD unit and time weights fixed at those estimated

for non-construction employment.16 The same synthetic comparison group therefore underlies the

sectoral employment, establishment, earnings, electricity price, and house price estimates. We report

jackknife confidence intervals for these outcomes.17

4.1.2 Employment Effects of Data Center Entry

Figure 3 shows the employment response following first data center activation. Non-construction

employment changes little during the first two years. The response becomes larger after three years.

At horizons three through five, treated counties have, on average, about 1,000–1,300 more non-

construction jobs than their synthetic controls. The estimates are imprecise, but the pattern points

to a gradual employment response.
16More precisely, we use the unit and time weights obtained from steps 1–3 of Algorithm 1 in Arkhangelsky et al.

(2021).
17Jackknife variance estimation requires at least two estimates of sectoral employment, establishment, earnings,

electricity price, and house price per county per cohort. We therefore exclude two counties treated in 2002 and 2007,
respectively, when reporting these estimates. We opt for jackknife inference for this set of outcomes because, unlike
with bootstrap, the SDiD weights remain constant across iterations.
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Figure 3: Employment Effects of First Data Center Activation

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates for non-construction employ-
ment following a county’s first data center activation. Year 0 denotes the first year in which the data center is
operational, and estimates are relative to year t − 1. The blue series includes first activations of any size. The red
series restricts treatment to first activations with capacity of 5 MW or less, and the green series to first activations
with capacity greater than 25 MW. The donor pool consists of counties that never receive a data center during the
sample period. SDiD unit and time weights are estimated separately for each treatment definition. All estimates use
outcomes residualized by county and state-by-year fixed effects and the controls described in Section 4.1.1. Vertical
bars report 95% bootstrap confidence intervals.

The delayed response may reflect several forms of local adjustment. Firms may take time to

respond to new demand, workers may relocate gradually, and initial investment may be followed by

additional data center capacity. Section 4.2 examines the last channel directly.

Figure 3 also separates counties by the capacity of their first facility. The red series restricts

treatment to facilities of 5 MW or less, while the green series focuses on facilities larger than 25

MW. The small-facility estimates remain statistically insignificant, with point estimates of around

600 jobs at longer horizons. Large facilities show positive point estimates at most horizons, with a

larger and statistically significant response after five years. Confidence intervals are wide for both

groups.

These splits are substantially less precise than the pooled estimates, which include 102 counties,

compared with only 55 counties in the small-facility group and 30 in the large-facility group; the

remaining 17 counties, whose first facility falls between 5 and 25 MW, are not shown separately.
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We therefore use first activation, regardless of size, for the remaining extensive-margin analysis.

4.1.3 Sectoral Employment Effects

The aggregate employment response masks substantial differences across sectors. We therefore

estimate effects separately by industry. To keep the counterfactual comparable across outcomes, we

use the SDiD unit and time weights estimated for non-construction employment in Figure 3.

We first examine sectors that may provide inputs or services to data centers. Figure 4 reports

results for construction, transportation and warehousing, real estate, professional and technical

services, and utilities.

Construction follows a different timing pattern because facilities are built before they become

operational. We therefore shift construction employment back three years relative to first data

center activation. The estimates show construction employment rising before activation and then

dissipating once the facility becomes operational. The estimates remain imprecise throughout.

Real estate shows the clearest post-activation response. Employment increases gradually and

reaches approximately 100 additional jobs four years after activation. Professional and technical

services also show positive point estimates at longer horizons, although these estimates remain

imprecise. We find little evidence of employment growth in transportation and warehousing or

utilities.
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Figure 4: Employment Effects of First Data Center Activation by Selected Sector

Construction Transportation and Warehousing

Real Estate Professional and Technical Services

Utilities

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates for sector employ-
ment following a county’s first data center activation. Year 0 denotes the first year in which the data
center is operational, and estimates are relative to year t − 1. For construction, employment is shifted
back by 3 years relative to the first data center activation to capture activity associated with building
the facility before it becomes operational. For all other sectors, event time is defined relative to the year
of activation. The donor pool consists of counties that never receive a data center during the sample
period. The same SDiD unit and time weights estimated for non-construction employment are used for
all sector outcomes. All estimates use outcomes residualized by county and state-by-year fixed effects and
the controls described in Section 4.1.1. Vertical bars report 95% jackknife confidence intervals.

Figure 5 examines retail trade, accommodation and food services, information, and adminis-

trative services. Retail trade, information, and administrative services show no clear employment
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response. Accommodation and food services show positive point estimates at longer horizons, reach-

ing roughly 200 additional jobs four years after activation. The confidence intervals remain wide.

We therefore find little precise evidence of a broad employment response in local consumer-service

sectors.18

Overall, the extensive-margin estimates show employment gains in a limited set of industries.

Real estate provides the clearest evidence, while professional and technical services also show positive

but imprecise estimates. We find less evidence of a broad response across local consumer-service

sectors.

Figure 5: Employment Effects of First Data Center Activation in Other Local Sectors

Retail Trade Accommodation and Food Services

Information Administrative Services

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates for sector employ-
ment following a county’s first data center activation. Year 0 denotes the first year in which the data
center is operational, and estimates are relative to year t − 1. The donor pool consists of counties that
never receive a data center during the sample period. The same SDiD unit and time weights estimated for
non-construction employment are used for all sector outcomes. All estimates use outcomes residualized
by county and state-by-year fixed effects and the controls described in Section 4.1.1. Vertical bars report
95% jackknife confidence intervals.

18Appendix Figure A3 reports additional sectoral results. Telecommunications, computing infrastructure, and
data processing show positive employment responses at longer horizons, while estimates for the remaining sectors are
generally imprecise.

17



4.1.4 Business Activity and Earnings

We next examine local business activity, earnings, electricity prices, and house prices. Figure 6 re-

ports effects on the number of non-construction establishments, average monthly earnings, industrial

electricity prices, and house prices.

We find little evidence of changes in these outcomes. The number of establishments shows no

clear response over the five years after activation. Average monthly earnings decline slightly, but

the estimates are imprecise and statistically indistinguishable from zero.

We also find little evidence of changes in industrial electricity prices or house prices. The esti-

mates remain close to zero throughout the post-activation period and are statistically insignificant.

Figure 6: Effects of First Data Center Activation on Establishments, Earnings, Electricity
Prices, and House Prices

Number of Establishments Average Monthly Earnings

Industrial Electricity Prices House Prices

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates following a county’s
first data center activation. Year 0 denotes the first year in which the data center is operational, and
estimates are relative to year t − 1. The donor pool consists of counties that never receive a data
center during the sample period. The same SDiD unit and time weights estimated for non-construction
employment are used for all outcomes. All estimates use outcomes residualized by county and state-
by-year fixed effects and the controls described in Section 4.1.1. Electricity prices and house prices are
measured in logs. The earnings estimates use data from 2010 onward. Vertical bars report 95% jackknife
confidence intervals.
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Thus, the employment gains documented above do not coincide with detectable changes in

establishments, average earnings, industrial electricity prices, or house prices. However, the baseline

extensive-margin treatment captures the arrival of the first facility rather than the scale of installed

capacity or subsequent expansion. We next exploit variation in installed capacity to examine how

local outcomes vary with additional megawatts.

4.2 Intensive Margin: Installed Data Center Capacity

4.2.1 Specification

Data center investments vary enormously in scale. By 2023, among counties with at least one data

center, the 25th percentile of installed capacity was 2.12 MW and the 75th percentile was 85.12

MW. Six percent of these counties host more than 500 MW. We now exploit this variation.

Our baseline sample here includes counties with and without data centers, excluding the top 5%

by employment in 2000. The specification relates changes in local outcomes to differences in installed

capacity across counties and over time, after absorbing persistent county differences, common state-

year shocks, and observable determinants of economic growth or data center location. We allow

local employment to adjust gradually by estimating horizon-specific local projections following Jordà

(2005). For each horizon h, we estimate

yc,t+h − yc,t−1 = βhMWct + δhst + ωh
c + x′

c,tγ
h + εhct, (5)

where yc,t+h−yc,t−1 is the cumulative change in outcome y from t−1 through horizon h. The variable

MWct denotes installed data center capacity in county c and year t. County fixed effects, ωh
c , absorb

persistent differences across counties, while state-by-year fixed effects, δhst, absorb common state-

level shocks. The vector xc,t includes baseline county characteristics interacted with linear year

trends and is identical to those in Section 4.1.1. Standard errors are clustered by county.

Our primary estimate for βh is the cumulative change in local non-construction employment

associated with one additional MW of installed capacity at horizon h. We estimate the model

in levels rather than logarithms, as most county-year observations have zero installed data center

capacity. Unlike the extensive-margin design, we do not interpret differences in installed capacity

as conditionally random. The estimates therefore measure how local outcomes vary with installed

data center capacity rather than the causal effect of an exogenous increase in capacity.
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4.2.2 Employment Responses per Megawatt

Figure 7 shows how local employment and data center capacity evolve following an additional MW

of installed capacity. The employment response builds gradually. By the five-year horizon, one

additional MW is associated with 7.4 additional non-construction jobs. This pattern reflects local

firms and labor markets adjusting over time, rather than employment rising immediately when new

capacity comes online.

Installed capacity also predicts further data center investment. One additional MW is associated

with 1.7 MW of subsequent capacity between t and t + 6. The initial MW is therefore associated

with 2.7 MW of total capacity over the adjustment period. This follow-on investment matters for

interpreting the employment response. We therefore normalize the five-year employment response

by total effective MW in place after that period: 7.4
1+1.7 ≈ 2.74.

Figure 7: Local Employment and Subsequent Data Center Capacity per MW

Non-construction Employment Subsequent Data Center Capacity

Notes: The figure reports estimates of equation (5) for horizons h = 0, . . . , 5, together with pre-treatment

estimates for horizons h = −5, . . . ,−1. The treatment variable is installed data center capacity, measured

in MW, in county c and year t. The left panel reports the cumulative change in non-construction employ-

ment from t − 1 through horizon h associated with one additional MW of installed capacity. The right

panel reports the cumulative change in installed data center capacity over the same horizon associated

with one additional MW at time t. Shaded bands report 95% confidence intervals based on standard er-

rors clustered by county. All specifications include county and state-by-year fixed effects and the controls

described in Section 4.2.1.

Table 2 reports the five-year estimates and examines the influence of Loudoun County, Virginia,

the largest data center market in our sample. Excluding Loudoun increases the employment coef-

ficient from 7.4 to 9.2 jobs per MW, while subsequent capacity growth falls from 1.7 to 0.9 MW.
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Employment per effective MW consequently rises from 2.74 to 4.83. The baseline employment result

is therefore not driven by Loudoun County.

One concern is that these local employment gains could reflect displacement from nearby coun-

ties. Appendix Table A1 examines employment in directly adjacent counties. We find no evidence

of employment losses in neighboring counties as data center capacity expands.

Our sample ends in 2023, before the recent wave of much larger AI-related projects entered

operation. The estimates describe the historical relationship between data center capacity and local

employment over our sample period. They do not need to scale proportionally to the much larger

facilities now under development.

Table 2: Employment and Subsequent Data Center Capacity per MW

Panel A: Cumulative change in non-construction employment
(1) (2)

Baseline sample Excl. Loudoun

Installed DC capacity (MW), year t 7.434∗∗∗ 9.214∗∗

(2.626) (4.248)

Employment per effective MW 2.74 4.83

Within R-squared 0.179 0.179
Observations 52,560 52,542

Panel B: Cumulative change in installed data center capacity
(1) (2)

Baseline sample Excl. Loudoun

Installed DC capacity (MW), year t 1.713∗∗∗ 0.909∗∗∗

(0.330) (0.298)

Within R-squared 0.692 0.209
Observations 52,560 52,542

Notes: The table reports estimates of equation (5) at the five-year horizon. Panel A reports the cumulative
change in non-construction employment from t−1 through t+5 associated with one additional MW of installed
data center capacity in year t. Panel B reports the change in installed data center capacity from t through t+6
associated with one additional MW of installed capacity in year t. The baseline sample excludes the top 5% of
counties by employment in 2000. Column (2) additionally excludes Loudoun County, Virginia. “Employment
per effective MW” equals the coefficient in Panel A divided by one plus the corresponding coefficient in Panel B
and is reported as an accounting normalization without a joint standard error. All specifications include county
and state-by-year fixed effects, Republican vote share, and baseline county characteristics interacted with linear
year trends: industrial electricity prices, internet infrastructure, 1980–2000 employment growth, the share with
a bachelor’s degree, the foreign-born share, the share under age 25, the share of land covered by water, January
temperature, and scenic amenity. Standard errors clustered by county are reported in parentheses. ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.2.3 Incumbent Expansion and New-Operator Entry

Installed capacity predicts subsequent data center investment. Does this relationship reflect contin-

ued investment by incumbent operators or new-operator entry?
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Table 3: Employment and Subsequent Data Center Capacity by Operator Type

Panel A: Cumulative change in non-construction employment, by operator type of MW added

(1)
Jobs (t− 1 to t+ 5)

MW from incumbent operator (same-operator expansion) 3.910
(4.128)

MW from new operator (first entry to county) 19.33
(15.31)

Within R-squared 0.179
Observations 52,560

Panel B: Cumulative change in installed data center capacity, by operator type of MW added

(1)
MW in place (t to t+ 6)

MW from incumbent operator (same-operator expansion) 2.074∗∗∗

(0.427)

MW from new operator (first entry to county) 0.798
(0.583)

Within R-squared 0.704
Observations 52,560

Panel C: Operator decomposition of subsequent data center capacity

(1) (2)
Existing-operator MW New-operator MW

(t to t+ 6) (t to t+ 6)

MW from incumbent operator (same-operator expansion) 1.453∗∗∗ 0.620∗∗∗

(0.254) (0.190)

MW from new operator (first entry to county) 1.583∗∗∗ -0.777∗∗∗

(0.527) (0.143)

Within R-squared 0.758 0.329
Observations 52,560 52,560

Notes: Panels A and B split installed data center capacity into mutually exclusive categories based on operator
identity. Incumbent-operator capacity is capacity added by an operator already present in the county in an
earlier year. New-operator capacity is capacity added by an operator in its first year of presence in the county.
Capacity associated with operators reported by Aterio as “Company Not Disclosed” enters separately in the
regressions but is not reported because individual operators cannot be identified. Panel A reports the cumulative
change in non-construction employment from t − 1 to t + 5. Panel B reports the cumulative change in total
installed data center capacity from t to t+ 6. Panel C decomposes the Panel B outcome according to whether
subsequent capacity is added by an operator already present in the county as of year t (existing-operator MW)
or by an operator not yet present as of year t (new-operator MW). An undisclosed-operator category completes
the partition but is not reported. All specifications use the baseline sample and include county and state-by-year
fixed effects and the controls described in Section 4.2.1. Standard errors clustered by county are reported in
parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Follow-on capacity can arise from an incumbent operator expanding an existing campus in

phases. Alternatively, existing data center activity may attract new operators nearby. New-operator

entry provides stronger evidence of colocation forces that extend beyond the incumbent operator

(Ellison et al., 2010).

To distinguish between these channels, we classify new capacity as incumbent expansion when

the operator was already present in the county, or new-operator entry otherwise. We then enter

both measures simultaneously in a local projection specification.

Panel A of Table 3 reports the employment results. One MW associated with new-operator entry

predicts 19.3 additional non-construction jobs, compared with 3.9 jobs for incumbent expansion.

Both estimates are imprecise, however, and we cannot reject equality between the two coefficients.

Panel B examines subsequent data center investment. One additional MW added by an in-

cumbent operator is associated with 2.1 MW of subsequent total county capacity. In contrast, one

MW added by a new operator predicts 0.8 MW of subsequent capacity, and the estimate is not

statistically significant.

Panel C decomposes subsequent capacity according to whether it is added by an operator already

present in the county as of year t or by an operator not yet present. Of the 2.1 MW of subsequent

capacity associated with one MW of incumbent investment, 1.45 MW comes from operators already

present and 0.62 MW from operators not yet present. Both estimates are statistically significant.

Therefore, most follow-on investment reflects continued investment by existing operators, but in-

cumbent capacity also predicts subsequent investment by new operators.

The pattern following new-operator entry is different. One MW of new-operator capacity pre-

dicts 1.58 MW of subsequent capacity from operators present as of year t, but −0.78 MW from

other operators. The first relationship partly reflects the classification. Once an operator enters

a county, its subsequent expansion is classified as capacity from an operator already present. The

negative coefficient for other operators provides little evidence that new-operator entry is followed

by successive entry from additional operators. Overall, the results point to substantial persistence in

data center investment, together with some evidence that established data center activity predicts

investment by new operators.

4.2.4 Sectoral Employment Effects

Figure 8 shows the sectors with the strongest positive employment responses. Employment rises

most in transportation and warehousing and in professional, scientific, and technical services. Real
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estate employment also shows a positive but smaller response. These sectors provide logistics,

property, technical, and other services that can complement data center investment, consistent with

local production linkages.

Figure 8: Employment Effects per MW by Selected Sector

Construction Transportation and Warehousing

Real Estate Professional and Technical Services

Utilities

Notes: The figure reports estimates of equation (5) for selected sectors. For all sectors except construction,

each panel shows the cumulative change in sector employment from t−1 through horizon h associated with

one additional MW of installed data center capacity in county c and year t. For construction, employment

is shifted back by 3 years relative to installed capacity to capture activity associated with building the

facility before the capacity becomes operational. Shaded bands report 95% confidence intervals based on

standard errors clustered by county. All specifications include county and state-by-year fixed effects and

the controls described in Section 4.2.1.
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We again shift construction employment back three years relative to installed capacity to account

for the construction period. The estimates are positive but imprecise. Utilities also show a small

positive response, but the estimates are not statistically different from zero.

Figure 9 shows the employment responses in retail, accommodation and food services, and

administrative services. The estimates are generally negative but statistically insignificant. We

therefore find little evidence of broad employment growth through a local consumption channel.

The negative point estimates in accommodation and food services and retail are largely driven by

Loudoun County.

Figure 9: Employment Effects per MW in Other Local Sectors

Retail Trade Accommodation and Food Services

Information Administrative Services

Notes: The figure reports estimates of equation (5) for selected sectors. Each panel shows the cumulative

change in sector employment from t−1 through horizon h associated with one additional MW of installed

data center capacity in county c and year t. Shaded bands report 95% confidence intervals based on

standard errors clustered by county. All specifications include county and state-by-year fixed effects and

the controls described in Section 4.2.1.

Table 4 reports the estimates at horizon h = 5 excluding Loudoun County. In the baseline

sample, one additional MW is associated with 2.36 additional transportation and warehousing

jobs and 3.06 additional professional and technical services jobs. Both estimates are statistically
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significant. Excluding Loudoun yields corresponding estimates of 3.09 and 1.46 jobs per MW. Real

estate also becomes positive and statistically significant outside Loudoun, at 0.56 jobs per MW.

Table 4: Employment Effects per MW by Sector

Panel A: Baseline sample
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constr. Transp./Wareh. Real Estate Prof./Tech. Utilities Retail Accom./Food Information Admin.

Installed DC capacity 1.809 2.359∗∗∗ 0.236 3.057∗∗∗ 0.0315 -0.688 -0.621 -0.104 -0.554
(MW), year t (1.666) (0.846) (0.171) (0.781) (0.0564) (0.469) (0.652) (0.632) (0.501)

Observations 49,640 52,560 52,560 52,560 52,560 52,560 52,560 52,560 52,560

Panel B: Baseline sample excluding Loudoun County
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constr. Transp./Wareh. Real Estate Prof./Tech. Utilities Retail Accom./Food Information Admin.

Installed DC capacity 2.541 3.090∗∗ 0.563∗∗∗ 1.459∗∗ 0.0570 -0.177 0.491 -0.730 -0.528
(MW), year t (2.238) (1.472) (0.213) (0.641) (0.101) (0.626) (0.323) (0.774) (0.800)

Observations 49,623 52,542 52,542 52,542 52,542 52,542 52,542 52,542 52,542

Notes: The table reports estimates of equation (5) for employment by sector. For all sectors except construction,
the dependent variable is the cumulative change in employment from t−1 to t+5. For construction, employment is
shifted back by 3 years relative to installed capacity to capture activity associated with building the facility before
the capacity becomes operational. Panel A uses the baseline sample, which excludes the top 5% of counties by
employment in 2000. Panel B additionally excludes Loudoun County, Virginia. All specifications include county
and state-by-year fixed effects and the controls described in Section 4.2.1. Standard errors clustered by county are
reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

The remaining sectors show no statistically significant employment response in either sample.

The intensive-margin results need not mirror the activation results in Section 4.1.3. Activation

captures data center entry, while the estimates here capture differences in the scale of installed

capacity. Overall, the employment response is concentrated in a relatively narrow set of industries

linked to data center activity. We find much less evidence that the investment spreads broadly

into local consumer services. These eight sectors, however, do not exhaust total non-construction

employment. Summing their point estimates in the baseline sample yields approximately 3.7 jobs

per MW, about half of the 7.4 jobs per MW aggregate coefficient reported in Table 2. The remaining

non-construction sectors, not reported individually in Table 4, account for the balance.

4.2.5 Business Activity, Earnings, and Local Prices

Figure 10 examines business activity, earnings, electricity prices, and house prices. Unlike the

extensive-margin estimates, establishment counts increase with installed data center capacity. By

the five-year horizon, one additional MW is associated with approximately 0.2 additional establish-

ments, although the estimate is not statistically significant. Normalizing by the 2.7 MW of effective

capacity gives about 0.07 additional establishments per effective MW.
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Figure 10: Effects per MW on Establishments, Earnings, Electricity Prices, and House Prices

Number of Establishments Average Monthly Earnings

Industrial Electricity Price House Price Index

Notes: The figure reports estimates of equation (5) for additional local economic outcomes. Each panel

shows the cumulative change in the indicated outcome from t− 1 through horizon h associated with one

additional MW of installed data center capacity in county c and year t. Electricity prices and the house

price index enter in logs. Shaded bands report 95% confidence intervals based on standard errors clustered

by county. All specifications include county and state-by-year fixed effects and the controls described in

Section 4.2.1.

Average monthly earnings also increase with installed capacity, although the baseline estimate is

only marginally significant. At the five-year horizon, one additional MW is associated with approx-

imately $0.76 higher monthly earnings per worker. Applying the same accounting normalization

gives approximately $3.4 in annual earnings per worker for each effective MW.19 We find little

evidence that installed data center capacity is associated with changes in county-level industrial

electricity prices.

House prices show a similar pattern in the baseline sample. The point estimates become more

positive at longer horizons but remain imprecisely estimated. At the five-year horizon, one additional

MW is associated with a 0.015% increase in house prices, but the estimate is not statistically
19The calculation multiplies the five-year monthly earnings coefficient of $0.76 by 12 and divides by 2.71 MW of

effective capacity.
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significant.

Table 5 reports the five-year estimates for all four outcomes and examines their sensitivity to

excluding Loudoun County. The establishment coefficient increases from 0.21 to 0.38 establishments

per MW but remains statistically insignificant. The earnings coefficient increases from $0.76 to $1.63

per month per MW and becomes statistically significant at the 1% level. The house-price estimate

increases from 0.015% to 0.038% per MW and becomes statistically significant at the 5% level. The

electricity-price estimate remains small and statistically insignificant. The house-price magnitude is

consistent with Priest (2026), who finds economically small, slightly positive effects of data center

proximity on house prices in Virginia using property-level data.

Table 5: Business Activity, Earnings, and Local Prices per MW

Panel A: Baseline sample
(1) (2) (3) (4)

Non-constr. establishments QWI earnings Industrial electricity price Log HPI

Installed DC capacity (MW) 0.212 0.761∗ 0.00004 0.000154
(0.186) (0.434) (0.00005) (0.000114)

Observations 52,560 51,653 52,560 45,081

Panel B: Excluding Loudoun County
(1) (2) (3) (4)

Non-constr. establishments QWI earnings Industrial electricity price Log HPI

Installed DC capacity (MW) 0.378 1.626∗∗∗ 0.00001 0.000378∗∗

(0.356) (0.473) (0.00007) (0.000153)

Observations 52,542 51,635 52,542 45,063

Notes: The table reports estimates of equation (5) at the five-year horizon for county-level business activity,
earnings, electricity prices, and house prices. The dependent variable is the cumulative change in each outcome
from t − 1 to t + 5. Panel A reports the baseline sample, which excludes the top 5% of counties by employment
in 2000. Panel B additionally excludes Loudoun County, Virginia. All specifications include county and state-by-
year fixed effects and the controls described in Section 4.2.1. Standard errors clustered by county are reported in
parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

4.3 Robustness

We report additional extensive-margin results in Appendix A.4. Appendix A.4.1 extends the sectoral

analysis to additional industries. Appendix A.4.2 re-estimates the employment results using the

Census Quarterly Workforce Indicators (QWI). The QWI estimates support the increase in non-

construction employment and show positive point estimates in several sectors linked to data center

activity, although the sectoral estimates are less precise than in CBP.

Appendix A.4.3 re-estimates the response to first data center activation using the local projection

difference-in-differences estimator of Dube et al. (2025). Unlike SDiD, LP-DiD compares newly
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treated counties with counties that have not yet been treated and relies on conditional parallel

trends rather than reweighting control counties to match treated counties’ pre-treatment outcome

paths. Some sectors, including transportation and warehousing, retail, and accommodation and

food services, show evidence of differential pre-treatment trends. The post-treatment estimates are

also generally larger than under SDiD. These patterns are consistent with treated counties following

steeper trajectories before data center entry. SDiD addresses this concern by reweighting control

counties to more closely match treated counties’ pre-treatment outcome paths. We therefore prefer

SDiD for the extensive-margin analysis.

We report additional intensive-margin tests in Appendix A.5. Appendix A.5.1 examines em-

ployment in adjacent counties. We find no evidence that employment gains in host counties come at

the expense of neighboring counties. Appendix A.5.2 sequentially excludes the largest data center

hubs. The employment response remains positive, while the positive follow-on capacity response

weakens and turns negative as we remove the largest hubs. Follow-on capacity growth is therefore

concentrated in major data center markets.

Finally, Appendix A.5.3 re-estimates the intensive-margin employment results using QWI. Em-

ployment increases in transportation and warehousing, professional and technical services, and total

non-construction employment. We continue to find little evidence of broad employment growth

across local consumer-service sectors.

5 Conclusion

Data centers are among the most capital-intensive investments in the modern economy, yet they

employ relatively few workers directly. This raises a simple question: do these investments generate

jobs elsewhere in the local economy?

Our results indicate that they do. Counties gain employment after their first data center opens,

and employment continues to rise with installed computing capacity. At the five-year horizon, one

additional MW is associated with 7.4 additional non-construction jobs; because the initial MW

predicts another 1.7 MW of capacity, this corresponds to 2.74 jobs per effective MW.

Employment grows most in transportation and warehousing, professional and technical services,

and real estate. By contrast, we find little employment growth in retail, restaurants, and other

consumer-service sectors. This pattern is consistent with production linkages to complementary

local firms playing a larger role than a broad increase in local consumer demand.

29



We find weaker evidence for a second potential mechanism, colocation. Installed capacity pre-

dicts substantial subsequent capacity growth in the full sample, but this relationship is concentrated

around investment by incumbent operators and disappears as we exclude the largest hubs. Existing

capacity therefore predicts continued investment by incumbent operators, but our results provide

weaker evidence that it systematically attracts new operators.

Effects beyond employment are less precise. Average earnings rise modestly, particularly when

we exclude Loudoun County. We find little evidence of changes in industrial electricity prices, and

house prices increase only mildly in specifications that exclude Loudoun County. Importantly, these

estimates do not capture the full local costs of data center development, including demands on

electricity infrastructure, water, land, and other public resources.

Our results describe an industry that is changing rapidly. The sample ends in 2023, before the

latest wave of AI-related investment. New facilities are much larger, and direct employment per

MW appears to decline with scale. The local employment effects we estimate need not increase

in proportion to the size of these new projects—this distinction matters for policy. The relevant

question is not whether a data center employs many workers inside the facility. It is whether the

investment creates enough economic activity around it to justify the resources used to attract and

accommodate it. We find meaningful local employment gains concentrated in industries linked

to data center activity and these gains can serve as one input to the cost-benefit calculations

around data centers. However, we do not estimate whether these gains justify public incentives and

infrastructure costs or how they compare with environmental externalities.
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A Appendix

A.1 Empirical Challenges

Estimating the local economic effects of data centers raises several empirical challenges. Data

centers employ few workers directly, differ enormously in scale, and locate selectively. Construction

precedes operation, while jobs associated with the investment can appear outside the facility and

several years after it opens. These features affect both the outcome we measure and the comparison

needed to interpret it.

Crowding out and spillovers. Jobs reported by data center operators need not measure net

local job creation. Consider an electrician who previously worked as an independent contractor in

the same county and is subsequently hired by a data center. The facility reports an additional em-

ployee, but county employment has not increased. Direct hiring can therefore displace employment

elsewhere in the local labor market. The opposite problem arises with spillovers. A data center may

purchase services from a local firm, creating jobs that never appear on the operator’s payroll. We

therefore measure county-wide employment and examine where those jobs appear within the local

economy.

Construction employment. Construction can account for many jobs associated with a data

center, but these jobs occur before the facility opens and are temporary. Combining construction

and operating employment would mix two different responses. Our main outcome therefore excludes

construction. We estimate construction employment separately and shift its timing back three years

relative to activation or installed capacity.

Logs versus levels. The choice between logs and levels is consequential in this setting. Consider

the same 10 MW data center locating in a county with 10,000 workers and another with one million.

There is little reason to expect the facility to create one hundred times as many jobs in the larger

county. A proportional specification nevertheless moves in this direction. Since we observe the

physical scale of the investment in MW, we instead ask how many additional jobs are associated

with it.

Levels have their own drawback. Normal employment changes are much larger in large counties,

and county employment in the United States is highly skewed. A change of 500 jobs may be

substantial in one county and indistinguishable from normal fluctuations in another. This motivates
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our exclusion of the largest 5% of counties and, in the extensive-margin analysis, the use of synthetic

controls with similar pre-treatment employment paths. Clustering standard errors by county allows

for heteroskedasticity and serial correlation within counties.

Entry versus capacity. A county’s first data center opening provides a clear treatment date.

What happens afterward is less discrete. Existing facilities expand, new operators enter, and these

investments can range from a few MW to hundreds of MW. Treating each change as an equivalent

event would ignore economically important differences in scale. We therefore use first activation

for the extensive-margin analysis and installed MW for the intensive margin. Most county-year

observations have zero installed capacity, so using MW in levels also avoids the arbitrary treatment

of zeros required by a logarithmic specification.

Timing. Employment need not respond in the year a data center becomes operational. Our

extensive-margin estimates illustrate the problem directly. Non-construction employment changes

little during the first two years and becomes larger only after three years. A specification focused

only on the year of activation would miss this pattern. We therefore trace employment over several

years in both the event-study and local-projection specifications.

Selection and predictable growth. Data centers do not locate randomly. Power infrastructure,

electricity costs, fiber connectivity, land availability, tax incentives, and other local conditions shape

where facilities are built. Several of these characteristics also predict future economic growth. A

county that receives a data center may therefore have evolved differently even without the invest-

ment.

Some of these differences are predictable from initial conditions. The urban economics literature

shows that human capital predicts subsequent local growth (Moretti, 2004; Glaeser and Saiz, 2004;

Büchler et al., 2024). Immigration (Amior, 2025), climate (Glaeser et al., 1995), amenities (Glaeser

et al., 2001; Carlino and Saiz, 2019), access to water (Burchfield et al., 2006), and local policies

(Black and Henderson, 1999) can also shape local growth. Moreover, county growth is persistent,

so past employment growth contains information about future growth (Glaeser et al., 1995). Our

specifications therefore allow baseline county characteristics, measured in or prior to 2000, to gen-

erate differential linear trends. These characteristics include past employment growth and variables

that predict both data center location and subsequent local economic growth.

For first activation, synthetic difference-in-differences further addresses predictable differences
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in growth by placing greater weight on never-treated counties with employment paths similar to

treated counties before activation. This lets the comparison group resemble treated counties not

only in observed baseline characteristics but also in pre-treatment employment dynamics.

Time-varying local shocks. Baseline characteristics and pre-treatment employment paths can-

not capture every shock around data center investment. A county receiving a large capacity addition

may simultaneously experience other investments or changes in economic conditions. State-by-year

fixed effects absorb shocks common to counties within the same state in a given year, while county

fixed effects absorb persistent differences across counties.

The local-projection specification measures cumulative changes in outcomes from t− 1 through

each horizon. This removes differences in outcome levels that predate the capacity observed at

t, but it does not eliminate time-varying county-specific shocks. In particular, installed capacity

may correlate with other local investments or economic changes over the same period. Unlike the

extensive-margin design, we therefore do not interpret differences in installed capacity as condition-

ally random. The intensive-margin estimates measure how local outcomes vary with installed data

center capacity rather than the causal effect of an exogenous increase in capacity.

Measurement error. Both sides of the analysis are measured with error. For data centers,

errors in activation dates affect treatment timing, while errors in installed MW affect measured

treatment intensity. This is particularly relevant for facilities built in phases, where facility opening

and capacity additions need not occur at the same time. Our asset-level data allow us to distinguish

activation from subsequent capacity additions. For 153 facilities with missing activation years in

the original data, student research assistants identified activation years through manual research.

Employment creates a different measurement problem. County Business Patterns suppresses

some county-industry employment cells, making measurement particularly difficult for narrow in-

dustries and smaller counties. We use the imputations for missing cells provided by Eckert et al.

(2020), which combine reported employment ranges with adding-up constraints across industries

and geographic units. We also repeat the main employment specifications using the Census Quar-

terly Workforce Indicators (QWI). The similar patterns across the two sources reduce the likelihood

that CBP-specific measurement error drives our results.
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A.2 A Model of Local Economic Effects

We develop the microeconomic foundations for the conceptual framework in Section 2. Data centers

combine large capital investments with little direct labor. Their broader local effects operate through

demand for inputs and services and through spending by workers and residents. Local markets

determine how these forces translate into employment, wages, and local costs.

A.2.1 Environment and Production Linkages

Consider a local economy with three sectors. Data centers, denoted by D, operate computing

capacity K and employ local labor LD. A linked sector, S, supplies inputs and services used by

data centers. These include maintenance, security, networking, real estate, and professional and

technical services. A nontradable sector, N , supplies goods and services consumed locally. We take

installed data center capacity K as the source of the local demand shock.

Data centers require relatively little labor to operate their installed capacity. We write direct

employment as

LD = λ(K)K, λ′(K) < 0, (6)

where λ(K) measures direct employment per unit of installed capacity. A small λ(K) captures

the labor-light nature of data centers. Provider-level evidence suggests that employment intensity

also declines with facility scale.20 Larger facilities can therefore add substantial computing capacity

without increasing direct employment proportionally.

Data centers also purchase inputs and services from local firms. We capture this production

linkage through linked-sector labor demand:

Ld
S = ASK

θw−ηS
S , θ > 0, ηS > 0, (7)

where wS denotes the linked-sector wage. The parameter AS shifts the level of local labor demand,

while θ measures how strongly that demand responds to installed capacity. The parameter ηS

governs the response of labor demand to wages.

Installed computing capacity can therefore increase local labor demand even when data centers

themselves employ few workers. Direct employment operates through LD, while local production

linkages shift labor demand in S. The more inputs and services data centers purchase locally, the
20See Ryu and Hiatt (2025).
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larger the potential employment response outside the facility.

A.2.2 Local Expenditure and Equilibrium

The initial employment response can spread through local spending. Workers in data centers and

linked firms earn income, some of which they spend on local goods and services. Let Bj = wjLj

denote the wage bill in sector j. Households spend a fraction α of local labor income on nontradables.

Labor therefore earns

BN = αβN (BD +BS +BN ) , (8)

where βN is labor’s share of revenue in the nontradable sector. Solving for BN gives

BN = µ(BD +BS), µ ≡ αβN
1− αβN

. (9)

The parameter µ captures the local expenditure channel. It increases when workers spend more of

their income locally and when labor receives a larger share of nontradable revenue.

Local labor supply determines how these demand shifts divide between employment and wages.

Workers choose locations based on wages and local living costs. We write labor supply to sector

j ∈ {S,N} as

Ls
j = Lj

(wj

Rχ

)εj
, εj > 0, (10)

where R denotes local housing costs, εj governs the response of local labor supply, and χ captures

the importance of housing costs for workers’ location decisions. This formulation also allows workers

to commute into the local economy. When commuting is common, local housing costs play a smaller

role in labor supply.

An expanding local workforce also raises housing demand. Housing supply satisfies

Hs = HRηH , ηH > 0, (11)

where ηH governs how readily housing supply responds to higher local housing costs. When housing

supply responds slowly, more of the increase in local demand appears in R rather than new housing.

These conditions describe how the local economy absorbs an increase in computing capacity. A

larger K changes direct employment through equation (6) and shifts linked-sector labor demand

through equation (7). The resulting income increases demand for nontradables through equation (9).

Wages, employment, and local housing costs adjust in response.
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Around the initial equilibrium, we summarize these adjustments as

L̂j = ΘjK̂, j ∈ {S,N}, (12)

where Θj combines the underlying demand response with the adjustment of local labor and housing

markets. This expression corresponds to the reduced-form relationship in equation (2). The coef-

ficients ΘS and ΘN need not be the same across sectors. Production linkages can generate a large

response in S even when the local expenditure response in N is small.

A.2.3 Comparative Statics and Interpretation

The model shows how a labor-light investment can generate broader local employment. A larger

K can increase direct data center employment, but employment need not rise proportionally with

capacity because employment intensity declines with scale. Data centers also increase demand for

local inputs and services. The more of these inputs they purchase locally, the larger the employment

response in the linked sector. Large employment gains can therefore occur outside the facilities

themselves.

The employment response can spread beyond firms that supply data centers. New jobs in D

and S raise local labor income. Workers spend some of that income at restaurants, retailers, and

other local businesses, increasing demand for labor in N . Equation (9) captures this feedback. The

more income workers spend locally, the larger the nontradable response.

Local markets determine how these demand shifts translate into employment, wages, and local

costs. Firms can hire additional workers or bid up wages. An expanding workforce also increases

housing demand. Labor mobility and local housing supply determine how the economy accommo-

dates this growth. The equilibrium coefficients ΘS and ΘN summarize these adjustments and the

resulting employment response.

The sectoral composition of employment helps distinguish the underlying channels. Employment

growth in industries that supply complementary inputs and services points to local production

linkages. Employment growth in restaurants, retail, and other nontradable services points to a

local expenditure channel. Together, these responses show how data center investment can spread

through the broader local economy beyond a capital-intensive facility.

However, employment growth is not a measure of local welfare. Data center investment can raise

employment and labor income while also increasing housing, infrastructure, and other local costs.
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Who ultimately gains depends on who works locally, who owns property, and who bears these costs.

We therefore distinguish the effects of data centers on local economic activity from their effects on

local welfare.

A.2.4 Dynamic Adjustment

Data center investment unfolds over time. A project moves from construction to activation and,

in many cases, subsequent expansion. These stages generate different local effects. Construction

creates an immediate but temporary demand for labor. Activation begins ongoing operating em-

ployment in D and starts the production and expenditure channels described above. Employment

in S and N may adjust more gradually as local firms expand and workers enter the local economy.

Installed capacity can also change after the initial facility opens. Let ∆KI
t+1 denote capacity

added by incumbent operators and ∆KE
t+1 capacity added by new entrants. Abstracting from

retirements, installed capacity evolves according to

Kt+1 = Kt +∆KI
t+1 +∆KE

t+1, (13)

where Kt denotes installed capacity at time t. Incumbent operators may expand existing campuses

in phases. Subsequent capacity from an incumbent can therefore reflect continued investment at an

existing site rather than attraction of a new operator. Entry by a new operator provides stronger

evidence that existing data center activity makes the location attractive for additional investment.

Existing capacity may make a location more attractive to new operators. Data centers can

benefit from shared power and network infrastructure, specialized local suppliers, or proximity to

other computing facilities. We write expected investment by new entrants as

Et

[
∆KE

t+1

]
= g(Kt, Zt), (14)

where Zt collects other local characteristics that affect data center investment. Colocation forces

imply
∂g(Kt, Zt)

∂Kt
> 0. (15)

Existing capacity then predicts subsequent investment by new operators.

The distinction between initial entry and subsequent capacity also matters for local employment.

The first facility starts the local adjustment process, while later additions to K create additional
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demand for workers, suppliers, and local services. An event study centered on the first facility

therefore combines the response to initial entry with any response to subsequent capacity expansion.

A.3 Data

A.3.1 Geographic Expansion

Figures A1 and A2 provide a closer view of the geographic expansion documented in the main text.

Figure A1 focuses on the six states with the largest increase in the number of active data centers

between 2000 and 2023. Figure A2 instead selects the six states with the largest increase in installed

capacity. Both figures show that data center growth expanded beyond counties that already hosted

facilities in 2000.

Figure A1: Geographic Expansion of Data Center Activity, 2000–2023

Notes: The figure shows the geographic expansion of data center activity between 2000 and 2023 across the six
states with the largest increases in the number of active data centers during this period. Dark-shaded counties
hosted at least one active data center in 2000 that remained active in 2023. Orange-shaded counties had no
active data center in 2000 but hosted at least one by 2023. Light-shaded counties had no active data center in
either year.
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Figure A2: Geographic Expansion of Data Center Activity in States with the Largest Capacity
Growth, 2000–2023

Notes: The figure shows the geographic expansion of data center activity between 2000 and 2023 across the six
states with the largest increases in installed data center capacity (measured in MW) over this period. Dark-
shaded counties hosted at least one active data center in 2000 that remained active in 2023. Orange-shaded
counties had no active data center in 2000 but hosted at least one by 2023. Light-shaded counties had no active
data center in either year.
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A.4 Additional Extensive-Margin Results

A.4.1 Additional Sector Results

Figure A3: Employment Effects of First Data Center Activation in Additional Sectors

Educational Services Health Care and Social Assistance

Arts and Entertainment Telecommunications, Computing Infrastructure, and Data Processing

Manufacturing Wholesale Trade

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates for sector employ-
ment following a county’s first data center activation. Year 0 denotes the first year in which the data
center is operational, and estimates are relative to year t − 1. The donor pool consists of counties that
never receive a data center during the sample period. The same SDiD unit and time weights estimated for
non-construction employment are used for all sector outcomes. All estimates use outcomes residualized
by county and state-by-year fixed effects and the controls described in Section 4.1.1. Vertical bars report
95% jackknife confidence intervals.
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Figure A3 extends the sectoral analysis to additional industries. Employment in educational services

and health care and social assistance increases at longer horizons. We also examine the industries

within the information sector most closely related to data center activity: telecommunications, com-

puting infrastructure, and data processing (NAICS 517 and 518). Employment in these industries

increases after activation and stabilizes at just below 200 additional jobs by the second year.

A.4.2 Employment Results Using QWI: Extensive Margin

We re-estimate the extensive-margin employment results using the Census Quarterly Workforce Indi-

cators (QWI). The QWI provide an alternative measure of county-level employment based primarily

on state unemployment insurance wage records. Coverage is more limited than in CBP because some

workers are not covered by unemployment insurance and the Census suppresses county-industry cells

when disclosure is a concern. We do not impute these suppressed observations.

Figure A4 reports the results for non-construction employment and the sectors most closely

linked to data center activity. The QWI estimates broadly confirm the patterns in the CBP data.

Total non-construction employment increases gradually after the first data center activation. Pro-

fessional and technical services show a particularly strong increase at longer horizons. Real estate

also shows positive point estimates, although they are imprecise. Transportation and warehousing

shows little clear response, as do utilities.

Figure A5 examines other local sectors. Retail trade shows little evidence of employment growth.

In contrast, accommodation and food services, information, and administrative services show posi-

tive point estimates at longer horizons, although the confidence intervals are generally wide.

Figure A6 extends the analysis to additional sectors. Educational services, health care and social

assistance, and arts and entertainment show positive employment responses at longer horizons.

Manufacturing and wholesale trade show no clear response.

Overall, the QWI estimates support the main finding that non-construction employment in-

creases following the first data center activation. They also show positive point estimates in several

sectors linked to data center activity, particularly professional and technical services and real es-

tate. The sectoral estimates are less precise than in CBP and provide some evidence of employment

growth in additional local service sectors. We therefore view the QWI results as broadly support-

ive of the aggregate employment response, while the detailed sectoral composition is less sharply

estimated.
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Figure A4: Employment Effects of First Data Center Activation by Selected Sector, QWI

Construction Transportation and Warehousing

Real Estate Professional and Technical Services

Utilities All Non-Construction Sectors

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates using employment

from the Quarterly Workforce Indicators (QWI) following a county’s first data center activation. Year

0 denotes the first year in which the data center is operational, and estimates are relative to year t − 1.

For construction, employment is shifted back three years relative to the first data center activation to

capture activity associated with building the facility before it becomes operational. For all other sectors,

event time is defined relative to the year of activation. The donor pool consists of counties that never

receive a data center during the sample period. The same SDiD unit and time weights estimated for QWI

non-construction employment are used for all sector outcomes. All estimates use outcomes residualized

by county and state-by-year fixed effects and the controls described in Section 4.1.1. Vertical bars report

95% jackknife confidence intervals.
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Figure A5: Employment Effects of First Data Center Activation in Other Local Sectors, QWI

Retail Trade Accommodation and Food Services

Information Administrative Services

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates using employment

from the Quarterly Workforce Indicators (QWI) following a county’s first data center activation. Year

0 denotes the first year in which the data center is operational, and estimates are relative to year t − 1.

The donor pool consists of counties that never receive a data center during the sample period. The

same SDiD unit and time weights estimated for QWI non-construction employment are used for all sector

outcomes. All estimates use outcomes residualized by county and state-by-year fixed effects and the

controls described in Section 4.1.1. Vertical bars report 95% jackknife confidence intervals.
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Figure A6: Employment Effects of First Data Center Activation in Additional Sectors, QWI

Educational Services Health Care and Social Assistance

Arts and Entertainment Manufacturing

Wholesale Trade

Notes: The figure reports dynamic synthetic difference-in-differences (SDiD) estimates using employment

from the Quarterly Workforce Indicators (QWI) following a county’s first data center activation. Year

0 denotes the first year in which the data center is operational, and estimates are relative to year t − 1.

The donor pool consists of counties that never receive a data center during the sample period. The

same SDiD unit and time weights estimated for QWI non-construction employment are used for all sector

outcomes. All estimates use outcomes residualized by county and state-by-year fixed effects and the

controls described in Section 4.1.1. Vertical bars report 95% jackknife confidence intervals.
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A.4.3 Local Projection Difference-in-Differences

Specification. We also estimate the extensive-margin results using the LP-DiD estimator of Dube

et al. (2025). This provides an alternative estimate of the response to a county’s first data center

activation. LP-DiD compares newly treated counties with counties that have not yet been treated.

Unlike SDiD, it relies on conditional parallel trends rather than reweighting control counties to match

the pre-treatment outcome paths of treated counties. We therefore use LP-DiD as a robustness check

rather than our preferred extensive-margin estimator.

Let Dct equal one if county c has an operational data center by year t, and let ∆Dct = Dct −

Dc,t−1. Thus, ∆Dct equals one in the year of the county’s first data center activation. Following

Dube et al. (2025), we estimate

yc,t+h − yc,t−1 = βh∆Dct + δhst + ωh
c + x′

c,tγ
h + εhct, (16)

for horizons h = −5, . . . , 5. The coefficient βh compares employment at t + h with employment

in the year before activation. For h ≥ 0, it traces the employment response following activation.

For h ≤ −2, it compares earlier pre-treatment outcomes with the same t − 1 reference year. We

normalize h = −1 to zero.

For each post-treatment horizon, we keep as controls only counties that remain untreated through

t+h. This avoids using counties that activate a data center during the estimation window as controls.

As in the baseline analysis, we exclude the top 5% of counties by employment in 2000. We also

exclude counties that already hosted a data center before 2000 because we do not observe their

pre-treatment period.

The regressions include county and state-by-year fixed effects. We also include Republican vote

share and baseline county characteristics interacted with linear year trends. These characteristics

are measured in or prior to 2000 and include industrial electricity prices, internet infrastructure,

employment growth from 1980 to 2000, educational attainment, the shares of foreign-born and

young residents, water coverage, January temperature, and scenic amenity. Standard errors are

clustered by county.

Results. Figure A7 shows the LP-DiD estimates for non-construction employment. The aggregate

pre-activation estimates suggest a small pre-trend with employment increasing to approximately

4,000 additional jobs five years after activation. This post-activation response is substantially larger
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than the corresponding SDiD estimates but does suffer from pre-trends.

Figure A8 reports the sectoral results for industries more closely linked to data center activity.

Real estate and professional and technical services increase after activation. Transportation and

warehousing also shows a positive post-activation response, but its pre-treatment estimates indicate

that treated counties were already on a different trajectory before the first data center opened.

Construction and utilities remain imprecisely estimated.

Figure A9 shows stronger responses in local service sectors than the SDiD estimates. Retail

trade, accommodation and food services, and administrative services increase after activation. In-

formation also shows positive point estimates at longer horizons. For retail trade and accommo-

dation and food services, however, the pre-activation estimates also provide evidence of differential

trends before treatment.

The LP-DiD results therefore require a more cautious interpretation. Aggregate employment

increases gradually after activation, but the estimated response is considerably larger than under

SDiD. Several sectoral outcomes also show evidence that treated counties were on steeper trajectories

before data center entry. This pattern can contribute to the broader and larger post-treatment

responses estimated by LP-DiD. SDiD addresses this concern by reweighting control counties to

more closely match the pre-treatment outcome paths of treated counties. We therefore view SDiD

as our preferred extensive-margin estimator and use LP-DiD as a robustness check on the aggregate

employment response.
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Figure A7: Non-Construction Employment Following First Data Center Activation, LP-DiD

Notes: The figure reports local projection difference-in-differences (LP-DiD) estimates of the em-

ployment response following a county’s first data center activation. Year 0 denotes the first year in

which the data center is operational, and estimates are relative to year t − 1. The figure reports

estimates for event-time horizons h = −5, . . . , 5. For post-treatment horizons, the control group

consists of counties that remain untreated through the relevant horizon. All specifications include

county and state-by-year fixed effects and the controls described in Section A.4.3. Shaded bands

report 95% confidence intervals based on standard errors clustered by county.
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Figure A8: Employment Effects of First Data Center Activation by Selected Sector, LP-DiD

Construction Transportation and Warehousing

Real Estate Professional and Technical Services

Utilities

Notes: The figure reports local projection difference-in-differences (LP-DiD) estimates for selected sectors

following a county’s first data center activation. Year 0 denotes the first year in which the data center is

operational, and estimates are relative to year t− 1. The figure reports estimates for event-time horizons

h = −5, . . . , 5. For post-treatment horizons, the control group consists of counties that remain untreated

through the relevant horizon. All specifications include county and state-by-year fixed effects and the

controls described in Section A.4.3. Shaded bands report 95% confidence intervals based on standard

errors clustered by county.
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Figure A9: Employment Effects of First Data Center Activation in Other Local Sectors, LP-DiD

Retail Trade Accommodation and Food Services

Information Administrative and Support Services

Notes: The figure reports local projection difference-in-differences (LP-DiD) estimates for selected sectors

following a county’s first data center activation. Year 0 denotes the first year in which the data center is

operational, and estimates are relative to year t− 1. The figure reports estimates for event-time horizons

h = −5, . . . , 5. For post-treatment horizons, the control group consists of counties that remain untreated

through the relevant horizon. All specifications include county and state-by-year fixed effects and the

controls described in Section A.4.3. Shaded bands report 95% confidence intervals based on standard

errors clustered by county.

A.5 Additional Intensive-Margin Results

A.5.1 Employment Spillovers to Adjacent Counties

The employment gains in host counties could reflect relocation from nearby counties rather than

new regional employment. We test this possibility using the Census county adjacency file. For

each focal county, we sum non-construction employment across all directly adjacent counties and

re-estimate our preferred specification using this neighboring-county employment measure as the
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outcome.

Table A1 reports the results. We find no evidence that employment falls in neighboring counties

as data center capacity expands. The estimated coefficient is positive in both specifications, at

5.34 jobs per MW in the baseline sample and 17.66 jobs per MW when we additionally exclude

Loudoun County. Neither estimate is statistically significant. The results provide no evidence that

employment gains in host counties come at the expense of directly adjacent counties, but they do

not establish positive spillovers to neighboring counties.

Table A1: Employment Spillovers to Adjacent Counties

(1) (2)
Baseline sample Excl. Loudoun

Installed DC capacity (MW), year t 5.344 17.66
(6.610) (12.90)

Observations 52,128 52,110

Notes: The table reports estimates of equation (5) relating installed data center capacity in the focal county
to employment in adjacent counties. The dependent variable is the cumulative change in the sum of non-
construction employment across all counties directly adjacent to the focal county from t− 1 to t+ 5. Adjacent
counties are identified using the Census county adjacency file. The baseline sample excludes the top 5% of
counties by employment in 2000. Column (2) additionally excludes Loudoun County, Virginia. All specifications
include county and state-by-year fixed effects and the controls described in Section 4.2.1. Standard errors
clustered by focal county are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

A.5.2 Sensitivity to Large Data Center Hubs

Table A2 examines whether the intensive-margin results depend on the largest data center hubs.

We sequentially exclude counties with the highest peak installed capacity from the baseline sample.

The employment coefficient remains positive as we remove increasingly large hubs. It rises from

15.0 jobs per MW after excluding the five largest hubs to 31.5 after excluding the largest 20, before

falling to 26.2 after excluding the largest 25. The estimates become less precise as more hubs are

removed. The positive point estimates therefore persist outside the largest data center markets.

Follow-on capacity shows a different pattern. The coefficient falls from 0.35 after excluding the

five largest hubs to approximately zero after excluding the largest 10. It turns negative once we

exclude 15 or more hubs. The positive follow-on capacity response is therefore concentrated in the

largest data center markets.
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Table A2: Sensitivity to Excluding Large Data Center Hubs

Panel A: Cumulative change in non-construction employment (t− 1 to t+ 5)
(1) (2) (3) (4) (5)

Excl. top 5 Excl. top 10 Excl. top 15 Excl. top 20 Excl. top 25

Installed DC capacity (MW), year t 14.97∗∗ 15.15∗ 20.53 31.52∗∗ 26.16
(5.962) (8.436) (13.42) (14.35) (21.06)

Within R2 0.180 0.179 0.180 0.181 0.183
Observations 52,470 52,380 52,290 52,200 52,110

Panel B: Cumulative change in installed data center capacity (t to t+ 6)
(1) (2) (3) (4) (5)

Excl. top 5 Excl. top 10 Excl. top 15 Excl. top 20 Excl. top 25

Installed DC capacity (MW), year t 0.349∗ 0.006 -0.223∗ -0.119∗∗ -0.121∗∗

(0.184) (0.174) (0.122) (0.0521) (0.0584)

Within R2 0.062 0.019 0.042 0.030 0.032
Observations 52,470 52,380 52,290 52,200 52,110

Notes: The table examines the sensitivity of the intensive-margin estimates to excluding the largest data center
hubs from the baseline sample. The baseline sample excludes the top 5% of counties by employment in 2000.
Among the remaining counties, data center hubs are ranked by their maximum installed capacity between 2001
and 2023. Columns (1)–(5) sequentially exclude the 5, 10, 15, 20, and 25 counties with the highest maximum
installed capacity. Panel A reports the cumulative change in non-construction employment from t− 1 to t+ 5
associated with one additional MW of installed data center capacity in year t. Panel B reports subsequent
installed data center capacity from t to t + 6 associated with one additional MW of installed capacity in year
t. All specifications include county and state-by-year fixed effects and the controls described in Section 4.2.1.
Standard errors clustered by county are reported in parentheses. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

A.5.3 Employment Results Using QWI: Intensive Margin

Figure A10 shows the results for the sectors with the strongest employment responses in the CBP

data. The QWI estimates broadly confirm the main pattern. Employment rises in transportation

and warehousing, professional and technical services, and total non-construction employment. The

estimates become less precise at longer horizons, consistent with the QWI data’s more limited

coverage.

Figure A11 reports the remaining sectors. As in the CBP data, we find little evidence of em-

ployment growth in retail trade. Information and administrative services also do not increase. Ac-

commodation and food services show a positive response at longer horizons, although the estimates

become imprecise.

Overall, the QWI results reinforce the main conclusion from the CBP data. Employment gains

are concentrated in a narrow set of sectors linked to data center activity rather than spread broadly

across the local economy.
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Figure A10: Employment Effects per MW by Selected Sector, QWI

Construction Transportation and Warehousing

Real Estate Professional, Scientific, and Technical Services

Utilities All Non-construction Sectors

Notes: The figure reports estimates of equation (5) using employment from the Quarterly Workforce

Indicators (QWI). Each panel shows the cumulative change in employment from t− 1 through horizon h

associated with one additional MW of installed data center capacity in county c and year t. The final panel

reports total non-construction employment in the QWI. Shaded bands report 95% confidence intervals

based on standard errors clustered by county. All specifications include county and state-by-year fixed

effects and the controls described in Section 4.2.1.
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Figure A11: Employment Effects per MW in Other Local Sectors, QWI

Retail Trade Accommodation and Food Services

Information Administrative Services

Notes: The figure reports estimates of equation (5) using employment from the Quarterly Workforce

Indicators (QWI). Each panel shows the cumulative change in employment from t − 1 through horizon

h associated with one additional MW of installed data center capacity in county c and year t. Shaded

bands report 95% confidence intervals based on standard errors clustered by county. All specifications

include county and state-by-year fixed effects and the controls described in Section 4.2.1.
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