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Introduction

In brief: Al-driven data center growth is sharply raising US electricity demand, and this
project investigates whether it is already raising prices, using five related research
questions covering price, dose-response, developer type, spatial spillovers, and local
economic benefits.

Hyperscale data centers built to train and run artificial intelligence (Al) systems are
driving one of the fastest sustained increases in US electricity demand in decades. The
International Energy Agency (IEA) projects global data center electricity consumption to
roughly double by 2030, with Al-optimized facilities driving most of that growth and data
centers accounting for nearly half of US electricity demand growth over the same period
(IEA, Energy and Al, 2025). Whether this demand growth is already raising the prices
households and businesses pay is contested. Recent causal analyses reach opposite
conclusions depending on geographic scope and time horizon, with one finding a modest
local price increase concentrated in industrial rates (Rana et al., 2026) and another finding
a modest decline in the national average retail rate (Watten et al., 2026). Beyond price, a
parallel literature has begun documenting environmental and health concerns tied to
facility siting, including air pollution from fossil-fuel generation and backup diesel
generators, water use for cooling, and noise. Virginia's dense data center corridor has
served as an early case study of these concerns (Gour, 2026), and facility-level modeling
shows that how a campus sources its power materially shifts who bears the resulting air-
quality burden (Gujral & Dominici, 2026).

Here we ask four research questions. (1) Do hyperscale data centers raise the retail
electricity prices paid by industrial and residential customers of the utilities that host
them? (2) Does the size of a utility's data center exposure, beyond its presence, predict a
larger price effect? (3) Does the type of developer, large hyperscalers building their own
campuses versus other developers, change the size of any effect? (4) Does a utility's price
respond to data center capacity sited in neighboring utility territories, not just its own? A
companion analysis asks a fifth, related question at the county level. (5) Do host counties
show any measurable local economic benefit, such as higher employment or income, that
might offset these costs?

Data Overview

In brief: we combine data center location and capacity records with government data on
electricity prices, jobs, and income to build a dataset covering US utilities and counties
from 2015 to 2025.

We use two main data sources, linked through each utility’s federal ID number. The first
is CleanView, a private dataset that tracks hyperscale data centers across the country:
their location, size, owner, and the year each one opened. We include only campuses of at



least 50 megawatts (1,373 campuses meet this bar; 443 are already operating). The
second is the government’s EIA-861 “Sales to Ultimate Customers” dataset, which
reports real electricity prices, sales, and customer counts by utility, state, and year from
2021 to 2025 (11,606 rows across 1,602 utilities). This replaces an earlier, unreliable
sample we started with.

We also draw on several supporting sources: utility service-area maps (from a federal
infrastructure database) to study how a utility’s price relates to its neighbors; U.S. county
boundaries to link each data center to the county it sits in; and, for a companion analysis
of local economic benefits, government employment data (BLS) and income data (BEA)
covering counties from 2015 to 2024, a longer stretch of time than the price data allows.
We also built two measures to test whether other factors could explain our results: how
much “retail choice” exists in a utility’s electricity market, and wholesale electricity
prices in the mid-Atlantic/Midwest grid region (PJM). Finally, we checked whether a
public tracker of data centers’ power sources (grid-connected vs. self-generated) could
support further analysis, but found its data too sparse and unreliable to use (see
Discussion).

Operating hyperscale campuses by operator

o
[ ]
Y
(@) O T2 ®
‘ @
() . (¢ [ ]
) )
¢ €@
Operator (%)
mmm Google QTS
Amazon EEm Anthropic
Microsoft H Aligned
Meta Other
b C
Top 8 counties by capacity Capacity added per year
10000 -
wricopo, AZ N ° _
=
Prince William, VA -— 2,309 S 3000
©
Licking, oH - + 2° o
° 6000
Shetoy, T N 55 :
i 3: § 4000 -
Umatilla, oR - 2335 §
o
E 1,239
Morrow, OR - 5000
Mecklenburg, VA -- 1,117
I T T : | o.M : : :
0 2000 . 4000 ) 6000 8000 QN<’) 0,\/&) Q\;\ Q\fb Q\O’ Q’LQ Q,L\, Q’lj’ Qrf? Qfﬁ) @fj
Operating capacity (MW) M e g P e A N )

Figure 1. Where hyperscale data centers are located, who operates them, and how fast
capacity is being added (CleanView, version 10/07/2026, Operating campuses = 50 MW).

One more caveat about Figure 1 is worth flagging plainly: how concentrated data-center
capacity looks depends heavily on the size cutoff used. Figure 1 counts every campus of
at least 50 megawatts, and by that count Virginia leads every other state by a wide
margin. But if we only count true mega-campuses (at least 100 megawatts), Texas
overtakes Virginia for the top spot (4,711 vs. 3,171 megawatts), and the ranking below



them reshuffles too. That's because Virginia's lead is built mostly from many mid-sized
campuses in the 50-99 megawatt range, not a handful of giant ones: at the stricter cutoff,
the share of Virginia's capacity held by the seven largest operators drops sharply (from
61% to 20%), and two companies prominent at the lower cutoff, Amazon and Anthropic,
drop out of the national top 7 operators entirely. This doesn't change any of our price
results, which depend on whether a utility hosts any qualifying campus, not on a state-
level capacity count, but it does mean “which state has the most data centers™ is a
modeling choice, not a settled fact.

Models

In brief: we treat the opening of each data center as an event and compare prices and
Jjobs before and after, using a statistical method built for comparing places that get
“treated” at different times, cross-checked with a simpler backup method and several
additional tests.

Our main approach compares a utility or county’s prices before and after its first
hyperscale campus opens, treating that opening as the “treatment.” Because campuses
open in different years, we use a statistical method (Callaway & Sant’Anna, 2021, called
“CS” below) built specifically for this kind of staggered timing, chosen because it is
designed to give trustworthy results even with very few treated cases, though with only
12 treated utilities in our main price analysis, any result here should be read cautiously.
We cross-check it against a simpler, more transparent method (Cengiz et al., 2019), and
also report what a naive before/after comparison would show, mainly to illustrate the bias
that method introduces when treatment timing is staggered (Goodman-Bacon, 2021).

Beyond the main comparison, we ran several extensions: testing whether bigger data
centers have bigger effects, not just whether one exists nearby; comparing hyperscale
companies that build their own data centers against other developers; testing whether a
utility’s price is affected by its neighbors’ data center capacity; and applying the same
before/after comparison to county-level jobs and income, including a later addition
testing total county employment against outside research. We also ran two checks to see
whether our results could be explained by other factors: adding a measure of retail
electricity competition, and narrowing the sample to the mid-Atlantic/Midwest grid
region where we could also control for wholesale electricity prices.

Results

In brief: industrial prices rise after a data center opens, but not by a reliable amount; an
apparent drop in residential prices turns out to be an artifact of a flawed comparison; the
clearest new finding is that a utility’s price rises when its neighbors host more data center
capacity; and local job and income effects are either undetectably small or unconfirmed.

Industrial electricity prices rise after a data center opens in every version of our analysis
(by $13 to $51 per megawatt-hour, depending on how long after opening we look), but
the effect is never statistically reliable. With only 12 treated utilities in our cleanest
comparison, we simply don’t have enough cases to tell whether the true effect is small,
zero, or genuinely large.

Our main method also finds a statistically significant drop in residential prices after a data
center opens. But this comparison requires that treated and untreated utilities were on
similar price trends beforehand, and we found a significant difference between them three
years before any data center opened. That means the “drop” likely reflects a flawed
comparison, not a real effect of the data center, and should not be read as evidence that
data centers lower residential prices.
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Figure 2. Industrial and residential price effects around a campus opening, primary (CS)
estimator and stacked cross-check. Panel (b) shows the pre-period point that invalidates
the apparent residential decline.

The clearest new result: a utility’s own residential price is higher when its neighboring
utilities host more data center capacity (statistically significant, in a much larger sample
of 1,199 utilities). This is only a correlation, not proof that one causes the other
(something else about a region could be driving both), but it is the one place our data
disagrees with prior published research, which found no such neighbor effect.



Utility-adjacency exposure to neighboring hyperscale capacity
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Figure 3. Utility-adjacency exposure to neighboring hyperscale capacity: the basis for
the one result where this analysis differs from prior published research.

On the benefit side, we found no statistically detectable effect of a new data center on
local data center-industry jobs or per-capita income, in a sample of 28-35 treated
counties. That doesn’t prove there’s no effect. It just means our data can’t rule much in or
out. We also tested a broader measure, total county employment, because outside research
(Yue & Zeng) found a national 3.5% employment bump from data center openings. Our
data showed a similar rise after openings, but a separate check also found a suspicious

difference before openings, so this result is intriguing but unconfirmed and not reliable 1



Total county employment around a new campus (CS estimator)

= 0.6
)]
£
>
o
£
GJS 0.4
zg
5§
o c
=8 92
83 '
=E
o8
o
g 00+-&—8—FT -1 —9—9—qo -0 | { + 4+ _} I 1 €
o
(8]
Q
£
w
-0.2

-8 -6 —4 ¢ 0 2 4 6 8
Years relative to campus opening

Figure 4. Total county employment around a campus opening (CS estimator). A rising
post-period pattern, but widening confidence intervals that eventually cross zero,
suggestive but not confirmed.

Two further checks turned up what looked like results but didn’t hold up: splitting the
data by type of developer, and checking grid-reliability outcomes. Both showed patterns
best explained by having very few cases to compare, not a real effect, so we report them
without treating them as findings. A check for electricity-market competition (retail
choice) didn’t change our main results, but is itself worth noting: it predicted lower prices
when measured one way, and higher prices when measured another way, a sign that this
particular factor is not well understood, not evidence about competition’s real effect on
price.

Our subsample covering the mid-Atlantic/Midwest grid region (PJM) found a much
larger, statistically significant price effect, roughly six times the national estimate. But it
rests on only 7 utilities, 5 of which were already hosting a data center before our data
begins, so it likely isn’t generalizable.

One further limitation worth flagging plainly: we could not test whether it matters if a
data center draws its power from the grid or generates its own (‘“behind-the-meter”),
because no dataset, including our own, reliably tracks this. A public tracker we tested
miscoded a well-known self-powered data center as grid-connected. This means any self-
powered campuses in our data are being counted the same as grid-connected ones, which
likely weakens our results rather than invalidating them.

Discussion and Lessons Learnt

In brief: our findings line up with, but don’t prove, recent regulatory concerns that data
centers shift costs onto other electricity customers. The biggest lessons from this project
are about having too little data to be certain, and about a basic mismatch between who
pays for data centers and who benefits from them.



Two recent studies on this topic reach opposite conclusions, but the difference makes
sense once you look at what each one actually measures: local, recent effects near data
centers (our work, and a paper by Rana et al.) versus a broad national average over a full
decade (a paper by Watten et al.). These are different questions, not contradictory
answers.

Real-world regulatory activity happening at the same time as our analysis points the same
direction as our one clear finding. Maryland’s utility regulator has filed a complaint with
federal regulators (FERC) alleging that PJM, the regional grid operator, spreads the cost
of data center-driven grid upgrades across the whole region rather than charging the data
centers themselves (an allegation, not yet decided). A separate advocacy-group report
raises the same concern. Our own finding, that a utility’s price rises when its neighbors
host more data center capacity, is the one place our evidence points the same way as that
regulatory concern, even though we can’t prove the same mechanism is at work.

A related state-level study by Scioto Analysis (a policy think tank, not peer-reviewed)
modeled the costs and benefits of data centers in Ohio. It found that between 2027 and
2034, air pollution would cost Ohioans more (about $41 billion) than higher electricity
prices (about $16 billion). So electricity price, while real, isn’t actually the biggest cost in
their model. Still, their estimated electricity cost alone was enough to push new data
center construction to barely break even on a cost-benefit basis. Their numbers use a
borrowed national price-growth estimate, not a causal estimate like ours, so the two
studies complement rather than confirm each other. Their strongest recommendation,
requiring new data centers to generate their own power instead of drawing from the grid,
would cut that estimated electricity cost roughly fourfold; they note that roughly a fifth of
Ohio’s planned data center capacity is already headed that way.

A separate national-scale modeling exercise by Duke University's Nicholas Institute
points the same way through a completely different method: rather than estimating
realized prices, it simulates the entire US wholesale electricity market out to 2050 and
finds that letting new data centers supply their own power (“bring-your-own-power”)
lowers average generation costs for everyone else still drawing from the shared grid, a
pattern that holds up across a range of assumptions about natural gas prices and power-
plant construction costs. It shares no data or method with either our study or Scioto's, so
it isn't confirmation in a statistical sense — but a causal estimate (ours), a state-level cost
accounting exercise (Scioto's), and a national market simulation (Duke's) all now point
toward the same policy lever: moving new data-center load off the shared grid reduces
the cost it imposes on everyone else.

That raises an important limitation of our own analysis: neither CleanView nor our own
data tracks whether a campus draws power from the grid or generates its own. This
means self-powered campuses in our data get counted exactly the same as grid-connected
ones, which probably weakens (not invalidates) our price estimates. Separate research
(Gujral & Dominici, a 2026 preprint) reinforces that this distinction matters for a
different reason: it finds that a self-powered data center’s air-pollution health harm
concentrates locally, disproportionately on lower-income and minority communities,
while a similar grid-connected campus’s pollution harm spreads more broadly across
distant communities. That’s a different kind of harm than what we study, and doesn’t
validate our price findings, but it is strong independent evidence that how a data center
gets its power is not a minor detail.

A co-author's review raised a useful challenge: instead of extending this comparison on
its own terms, trace the chain from a utility's underlying costs to the price a household
actually pays. Regulators approve generation, transmission, and distribution/operating
costs for recovery, allocate them across customer classes, and set them into rate design



before they reach a retail bill; the question becomes whether data-center load moves price
beyond what that chain already explains. Our data covers this chain unevenly: we already
have wholesale generation prices for part of our sample (the PJM subsample above);
transmission cost is not measured at all, despite being the specific mechanism in the
Maryland complaint above; and distribution cost, operating expense, and the utility's rate
base are not in our main data source at all — they live in a separate federal filing, FERC
Form 1. We checked that filing's coverage specifically: our larger investor-owned utilities
(Dominion, Commonwealth Edison, and similar) file it, but 6 of our 12 clean-cohort
treated utilities — the rural electric cooperatives and the public utility district among
them — are legally exempt from filing it at all, not just missing by chance. So this is a
real, worthwhile extension, but one that can only ever cover about half our treated
utilities, and it's a complement to our main comparison, not a replacement for it: our main
design already accounts for unmeasured cost differences as long as treated and untreated
utilities were on similar trends beforehand.

Key lessons from this project:

1. Using a statistical method actually designed for this kind of staggered comparison
(CS), rather than a simpler, more common method, mattered: it caught a hidden pre-
existing trend that the simpler method would have missed, turning an unclear result into a
clear warning sign. Even so, with only 12 treated utilities, no method here can be
considered fully validated.

2. The biggest obstacle throughout this project is having too few treated cases, especially
on the price side (12 utilities). Extending our price data back to 2015 (we currently start
in 2021) is the single most useful next step, and our longer county-level data already
shows what that buys: not a clean “no effect,” but a real, if unconfirmed, signal in total
employment that our shorter price data simply can’t see either way.

3. “We can’t detect an effect” and “there is no effect” are different claims, and we tried to
keep them separate throughout, for example by not presenting an interesting-looking but
unreliable result (the developer-type split) as a real finding.

4. We did not build a way to rule out “reverse causation” (the possibility that data centers
choose to locate where power is already cheap, rather than making it cheap or expensive
themselves), we flag this as an open gap, not something we worked around.

5. The costs of data centers (measured at the utility level, which can span a huge area)
and the benefits (jobs, measured at the county level) are counted over different-sized
areas entirely, and that mismatch matters on its own, regardless of how much data we
have. We can even count it directly: of the 84 counties that host an operating data center,
7 (8%) are split between more than one electricity utility, including Loudoun County,
Virginia, split between two utilities with 55 and 22 campuses respectively. This almost
certainly understates the real mismatch, since it misses the more common case: a utility’s
price effect reaching into counties that host no data center at all.

Policy Recommendations

In brief: based on these findings, we recommend better public disclosure of how data
centers get their power, cost-allocation reform so nearby communities don’t subsidize
distant data centers, conditions on tax breaks tied to real local benefits, and continued
investment in longer, more detailed public data.



1. Require and standardize disclosure of how large data centers get their power (grid-
connected vs. self-generated). No public or private dataset we could find, including our
own, reliably tracks this, and the one tracker that attempts it misclassifies even well-
known examples. This single gap affects both electricity-price analysis (self-powered
campuses may not raise grid costs at all) and public health (self-generation concentrates
air pollution locally rather than spreading it across the grid). Regulators overseeing large-
load interconnections are well placed to require this disclosure.

2. Reform how the costs of data center-driven grid upgrades are allocated, rather than
letting them spread automatically across a whole region. Our finding that a utility’s price
rises with its neighbors’ data center capacity, together with an active regulatory complaint
making a similar allegation, suggests costs may currently fall on communities that host
no data center at all. Allocating costs closer to where the demand originates would be a
more direct fix than broad price caps or blanket restrictions on data center construction.

3. Tie data center tax incentives to verified local benefits, with built-in review. Ohio’s
data center sales-tax exemption alone is estimated to cost the state roughly $1.6 billion a
year in foregone revenue, while our own analysis finds no confirmed local job or income
benefit yet. Incentives granted for up to 40 years with no re-evaluation are a mismatch for
a technology and market this young; shorter terms with periodic reassessment, and
incentives conditioned on measurable local hiring or investment, would better match the
actual, still-uncertain, evidence of local benefit.

4. Encourage, rather than discourage, data centers that bring their own power, but pair
that encouragement with local air-quality safeguards. Outside modeling (Scioto Analysis)
finds that requiring new campuses to self-generate could substantially cut their
electricity-price cost to the public. But separate research (Gujral & Dominici) finds that
self-generated power concentrates air pollution locally, often on lower-income and
minority communities. Policy that favors self-generation without requiring environmental
review of the generation itself risks trading one problem (electricity prices) for another
(local air quality).

5. Invest in better public data before legislating further. Nearly every uncertain or
unreliable result in this analysis traces back to having too little data: electricity price
records that only go back to 2021, no reliable way to know whether a data center is grid-
connected or self-powered, and no routine way to know whether a region’s data center
capacity and its electricity prices are moving together over a longer period. Extending
government electricity-price reporting further back in time, and requiring basic power-
source disclosure, would let policymakers and researchers resolve these questions with
actual evidence rather than the best guess currently available.
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1. The post-opening rise comes from two designs: a narrower stacked comparison
(+3.5% to +7.7% in the first two years) and a broader Callaway and Sant’ Anna
estimator (rising toward about +24% by year seven). The broader design also found
treated counties already diverging from comparison counties five years before any
campus opened, a pre-existing trend that violates the parallel-trends assumption a
causal reading requires, which is why this result is flagged as unconfirmed rather than
treated as evidence of a real effect. <.



