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Abstract

Artificial intelligence is driving unprecedented investment in data centers, yet the
local costs and benefits of these facilities remain largely unmeasured. We estimate how
households value nearby data center development using a newly constructed database
of U.S. data centers and housing transaction data. Our statistical analysis uses a
matched stacked event study design that compares housing transactions near newly
announced large data centers with transactions in observably similar areas near data
centers that are announced later. Large data centers reduce housing values within
3 miles by 3% on average over the following 5 years. The effect is highly localized:
prices within 1 mile fall by 7.2% on average, with smaller effects beyond 1 mile. Price
declines persist for at least 5 years and are larger for hyperscale and high-capacity data
centers, urban locations, and the first large data center in an area. Consistent with
increasing public awareness of data center externalities, before 2021, prices responded
primarily when data centers became operational, while for more recently announced
data centers, the effect is capitalized almost entirely at announcement. Nationwide,
these price declines imply $20.6 billion in housing wealth losses.

“Corresponding authors: Garrison Schlauch (gschlauch@berkeley.edu) and Simon Greenhill (sgreen-
hill@g.harvard.edu). The authors declare no competing interest. All errors are our own.
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Annualized spending on U.S. data center construction exceeded $75 billion in July
2026, up 57% year-over-year and nearly sixfold from July 2022 (1). This investment has
fueled rapid expansion: nearly 1,000 large data centers were announced between 2003 and
2025, with more than half since 2021 (Fig. S1), amid continued growth in cloud comput-
ing and, more recently, surging demand for artificial intelligence. Today, over 34 million
Americans live within 3 miles of an operational or planned large data center.

Data centers generate externalities at every spatial scale. Recent work examines
data centers’ effects on greenhouse gas emissions, regional air quality, water quality and
availability, and the electric grid (2-9). A parallel literature estimates economic effects
at relatively aggregated geographic units such as counties, cities, and ZIP codes, focusing
on labor market outcomes, business establishments, retail electricity prices, and housing
prices (10-14). At more local scales, studies document environmental impacts including
low-frequency noise (15, 16), increased temperatures (17, 18), and limited changes in air
quality associated with co-located electricity generation (19). Residents near data centers
have also raised concerns about nighttime lighting, construction, and visual disamenities
(20).

Seventy percent of Americans oppose data center development near them, with 48-55%
strongly opposed (21, 22). That opposition has grown rapidly: in August 2025, under
a quarter of Americans strongly opposed local development; by May 2026, over half did
(22). Residents near planned data centers have sought to block them through protests, le-
gal complaints, and class action lawsuits (23-25), and some jurisdictions have responded by
considering or enacting moratoria or outright bans (26).

Even as opposition mounts, many jurisdictions are seeking to attract data centers
through tax incentives intended to generate local tax revenue and employment (27, 28).
Evaluating these policies requires weighing those benefits against the costs borne by local
residents and understanding how both are distributed within affected communities. Yet the
net effect of data center development, as valued by nearby households, remains unmeasured.

This paper estimates how households value nearby data center development using
the widely applied hedonic valuation method, which infers the value of local amenities and
disamenities from how they are capitalized into housing prices (29, 30). We implement the
hedonic method using what we believe to be the most comprehensive database of announce-
ments and openings for large U.S. data centers from 2003 onwards (Fig. 1 panels A and C;
31). We focus on large data centers because their size makes them the most likely to generate
measurable impacts. Following (32, 33), we define a large data center as a campus—a single
facility or a collection of nearby related facilities—with at least 20 MW of power capacity or
100,000 square feet of building area.

We match the location and timing of large data center announcements with nearby
residential housing transactions (Fig. 1 panels B and D). Because economic theory predicts
that housing prices are forward-looking, we focus on announcements rather than openings
in our main specification. Estimating dynamic effects allows us to trace how home prices
respond following announcement and after a data center becomes operational. We also
examine how the effect varies with distance and with characteristics of the data center and
surrounding area.

To address omitted variable bias and estimate the causal effect of the announcement
of a large data center on nearby housing prices, we use a matched stacked event study
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design (34). Because announcements occur at different times, conventional two-way fixed
effects estimators may not recover an interpretable average treatment effect when effects vary
across cohorts or over time (35, 36). We instead define each of the 346 announcements of
large data centers in our main treatment sample as a separate sub-experiment with an event
window spanning 5 years before through 5 years after the announcement (see Materials and
Methods). For each sub-experiment, treated homes are those exposed to the announcement
of their first large data center within 3 miles. We compare their transactions with those
for not-yet-treated homes within 3 miles of a matched future large data center that remains
unannounced through the end of the treated data center’s event window. Fig. 1 panels A
and C shows the locations and announcement timeline of the treated and comparison data
centers in our main sample.

Using homes near future data centers as comparison units helps account for unob-
served characteristics that may influence data center siting. To mitigate potential spillovers,
candidate comparison data centers must also be at least 10 miles from any large data center
that is announced or operational by the end of the event window. For each sub-experiment,
we select the comparison data center candidate whose surrounding area most closely matches
that of the treated data center in population density, median household income, share of non-
White residents, and housing vacancy rate, with these characteristics measured over the same
pre-treatment period defined relative to the treated data centers announcement. We then
stack the 346 sub-experiments into a single estimation sample and estimate effects over the
event window. This design ensures that transactions among treated homes are compared
only with those among not-yet-treated homes and allows us to assess whether housing prices
in the two groups follow similar trends before the treated data center’s announcement.

Results

We find that the announcement of a large data center lowers housing values within 3
miles by 2.98% on average over the following 5 years (Fig. 2; 95% CI: [-4.59%, -1.38%]). We
find no evidence of differential pre-trends: before the announcement, prices in the treatment
and matched comparison groups move in parallel, consistent with the parallel trends as-
sumption underlying our research design (see Materials and Methods). Values then decline
by roughly 1.5% in the announcement year and a further 1.5% the following year. They
continue to fall before stabilizing at about a 3.8% discount, indicating that the impact of
data centers on home values persists at least through the medium term.

We attribute this event time profile to one measurement feature and one economic
mechanism. First, because announcement timing is measured at an annual resolution, the
estimate pools transactions in the months before and after the announcement during the
announcement year, potentially attenuating the estimated effect for that year. Second,
disamenities may become more salient to nearby homeowners once a data center is built and
operating, increasing its capitalization into home values. Indeed, about 90% of operational
data centers in our sample opened within 3 years of announcement (Fig. S2), around the
point in time at which the estimated discount stabilizes. This pattern appears especially
pronounced before the increased public awareness of data centers that accompanied the
post-2020 hyperscale and AI boom, when the annual number of newly announced large data
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centers increased two- to threefold (Fig. S1). Before 2021, we find little price response to
the announcement of a large data center, with most capitalization occurring once the data
center becomes operational. In contrast, from 2021 onward, prices respond almost entirely at
announcement, with virtually no additional decline after opening, consistent with increasing
public awareness of data center externalities (Table S6).

Several disamenities potentially associated with data centers decay sharply with dis-
tance. For example, a case study in Prince William County, Virginia, examined data center
noise—a leading source of local opposition (37)—and found that it was detectable up to 3
miles away (16). Visual disamenities and disruption from construction and increased traffic
are likewise likely concentrated among the nearest homes.

Consistent with these channels, the estimated effect is concentrated within 1 mile of
data centers on average (Fig. 3). Transactions within 1 mile show a 7.2% discount, nearly 2.5
times the pooled 3-mile estimate. Estimates beyond 1 mile are individually less precise and
fall between -1.1% and -2.7%. We reject the joint null of no effects within 3 miles (p-value <
0.01), including for the 2- to 3-mile range alone (p-value = 0.04), but fail to reject the joint
null of no effects beyond 3 miles (p-value = 0.27).

We further investigate how the effect of data centers on housing values varies by
data center and area characteristics (Fig. 4). Hyperscale data centers are associated with a
substantially larger discount than other data center types, with imprecise effects for cryp-
tomines. Data centers above the sample median power capacity of approximately 70 MW,
which includes roughly 87% of treated hyperscalers, are likewise associated with larger dis-
counts, consistent with disamenities that scale with size. Data centers in urban areas are
associated with larger discounts than those in rural areas, where effects are smaller and
imprecisely estimated. Finally, isolated data centers—those with no other large data center
announced or operational within 10 miles before or during the event window—are associated
with larger discounts, while additional data centers in the same area have a smaller marginal
effect on home values.

Our results are robust across alternative research designs, specification choices, and
sample restrictions. First, our results are robust to alternative approaches to specifying the
research design, including using only repeated sales of the same homes, using three matched
comparison groups instead of one, and weighting by the number of treated housing units in
each sub-experiment (Fig. S3 and Table S4; 34). Second, the results are robust to alternative
specification choices, including keeping outlier transactions, excluding controls for housing
characteristics, and dropping transactions once homes are exposed to the announcement of
another large data center (Table S5). The results also retain statistical significance when we
two-way cluster the standard errors by census tract and calendar year (Table S5). Third, our
findings are not driven by any particular state. In a leave-one-out analysis, we repeatedly
re-estimate the main difference-in-differences specification (eqn. 2), each time excluding
all sub-experiments whose treated data center is located in a given state. Each leave-one-
out estimate is statistically different from zero at the 5% level and falls within the 95%
confidence interval of the main estimate (Fig. S4). Lastly, we find no clear evidence that
the announcement of a large data center affects housing sales (Fig. S6), suggesting that our
estimated price effects are unlikely to be driven by large changes in transaction volume.

Our estimates imply an aggregate housing value loss of $20.6 billion (see Materials
and Methods for details). This is comparable to the $24.5 billion loss attributed to wind
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turbine visibility nationwide (38), even though it is concentrated among far fewer homes.

Discussion

We find that the announcement of a large data center reduces housing values within 3
miles by about 3% on average. This effect is largest for homes within 1 mile of a data center
and persists over a 5-year time horizon. Nationally, we estimate that large data centers
have caused a $20.6 billion reduction in housing values. Despite widespread discussion,
speculation, and protest over these costs, they have not previously been quantified at scale.
As a result, they generally have not been incorporated into data center siting decisions or
analyses of the incentives jurisdictions use to attract data center development.

Although substantial for affected communities, these losses are modest relative to the
scale of data center investment. Average construction costs reached $10.7 million per MW
in 2025 (39). Thus, a 100-MW data center—a scale that is expected to become the new
norm (40)—can require more than $1 billion in construction investment even before servers
and other computing equipment are included, with some recent individual campuses seeing
investments of $25-27 billion (41, 42). These magnitudes suggest that compensating nearby
homeowners for reductions in their home values may be feasible at modest expense relative
to total project costs.

The larger effect we estimate for homes within 1 mile of a data center suggests that
local disamenities such as noise and air pollution may be an important component. Yet
sparse noise and air pollution monitoring near data centers makes it difficult to estimate
the effects of on-site sources like cooling equipment and backup generators on noise and
pollution levels (Fig. S7; see Supporting Information for details). While remotely sensed
data (43) could provide an alternative means of studying the impacts of data centers on air
pollution, they may be ill-suited for identifying the intermittent air pollution that backup
generators are most likely to cause. Better understanding which local disamenities matter
most is a crucial task for future research and policymaking, and could begin with increased
environmental monitoring near data centers.

Data center development has been found to bring local benefits, including increases
in employment and tax revenues (12, 13). These benefits should also be capitalized into
housing prices to the extent that nearby homeowners value them, and thus our estimates
net them out. More broadly, any benefits from the services supported by the computational
power that data centers provide are likely shared by households in both the treatment and
comparison groups and therefore are also netted out of our estimates. We thus find that
within 7 miles of a large data center, capitalized local costs exceed capitalized local benefits
over the 5-year period we study. This implies that our headline estimate understates the
gross disamenity experienced by nearby households to the extent that they also benefit from
data center development. At the same time, these locally borne costs are likely small relative
to data centers’ broader social benefits.

The negative effect of data center development on local housing values suggests op-
portunities for policy intervention. Policymakers may seek to compel developers to account
for these local externalities through zoning and tax policy, or to mitigate them directly
through measures such as noise barriers, visual screening, and setbacks from residential ar-
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eas; our estimates provide a quantitative basis for doing so. A tax on a data center set to the
expected capitalized loss across surrounding homes would price the local externality while
allowing projects whose value exceeds that loss to proceed; blanket bans, by contrast, forgo
the surplus from every project regardless of whether its benefits exceed local costs. Because
our estimates capture only the benefits and costs borne by nearby homeowners, such a levy
would be a lower bound on a data center’s total external cost and would need to be combined
with estimates of larger-scale damages such as air pollution and greenhouse gas emissions (9)
to approach full internalization. These estimates could also inform compensation schemes
for affected residents. Finally, because the discount attenuates sharply with distance, siting
remains a first-order margin of adjustment: damages fall rapidly as data centers are placed
farther from homes.

Materials and Methods

Data Center Data

We measure data center locations, characteristics, and development timing using a
newly constructed database of U.S. data centers (31). The database combines facility-level in-
formation from three commercial datasets—Baxtel, Data Center Map, and TeleGeography—
and Global Energy Monitor’s open-source Cryptomining Tracker, all downloaded in 2025.
Because each source includes data centers absent from the others, their combination sub-
stantially improves coverage. The resulting database contains 2,742 operational and planned
campuses, which is 23-133% more than any of the three commercial datasets.

A data center campus comprises one or more related, geographically proximate facil-
ities. Following (31), we group operators within the same facility, as well as facilities within
0.5 miles of one another operated by the same company, into a single campus. We aggre-
gate facility characteristics within sources and then reconcile them across sources. When
reconciling, we use the median across sources for power capacity and square footage and
the maximum for building footprint area. Following recent work (31-33), we classify cam-
puses as “large” if they have at least 20 MW of power capacity or 100,000 square feet of
building area. For operational campuses missing square footage, the database uses Esri
building footprint estimates derived from OpenStreetMap and Microsoft polygons; it then
imputes missing power capacity from a log-log regression on campus square footage. These
procedures identify 1,157 large operational or planned campuses. Because missing power ca-
pacity and square footage data are concentrated among smaller campuses, these imputations
identify only two additional large campuses and provide greater confidence that we do not
inadvertently exclude large campuses simply because the relevant size measures are missing.

The database also compiles announcement histories for large campuses. Because
the commercial datasets do not report announcements, (31) manually searched company
websites, press releases, news reports, public filings, and other contemporaneous sources to
identify the first public announcement of the 994 large campuses that opened in 2003 or later
or remained planned by the end of 2025. They identified announcement years directly for
751 of these campuses (75.6%) and, when unavailable, used construction start years for 116
campuses (11.7%). For 119 additional campuses (12.0%) that lack information on both mile-
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stones and were operational by the end of 2025, they imputed announcement years using the
median announcement-to-opening interval among operational campuses of the same type:
1 year for cryptomining and 2 years for hyperscale and other types. The remaining eight
campuses (0.8%) are planned but not yet operational and lack both announcement and con-
struction start years. We exclude them because we cannot reliably infer their announcement
years.

Housing Transaction Data

We use transaction-level residential housing data from version 3 of the CoreLogic
Property and Owner Transfer files, covering sales from January 1998 through May 2024.
These data provide parcel coordinates, sale dates, sale prices, and housing characteristics. We
restrict the sample to residential housing transactions with non-missing values for sale price,
sale date, total living area (square feet), number of bedrooms, and number of bathrooms. We
then drop non-arm’s-length transactions and those with sale prices below $1,000. Finally,
we inflation-adjust sale prices to 2025 U.S. dollars, define the total number of rooms as the
sum of bedrooms and bathrooms, and drop outlier transactions, which are defined as those
below the 1st or above the 99th percentile of either sale price or total room count.

Demographic and Socioeconomic Data

We obtain pre-treatment demographic and socioeconomic characteristics for the treat-
ment and comparison groups by spatially aggregating census block group (CBG)-level data
from the 2000 Census and the 2005-2009 through 2017-2022 5-year American Community
Survey (ACS) using publicly available data from IPUMS NHGIS (44). See SI Section A.1 for
details on how we impute CBG-level data onto the treatment and comparison group areas.

Treatment Group Construction

Treatment is assigned at the home level based on the announcement of a large nearby
data center. A home is treated by the first large data center announced within 3 miles. If
a home is first exposed to an announcement by two or more large data centers in the same
calendar year, we consider it treated by the closest one. Applying the restrictions described
below yields a final treatment sample of 346 large data centers announced from 2003 through
2023, which we refer to as treatment events. For each treatment event, we retain transactions
of treated homes from five years before through five years after the announcement.

To arrive at our final treatment sample, we begin with the 712 large data centers
announced from 2003 through 2023. The sample begins in 2003, the earliest announcement
year covered by (31), and ends in 2023 because the housing transaction data extend through
May 2024, allowing us to observe transactions for at least 1 post-treatment year for each
treated home. To avoid contamination from preexisting data centers, we exclude homes
within 3 miles of any of the 159 large data centers announced or operational by 2002, as
well as 10 data centers with unknown operational timing that may have been operating or
announced by 2002. These exclusions leave 12 out of 712 data centers with no eligible homes
within 3 miles, reducing the set of potential treatment events to 700.
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We then assign homes to treatment sequentially by announcement year. Because
homes exposed to an earlier announcement are no longer eligible for treatment by later
announcements, some later-announced data centers have no previously untreated homes
within 3 miles. This eliminates an additional 78 data centers, leaving 622 potential treatment
events. Next, we drop 12 data centers in areas lacking the demographic and socioeconomic
data required to select a matched comparison group. Finally, we exclude data centers without
at least one transaction in the event study reference year (t=-1) and at least one transaction
during the post-announcement event window (t=0 to 5). This eliminates many data centers
in remote areas and those outside CoreLogics coverage. The final estimation sample contains
346 treatment events.

Comparison Group Construction

For each treatment event, we select a matched large data center announced more
than 5 years later, or after May 2024, the final month of our housing transactions data. We
impose the same transaction year requirements on potential matches as on the treatment
group: at least one transaction within 3 miles in the reference year (t=-1) and at least one
during the post-announcement window (t=0 to 5), with event time defined relative to the
treated data center’s announcement. To limit spillovers, candidate comparison data centers
must also be at least 10 miles from any large data center announced or operational by the
end of that window. The comparison group then consists of all transactions within 3 miles
of the selected data center.

We select matches by minimizing the Mahalanobis distance between treated and po-
tential comparison data centers using a parsimonious set of pre-treatment characteristics,
measured relative to the treated data centers announcement: population density, median
household income, share of non-White residents, and housing vacancy rate. For treatment
events in 2010 or later, we measure these characteristics using ACS estimates covering the
preceding 5 years. For events in 2009 or earlier, we use the 2000 Census because the earliest
available 5-year ACS estimates extend into the post-treatment period. We match the 346
treatment events to 104 unique comparison data centers, as the same data center may serve
as a comparison for multiple treatment events.

Statistical Analysis

Because data center announcements occur at different times, treatment adoption is
staggered. Since conventional two-way fixed effects estimators may not recover an inter-
pretable average treatment effect in such settings (35, 36), we use a stacked event study,
which ensures that transactions among treated homes are compared only with those for
homes that remain untreated through the relevant event window (34). Although several al-
ternative estimators accommodate staggered adoption and heterogeneous treatment effects
(35, 45-47), the stacked framework is particularly well suited to our setting because it makes
it straightforward to define each of our 346 treatment events as a separate sub-experiment
and pair it with the single clean comparison group selected through our matching procedure
above.
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To construct the stacked dataset, we create a separate panel for each sub-experiment
containing the treated homes, their matched comparison homes, and their transactions oc-
curring from 5 years before through 5 years after the treated data center’s announcement. We
define event time relative to that announcement and concatenate the 346 sub-experiment-
specific panels into a single estimation sample. Using this stacked dataset, we estimate the
following event study specification via ordinary least squares:

log(priceigert) = Z B ({1 = h} x Treatige) + age + der + ngeﬂq +€igert- (1)
h="5..5
h£-1

The outcome, log(price;gert), is the natural logarithm of the sale price of home i assigned
to treatment or comparison group ¢ in sub-experiment e sold in event year 7 on calendar
date t. The variables 1{7 = h} are indicators for the event year relative to treatment event
e. These indicators are interacted with T'reat;ge, an indicator equal to one for homes in the
treatment group of sub-experiment e and zero otherwise. Following standard practice, we
omit event year 7 = —1 from this set of interactions.

The term age denotes group-by-sub-experiment fixed effects, allowing the treatment
and comparison groups in each sub-experiment to have separate intercepts. These fixed
effects absorb time-invariant differences across groups within a sub-experiment, including
baseline differences in housing prices. The term ., denotes sub-experiment-by-event year
fixed effects. These fixed effects absorb shocks that are common to treatment and comparison
group homes within the same sub-experiment and event year. For example, they control
for changes in national housing market conditions and other macroeconomic factors that
affect both groups. Together, these two sets of fixed effects imply that identification comes
from comparing how housing prices evolve in the treatment group relative to the matched
comparison group within each sub-experiment.

The vector Xjgert contains observable characteristics for each home i: square footage
and the number of bedrooms plus bathrooms. Finally, €;4er¢ is an unobserved error term.
We cluster standard errors at the Census tract level to allow for arbitrary serial correlation
in housing prices within local housing markets both within and across sub-experiments.
Because Census tract boundaries change over time, we use 2000 Census tracts throughout
the analysis.

The coefficients of interest are the event study parameters ;. Each j; measures
the difference in log sale prices between the treatment and comparison groups h years rel-
ative to the announcement, normalized to the corresponding difference in the omitted pre-
announcement year (h = —1). Because treatment is defined by the initial announcement of a
nearby data center, 3, captures the capitalization of information revealed at announcement
together with subsequent effects from the announced data centers construction, operation,
and potential expansion, as well as from any additional nearby data center development
during the event window.

The parameters (3, identify the causal effect of the announcement of a large data center
on local housing prices under two main assumptions: no anticipation and parallel trends. The
no anticipation assumption requires that housing prices do not respond before the assigned
treatment year, which is plausible given that buyers and sellers are unlikely to learn of a data
center before it is publicly announced or under development. The parallel trends assumption
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requires that, absent data center announcement, housing prices in treatment and comparison
groups would have evolved similarly.

While these assumptions cannot be tested directly, our research design reduces the
likelihood that they are violated. Comparison groups are drawn from homes surrounding
future data center sites, making them more likely to share unobserved determinants of data
center siting with the corresponding treatment groups, and are matched on pre-treatment
demographic and socioeconomic characteristics. This design choice makes our treatment and
control groups potentially more likely to follow parallel trends in their housing prices (34).
In addition, we report pre-treatment event study coefficients. Finding that these coefficients
are economically small and statistically indistinguishable from zero is consistent with both
parallel trends and no anticipation effects.

To summarize the average post-announcement effect, we also estimate the following
stacked difference-in-differences regression:

log(priceigert) = B (Treatige X Posty) + age + der + Xz{geTt’y + €igert, (2)

where Post, = 1{7 > 0} is an indicator equal to one in the announcement year and thereafter,
and zero in the pre-announcement years. The coefficient 5 measures the average effect of the
announcement of a large data center on treated homes over the 5-year post-announcement
event window.

To examine how treatment effects vary with proximity to data centers, we estimate

log(price)igert = Z By (Treatige X Bm?ge X PostT>

beB
+ > N (Treatige X Bmfge) + age + Oer ~I—X£geTt’y+ €igerts (3)
bEﬁ\bO
where Bmfge is an indicator equal to one if treated home 7 in group g of sub-experiment

e lies within distance bin b of the data center, and zero otherwise. Because the group-
by-sub-experiment fixed effects, age, already include a common baseline intercept for all
treated homes within each sub-experiment, we omit one lower-order interaction to avoid
multicollinearity. The remaining lower-order interactions allow treated homes in different
distance bins to have different pre-announcement price levels. The coefficients [ therefore
measure the difference-in-differences treatment effect for homes in distance bin b relative to
the full matched comparison group. Estimating the distance bin effects in a single regression
also allows us to conduct joint hypothesis tests across distance bins.

We use the same comparison group for every treated distance bin rather than intro-
ducing additional interactions that partition the comparison group. This common reference
group allows differences across the estimated [, coefficients to be interpreted as differences
in treatment effects by distance rather than differences in the comparison group. We extend
the treated distance bins through 7 miles. Candidate comparison data centers are at least
10 miles from the treated data center, and the comparison group contains all transactions
among homes within 3 miles of the selected comparison; thus, 7 miles is the maximum treated
radius that cannot overlap the matched comparison group. To avoid conflating the distance
gradient from the original treatment event with exposure to the announcement or develop-
ment of a subsequent nearby data center, we exclude transactions for treated homes once
another large data center is announced within 7 miles, while retaining all prior transactions.

10
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Lastly, to examine heterogeneous effects by data center and area characteristics, we
estimate

log(priceigert) =Y Be (T'reatige x Postr X CE) + age + er + X oertY + €igert, (4)
C

where Cf is a mutually exclusive and exhaustive set of indicators classifying each sub-
experiment e according to a characteristic of interest. The coefficients (. therefore measure
the average treatment effect for treated homes for each characteristic.

Damages Estimation

We estimate aggregate housing wealth losses by multiplying the estimated propor-
tional effect of the announcement of a large data center on housing prices by the average
pre-treatment sale price of treated homes in our sample and the estimated total number
of pre-treatment treated homes across all sub-experiments. Formally, we calculate dam-
ages as D = — x P x N, where 3 = eXp(B) —1 = —-0.0298 is the proportional effect on
housing prices obtained by rescaling the log-point difference-in-differences estimate B from
eqn. (2), P = 387,380 is the average pre-treatment sale price of treated homes in 2025 dol-
lars, and N = 1,780,509 is the estimated number of pre-treatment homes in treated areas,
measured using Census and ACS data (See Section A.1 for more details). Using the Census-
based housing stock, rather than only homes observed to transact in CorelLogic, accounts
for incomplete transaction coverage and homes that do not transact during the 5-year pre-
period. This calculation yields an estimated aggregate housing wealth loss of approximately
D = —(—0.0298) x 387,380 x 1,780,509 =~ $20.6 billion.
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Figure 1: Geographic and Temporal Distribution of Treated and Matched Comparison Data
Centers and Housing Transactions
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Note: (A) Locations of treated and matched comparison data centers. Filled markers denote treated data
centers, colored by announcement year; gray open markers denote matched comparison data centers. Some
data centers serve as matched comparisons for earlier-announced data centers and later serve as treatment
events themselves. These locations are denoted by both filled and open markers. Marker shape encodes data
center type. The large panel shows the contiguous United States; the two stacked panels to the right are
zoomed insets for the two Metropolitan Statistical Areas (MSAs) containing the most data centers in our
sample: Washington—Arlington—Alexandria (“Washington, DC”) and Chicago—Naperville-Elgin (“Chicago,
IL”). MSA boundaries are shown in black; state borders are shown in light gray. The black rectangles on
the national map mark the extent of each inset. (B) Housing transactions used in the regressions, by treated
and matched comparison group. (C) Stacked bar chart showing the distribution of announcement years for
treated and matched comparison data centers. (D) Distribution of transaction years for housing transactions
in the sample.
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Figure 2: Dynamic Effects of Data Centers on Housing Values

Change in Housing Value (%)
S
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Note: The figure shows estimated changes in housing values before and after the announcement of a large data
center relative to the year immediately preceding the announcement, obtained from eqn. (1) using a sample of
2,712,332 observations. Estimates before announcement (hollow dots) provide a test for differential pre-trends
in housing values between the treatment and matched comparison groups; estimates after announcement
(solid dots) trace how relative housing prices evolve following the announcement. The dashed horizontal line
shows the average post-announcement treatment effect estimated by the difference-in-differences regression
in eqn. (2). Points denote estimated effects and vertical bars represent 95% confidence intervals based on
standard errors clustered at the census tract level. Because the dependent variable is the natural logarithm of
the home sale price, coefficients are reported as exact percentage changes, computed as 100(65 —1). Standard
errors are converted to the percentage scale using the delta method, and the 95% confidence intervals are
constructed from these transformed standard errors.
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Figure 3: Effect of Data Centers on Housing Values by Distance
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Note: The figure shows estimated treatment effects on housing prices by 1-mile distance bins from announced
large data centers. Estimates are obtained from eqn. (3) using an extended sample of 4,359,640 observations,
which extends the baseline difference-in-differences specification by interacting the Treat x Post indicators
with indicators for each 1-mile distance bin. Points denote the estimated treatment effect for each distance
bin relative to the matched comparison group. Vertical bars represent 95% confidence intervals based on
standard errors clustered at the census tract level. Because the dependent variable is the natural logarithm of
the home sale price, coefficients are reported as exact percentage changes, computed as 100(e® —1). Standard
errors are converted to the percentage scale using the delta method, and the 95% confidence intervals are
constructed from these transformed standard errors. To avoid conflating the distance gradient from the
original treatment event with exposure to the announcement or development of a subsequent nearby data
center, we exclude transactions for treated homes once another large data center is announced within 7 miles;
earlier transactions remain in the sample. Bars at the bottom of the figure show the number of treatment
group transactions in each distance bin, in thousands.
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Figure 4: Effect of Data Centers on Housing Values by Data Center and Area Characteristics
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Note: Circles denote point estimates from eqn. (4) using the main sample of 2,712,332 observations, which
augments the baseline difference-in-differences specification by interacting the treatment indicator with mu-
tually exclusive indicators for data center or area characteristics. We examine heterogeneity by data center
type (hyperscale, cryptomining, and other), data center size (above versus below the sample median of ap-
proximately 70 MW), whether the data center is located in an urban or rural area according to the 2000
Census, and whether the data center is isolated or non-isolated, where isolated data centers are defined as
having no other large data center announced or operational within 10 miles before or during their event
window. Vertical bars represent 95% confidence intervals based on standard errors clustered at the census
tract level. Because the dependent variable is the natural logarithm of the home sale price, coefficients
are reported as exact percentage changes, computed as 100(65 —1). Standard errors are converted to the
percentage scale using the delta method, and the 95% confidence intervals are constructed from these trans-
formed standard errors. Bars at the bottom of the figure show the percentage of treated data centers in each
category.
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A Data

A.1 Imputing Demographic and Socioeconomic Characteristics

We construct pre-announcement characteristics for the treatment and matched com-
parison groups by spatially aggregating census block group (CBG)-level data from the 2000
Census and the 2005-2009 through 2018-2022 5-year American Community Surveys (ACSs),
obtained from IPUMS NHGIS (1). For each sub-experiment, we aggregate these data over
the geographic areas defined by the treatment and comparison group assignment rules de-
scribed in the Materials and Methods. Treatment group areas consist of the portions within
3 miles of the treated data center assigned to that treatment event; because homes exposed
to multiple nearby announcements are assigned only to their first, or in the case of simul-
taneous announcements, the nearest, data center, these treatment group areas are mutually
exclusive and need not form complete 3-mile circles. Comparison group areas, in contrast,
are the full 3-mile circles around the matched comparison data centers. This is because
candidate comparison data centers are required to be at least 10 miles from any large data
center announced or operational by the end of the treated data center’s event window (i.e.,
through five years after its announcement), so the 3-mile area surrounding the comparison
data center does not need to be partitioned to account for announcements of other nearby
data centers.

We first intersect each treatment and comparison group area with CBG boundaries
and let ag, denote the fraction of CBG b’s area contained in group g. For count variables
X} (population, the number of housing units, and the number of households), we calculate

Xg= Zangba (SI 1)
b

where ag, = 0 for CBGs that do not intersect group g. Thus, each CBG contributes in
proportion to the share of its area contained within the treatment or comparison group
area. For example, if group g contains 50% of the area of CBG b with 1,000 residents (i.e.,
agy = 0.5), we impute that 500 of the CBG’s residents live within group g.

This procedure implicitly assumes that counts are uniformly distributed within each
CBG. Although this assumption is only approximate, CBGs are the smallest geographic
units for which these ACS measures are publicly available. The resulting measurement error
is likely to be minimal in densely populated areas, where CBGs commonly cover only a few
city blocks, but may be greater in sparsely populated areas with geographically larger CBGs.
We construct three of the variables used for matching—population density, non-White popu-
lation share, and housing vacancy rate—from the corresponding area-share-imputed counts.

For median household income, the last variable used for matching, we calculate a
household-weighted average of CBG median household incomes:

b agp Hy My,
>pagpHp
where Mj is median household income and Hj is the number of households in CBG b.

Because medians are not additive, M, approximates, rather than exactly recovers, the median
household income of the aggregated treatment or comparison group.

M, = (SI 2)
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We address missing CBG-level values separately for each variable. We exclude CBGs
with missing values and rescale the available data to account for the uncovered portion of
the group. We construct a group-level value only when CBGs with non-missing data cover
at least 50% of the group’s area; otherwise, we set the value to missing. Treatment and
matched comparison groups are eligible to be included in the regression samples only if they
have non-missing values for every pre-treatment characteristic used in matching: population
density, median household income, housing vacancy rate, and the non-White population
share.

B Robustness

B.1 Testing for Violations of the Parallel Trends Assumption

We find no statistical evidence against the parallel trends assumption. Visual inspec-
tion of the event study estimates (Fig. 2) indicates that the pre-treatment coefficients are
approximately flat and centered around zero. We also conduct a joint F-test of the null
hypothesis that the pre-treatment event study coefficients are jointly equal to zero and fail
to reject the null (F = 1.89, p-value = 0.11). As discussed in the Materials and Methods,
the parallel trends assumption itself is fundamentally untestable because it concerns unob-
servable counterfactual outcomes. Nevertheless, these results indicate that, conditional on
our controls, housing prices in the treatment and comparison groups trended similarly before
the treatment event.

B.2 Including Outlier Transactions

Our main specification drops outlier transactions, defined as those below the 1st
or above the 99th percentile of either sale price or total room count. These exclusions are
intended to reduce the influence of recording errors, highly unusual homes, and other extreme
transactions. As a robustness check, we re-estimate the main specification including these
transactions.

Table S5, column 2 reports the result of this specification. Including outlier transac-
tions yields an estimated effect of about -0.028 log points (p-value < 0.01), corresponding to
a 2.73% decline, which is similar to our main estimate of -2.98%.

B.3 Dropping Housing Characteristic Controls

As a robustness check, we re-estimate our main specification without controlling for
the number of rooms and square footage, which we include in the main specification to help
account for potential changes in the composition of homes sold over time. The resulting
estimate is about -0.033 log points (p-value < 0.01; Table S5, column 3), corresponding to a
3.26% decline, which is similar to our main estimate of -2.98%. This similarity suggests that
our results are not driven by changes in the composition of transacted homes as measured by
their observable characteristics, but instead reflect changes in the market value of otherwise
comparable homes.
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B.4 Dropping Observations Treated by Multiple Data Centers

As discussed in the Materials and Methods, our main specification assigns each treated
home to the nearest data center first announced within 3 miles. Because data centers often
cluster geographically, a home may subsequently be exposed to announcements of additional
nearby data centers during the post-treatment event window. Consequently, our baseline
estimates may partially capture the effects of these subsequent announcements in addition
to the focal announcement.

To assess the importance of this issue, we re-estimate the main specification after
dropping transactions once they are exposed to the announcement of another large data
center. The resulting estimates can therefore be interpreted more cleanly as reflecting expo-
sure to a single nearby announcement. As expected, the estimated effect of about -0.021 log
points (p-value = 0.01; Table S5, column 4), corresponding to a decline of 2.09%, is smaller
in magnitude than our baseline estimate of -2.98%, consistent with subsequent nearby an-
nouncements contributing to the overall effect. Nevertheless, the estimate remains relatively
similar and statistically significant, indicating that our main findings are not primarily driven
by exposure to subsequent announcements of other nearby data centers.

B.5 Alternative Standard Errors

In our main specification, we cluster standard errors by census tract rather than
treatment or comparison group because the groups in our setting do not correspond to the
relevant dependence structure. Homes are treated by the nearest first-announced data center
within 3 miles, so geographically adjacent homes may belong to different treatment groups.
This can occur when homes are slightly closer to different data centers announced in the
same year or when one home lies within 3 miles of an earlier announcement while a nearby
home falls just outside that radius and is subsequently assigned to a later announcement.
In our sample, 66,335 pairs of homes and 129,229 pairs of transactions assigned to different
treatment groups are located within 0.1 miles of one another. Group-level clustering would
therefore impose independence across transactions among geographically proximate homes,
which may be subject to common local shocks. In addition, overlapping comparison groups
can contain transactions among the same not-yet-treated homes, which group-level clustering
would also treat as independent. By clustering on geography rather than constructed group
membership, census tract clustering allows errors to be correlated among nearby homes even
when they are assigned to different groups or appear in different sub-experiments. Table S5,
column 5 reproduces our main estimate with more conservative standard errors that two-way
cluster by census tract and calendar year. The estimate remains significant at the 10% level
(p-value = 0.057).

B.6 Repeat Sales Model

Our findings are robust to using a repeat-sales model. As a robustness check, we
replace the group-by-sub-experiment fixed effects, age, in our main stacked event study
specification (eqn. 1) with home-by-sub-experiment fixed effects, a;e, which absorb all time-
invariant characteristics of individual homes. Identification therefore comes from within-
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home changes in transaction prices over time, comparing treated homes with homes in the
corresponding comparison group. Because this approach requires homes to transact multi-
ple times within the event window of a given sub-experiment, it substantially reduces the
estimation sample. Nevertheless, we estimate an effect of about -0.048 log points (p-value
< 0.01; Table S4, column 2), corresponding to a decline of 4.66%, which is roughly 56%
larger in magnitude than our baseline estimate of -2.98%. The corresponding event study
continues to exhibit no evidence of differential pre-trends (Fig. S3), and we fail to reject the
null hypothesis that the pre-treatment coefficients are jointly equal to zero (F = 1.01, p-value
= 0.40). These results indicate that our findings are not driven by changes in the composi-
tion of homes sold following the announcement of a large data center and, if anything, are
stronger when comparing price changes for the same homes over time.

B.7 Increasing the Number of Matched Comparison Groups

To investigate whether our findings are sensitive to the number of matched compar-
ison groups in each sub-experiment, we match each treated data center to its three closest
comparison data centers rather than only the single closest comparison based on the Maha-
lanobis distance in pre-treatment characteristics. We first select the comparison data center
with the smallest Mahalanobis distance, which we use in our main specification. We then ex-
clude all remaining candidate comparison data centers within 10 miles of the selected match,
select the remaining candidate with the next-smallest Mahalanobis distance, and repeat this
procedure to select the third matched comparison data center. This procedure ensures that
matched comparison groups within each sub-experiment are geographically distinct and do
not share any homes, while increasing the number of unique matched comparison data centers
from 104 in our main specification to 165.

Using a single matched comparison group maximizes the observed similarity between
the treated and comparison group areas by selecting the candidate with the smallest Ma-
halanobis distance. However, it makes the estimated counterfactual more sensitive to id-
iosyncratic price movements or sparse transaction data in that one comparison group. Using
multiple matched comparison groups draws on more locations and transactions, potentially
improving precision and reducing dependence on any single comparison group. However, the
additional matches may be somewhat less similar to the treatment group.

Table S4, column 3 reports the result of running Eq. (2) using three matched com-
parison groups in each sub-experiment, with the sub-experiment-by-group fixed effects, aye,
modified so that the treatment group and each matched comparison group within a sub-
experiment have their own intercept. The point estimate of about -.026 log points (p-value
< 0.01), corresponding to a 2.55% price decline, is similar under this alternative matching
procedure to our main estimate of -2.98%. The corresponding event study also exhibits no
evidence of differential pre-trends (Fig. S3), and we fail to reject the null hypothesis that the
pre-treatment coefficients are jointly equal to zero (F = 0.62, p-value = 0.65). These results
indicate that our findings are not sensitive to the number of matched comparison groups
used.
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B.8 Alternative Weighting Scheme

Wing et al. (2) propose a weighting scheme which, in our context, amounts to weight-
ing each sub-experiment in proportion to the estimated underlying number of treated housing
units (see Section A.1), thereby estimating the effect on the average treated housing unit.
We do not use this weighting scheme in our main specification because its balanced panel re-
quirement would meaningfully alter the composition of the estimation sample. In particular,
it would exclude the 151 treated data centers (43.6%) announced in 2020 or later because
they lack a complete post-treatment window. It would also exclude sub-experiments without
treatment and comparison group transactions in every event year, disproportionately remov-
ing rural data centers, where housing transactions are sparser. The resulting sample of 173
out of the original 346 treated data centers would therefore be concentrated among earlier
announcements and more urban areas, limiting the representativeness of the estimates for
the broader set of data centers in our study.

We nevertheless implement this weighting scheme as a robustness check. Because
our regressions use transaction-level data, we divide each sub-experiment-by-group-by-event
year cell weight from (2) by the number of transactions in that cell so that the transaction
weights sum to the prescribed cell weight. We estimate this specification using the three
closest matched comparison data centers rather than only the closest match because the
combination of housing unit weights and, at times, sparse transaction data makes the results
more sensitive to idiosyncratic variation in a single comparison group. In sub-experiments
with many comparison housing units but few observed transactions, individual comparison
transactions receive disproportionately large weights. Using three matches mitigates this
issue by spreading the comparison group weights across more transactions.

Table S4, column 4 reports the weighted difference-in-differences estimate. At -0.026
log points (p-value < 0.01), corresponding to a price decline of 2.55%, this effect is similar
to our main estimate of -2.98% (column 1). It is also nearly identical to the estimate
obtained using three matched comparison groups without weighting (Table S4, column 3).
The corresponding event study exhibits no evidence of differential pre-trends (Fig. S3), and
we fail to reject the null hypothesis that the pre-treatment coefficients are jointly equal to
zero (F = 2.21, p-value = 0.07).

B.9 Leave-One-Out Estimation

To assess the influence of data from individual states on our main results, we conduct
a leave-one-out analysis in which we repeatedly re-estimate the main difference-in-differences
specification (eqn. 2), each time excluding all sub-experiments whose treated data center is
located in a given state. Fig. S4 presents the resulting point estimates and 95% confidence
intervals. Across all 32 leave-one-out regressions, the estimated effects remain statistically
significant at the 5% level, and every estimate falls within the 95% confidence interval of the
main specification.
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C Additional Analyses

C.1 Balance Between Treatment and Comparison Groups

The treatment and matched comparison groups are relatively well-balanced on the
pre-treatment characteristics used for matching. To assess balance, we compute standard-
ized mean differences (SMDs) for each matching characteristic. When 5-year ACS estimates
are available, we define each characteristic’s pre-treatment value as the average over event
years t = —5 through ¢ = —1, using the corresponding 5-year ACS estimates. Data cen-
ters announced from 2010 through 2023 therefore use ACS vintages ranging from 2006-2009
through 2018-2022, respectively. For data centers announced before 2010, for which corre-
sponding pre-treatment ACS estimates are unavailable, we use the 2000 Census.

Let E be the number of sub-experiments, each containing one treated group and
one matched comparison group. For a matching characteristic X, define the within-sub-
experiment difference and its mean as

de :XeT_Xer (SI 3)

- 1 E _ _

d=—=S"d.= Xy — X, (ST 4)
Eezl

where X.r and X,o are the characteristic values for the treated and matched comparison
group in sub-experiment e, respectively.
We measure the magnitude and direction of imbalance in X using the standardized

mean difference:
d 2 2
SMD= - =1L (ST 5)
Spool 2

where 32T and s% are the variances of the characteristic across the treatment and matched
comparison groups, respectively. An SMD of 1, for example, indicates that the treatment
group mean is one pooled standard deviation higher than the matched comparison group
mean.

Table S3 reports the SMDs and corresponding treatment and comparison group
means. The SMDs range from 0.05 to 0.21, all below the commonly used threshold of
0.25 (3). The remaining imbalance is consistent with evidence that planned data centers
have increasingly been sited in more rural areas over time (4). Accordingly, the treated data
centers in our sample, which were announced an average of 7 years earlier than the matched
comparison data centers (Table S2), are located in areas with somewhat higher population
density (SMD = 0.21), median household income (SMD = 0.15), and the percentage of the
population that is non-White (SMD = 0.13).

C.2 Announcement Versus Opening Effects

We find that the timing of housing-price capitalization changes markedly over the
sample period. Among data centers announced from 2003 through 2020, we find no evidence
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that housing prices respond at announcement but estimate a statistically significant addi-
tional decline once the data center becomes operational. In contrast, among data centers
announced from 2021 through 2023—the beginning of the post-pandemic hyperscale and Al
boom (Fig. S1), which coincides with an upward trend break in Google Search interest in
data centers (Fig. S5)—housing prices decline at announcement, and we detect no additional
effect after opening. This shift is consistent with the idea that, as data centers have become
more salient in recent years and their potential local impacts are better understood, housing
markets increasingly capitalize their expected effects when data centers are announced rather
than waiting until they become operational.

To disentangle housing price responses to the announcement of a large data center
from those associated with the opening, we impose three sample restrictions. First, we re-
strict the sample to the 237 out of 346 treated data centers from our main sample that
became operational by 2024, the end of our sample period. Second, we require that the
treated data center be announced and become operational in different calendar years, allow-
ing us to separately identify the announcement and opening effects. This restriction further
reduces the sample to 218 sub-experiments. Finally, we require that the treated data center
become operational within 4 calendar years of announcement, ensuring that the opening oc-
curs within the 5-year event window and that at least one subsequent event year is observed.
This final restriction leaves 215 treated data centers: 181 announced before 2021 and 34
announced after 2021.

Within this sample, we distinguish capitalization at announcement from any ad-
ditional effect associated with operation by estimating a specification that extends our
main difference-in-differences model (eqn. 2) to include separate indicators for the post-
announcement and post-opening periods. We estimate this equation separately for the two
sets of data centers described above—those announced from 2003-2020 and those announced
from 2021-2023:

log(price)igert =P a (PostAnnouncementer X Treat;ge)
+ Bo (PostOpeninger x Treatge)
+ Qge +der +Xége7—t’7+5igeﬂf- (SI 6)

Here, Post Announcement., is an indicator equal to one in the announcement year and all
subsequent years (i.e., the same as Post., in eqn. 2), while PostOpeninge, is an indicator
equal to one beginning in the opening year. Because Post Announcement.; remains equal to
one after the data center becomes operational, J4 captures the average differential change
in housing prices after announcement but before opening. The coefficient S captures the
incremental change beginning in the opening year relative to the announcement-to-opening
period.

For the 181 data centers announced from 2003 through 2020 that meet the above
criteria, we find no evidence that housing prices responded at announcement, and almost
the entire price effect is observed after opening. We fail to reject the null hypothesis that
B4 =0 at conventional significance levels, and the point estimate of about -0.006 log points,
corresponding to a 0.60% decline, is relatively small in magnitude (Table S6A, column 2).
In contrast, we reject the null hypothesis that 8o =0 at the 1% level (Table S6A, column
2). Moreover, the incremental post-opening effect of -0.030 log points (-2.97%) is similar

7
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to the overall post-announcement effect of -0.026 log points (-2.58%) estimated using our
main difference-in-differences specification (eqn.2) for this sample (Table S6A, column 1).
Together, these estimates suggest that, for data centers announced through 2020, nearby
housing prices responded minimally at announcement and declined almost entirely after
data centers became operational.

For the 34 data centers meeting the above criteria that were announced from 2021-2023,
we find the opposite pattern. We reject the null hypothesis that S4 = 0 at the 5% level
(Table S6B, column 2), and the estimated announcement effect is about -0.041 log points
(-3.97%), which is nearly identical to the overall post-announcement effect of roughly -
0.041 log points (-3.98%) from our main difference-in-differences specification for this sam-
ple (Table S6B, column 1). In contrast, we fail to reject the null hypothesis that So =0 at
conventional significance levels, and the estimated incremental opening effect of -0.01% is
approximately zero (Table S6B, column 2). These estimates suggest that, for more recently
announced data centers, nearby housing prices adjusted when data centers were announced,
with no detectable additional effects once data centers became operational.

Lastly, the announcement-to-opening interval is similar across the two periods, av-
eraging 1.88 years for the 181 data centers announced from 2003-2020 and 1.59 years for
the 34 announced from 2021-2023. Thus, the shift toward capitalization at announcement
in the later period does not appear to be driven by systematically shorter lags between
announcement and opening, which could otherwise leave less time to detect separate price
responses.

C.3 Sales Impacts

We find no clear evidence that the announcement of a large data center affects housing
sales, suggesting that our estimated price effects are unlikely to be driven by large changes
in transaction volume. To examine whether data center announcements affect transaction
volume or the probability of observing a transaction, we aggregate the data to the sub-
experiment-by-group-by-census tract-by-event year level. Let Ny, denote the number of
housing sales in treatment or matched comparison group g, census tract ¢, and event year
7 of sub-experiment e. We construct a balanced panel over all observable cells, including
every event year that can be observed within our sample period. For cells with no observed
sales, we set Ngeer = 0. Approximately 12.5% of cells contain no sales.

Using these grouped data, we estimate a stacked event study specification analogous
to our main specification (eqn. 1):

cheT = Z ﬂh (1{7- = h} X T?‘@CLtgce) +ge t+ Oer + Egcer; (SI 7>
h=-5,...,5 h#-1

We estimate Eq. (SI 7) using two dependent variables. First, we set Ygcer = log(Ngeer + 1),
which measures changes in the number of home sales while retaining cells with no sales.
Second, we set Yycer = 1{Nycer > 0}, which indicates whether any sale is observed in the cell.
The first outcome captures changes in transaction volume, while the second tests whether
announcements affect the probability of observing any sale. As in our main specification, we
cluster the standard errors at the census tract level.
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We also estimate the corresponding difference-in-differences specification using each
of the two dependent variables described above:

YVgceT = (Treatg(:e X POStT) + Qge + Oer + Egcer- (SI 8)

Fig. S6 reports the results from Eqs. (SI 7) and (SI 8). The event study coefficients
provide no clear evidence of a systematic change in either transaction volume or the prob-
ability that any sale occurs following an announcement. Consistent with this pattern, the
difference-in-differences estimate implies a 0.98% decline in sales, but the estimate is statis-
tically insignificant (p-value = 0.52). The estimated effect on the probability of observing at
least one sale in a cell is approximately zero and is also statistically insignificant (p-value =
0.80). The event study and difference-in-differences estimates are fairly noisy, however, and
therefore do not rule out modest changes in transaction activity.

C.4 Noise and Air Quality Monitor Coverage

We investigated whether public environmental monitors could be used to estimate the
effect of data center openings on local air quality and noise levels. For air quality, we focused
on NOg and PMjy 5 monitors in the EPA’s Air Quality System (AQS) network, which measure
some of the primary pollutants produced by diesel exhaust from on-site backup generators.
For noise, we used the EHZ and HHZ channels of surface-level seismometers, which have
been shown to capture anthropogenic noise (5). We consider a monitor potentially usable if
it is within 6 miles of a large data center, reports at hourly or finer time resolution, and has
50% or better temporal coverage in each year before and after a data center’s opening.

We find that direct measurement of data center noise and local air quality impacts
is infeasible at scale with existing public monitoring infrastructure. Fig. S7 shows that two-
thirds of large data centers have no qualifying monitor of any kind within 6 miles, and none
has one within half a mile. The lack of monitoring near data centers may be especially
important for noise, as it attenuates more quickly over distance.



D Supporting Figures

Figure S1: Cumulative Distribution of Data Center Announcement Years
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Note: Bars show the number of large data center campuses announced each year between 2003 and 2025,
colored by type. The gray line shows the cumulative percentage. Large campuses are defined as having a
total power capacity of at least 20 MW or a building area of at least 100,000 square feet.
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Figure S2: Distribution of Opening Versus Announcement Years
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Note: The figure shows the distribution of treated data centers by the number of calendar years between
announcement and opening, separately by type: cryptomining (dark blue), hyperscale (mid-blue), and other
(light blue). The sample includes the 142 out of 346 treated data centers that (i) were operational by the
end of 2025 and (ii) have an observed announcement year that was not imputed using either the construction
start year or the median gap between announcement and opening among data centers of the same type. The
horizontal axis displays the number of calendar years between opening and announcement. A value of zero
indicates that a campus was announced in the same calendar year that it became operational; positive values
indicate that it opened in a calendar year after it was announced. The stacked bars report the percentage
of data centers at each value on the left vertical axis. The gray line reports the cumulative percentage
of data centers on the right vertical axis. Approximately 46% of data centers opened within 1 calendar
year of their announcement, 74% within 2 calendar years, and 90% within 3 calendar years. Among data
centers with observed announcement years, the median gap between announcement and opening is 1 year
for cryptomining and 2 years for hyperscale and other types of data centers.
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Figure S3: Robustness to Alternative Research Designs: Event Studies
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Note: The figure shows estimated changes in housing values before and after the announcement of a large
data center relative to the year immediately preceding the announcement, obtained from eqn. (1) under
four alternative specifications. The mid-blue estimates correspond to the main specification. The light-
blue estimates use a repeat-sales specification that replaces the sub-experiment-by-group fixed effects with
sub-experiment-by-home fixed effects, restricting the sample to homes that transact multiple times within a
given sub-experiment. The mid-purple estimates use the top three best-matched comparison groups for each
treatment event, rather than only the single best match used in the main specification. The light-purple
estimates weight sub-experiments by their estimated number of treated housing units using weights derived
from those in Wing et al. (2). Estimates before announcement (hollow dots) provide a test for differential pre-
trends in housing values between the treatment and comparison groups; estimates after announcement (solid
dots) trace how relative housing prices evolve following the announcement. Points denote estimated effects,
and vertical bars represent 95% confidence intervals based on standard errors clustered at the census tract
level. Because the dependent variable is the natural logarithm of the home sale price, coefficients are reported
as exact percentage changes, computed as 100(€B —1). Standard errors are converted to the percentage scale
using the delta method, and the 95% confidence intervals are constructed from these transformed standard
errors.
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Figure S4: Leave-One-Out Estimates
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Note: The figure shows the distribution of leave-one-out difference-in-differences estimates by state. Esti-
mates are obtained from 32 separate regressions estimated using eqn. 2, with each regression excluding all
sub-experiments whose treated data center is located in a given state indicated on the x-axis. Points denote
the estimated treatment effects, and vertical bars represent 95% confidence intervals based on standard errors
clustered at the census tract level. The dashed line shows the point estimate from the main specification,
and the shaded region shows the corresponding 95% confidence interval. Because the dependent variable is
the natural logarithm of the home sale price, coefficients are reported as exact percentage changes, computed
as 100(65 —1). Standard errors are converted to the percentage scale using the delta method, and the 95%
confidence intervals are constructed from these transformed standard errors. The bars at the bottom of the
figure show the number of treated data centers in each state.

13



Figure S5: Google Search Interest in Data Centers, 20042024
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Note: This figure plots monthly U.S. Google Trends search interest for the term “data center” from 2004,
the earliest year available, through 2024, the last year in our sample period. The search index is normalized
from 0 to 100, with 100 representing the month with the highest search interest over the period. The dashed
lines show separate linear trends estimated before (2004-2020) and during (2021-2024) the post-pandemic
hyperscale and Al boom.
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Figure S6: Effect of Data Centers on Housing Sales
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Note: Panel A uses the natural logarithm of the number of home sales in a sub-experiment-by-group-by-
census tract-by-event year cell as the dependent variable. Panel B uses an indicator equal to one if the
cell contains at least one home sale. Both panels report event study and difference-in-differences estimates
from Eqgs. (SI 7) and (SI 8). Hollow dots denote pre-announcement event study estimates, which provide a
test for differential pre-trends between the treatment and comparison groups, while solid dots denote post-
announcement estimates. The dashed horizontal line indicates the average post-announcement treatment
effect from the difference-in-differences specification, and the text within each panel reports the corresponding
estimate and standard error. Vertical bars represent 95% confidence intervals. In panel A, coefficients are
reported as exact percentage changes, computed as 100(65 —1). Standard errors and confidence intervals
are converted to the percentage scale using the delta method. Standard errors in both the event study and
difference-in-differences specifications are clustered at the census tract level.
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Figure S7: AQS and Seismometer Coverage near Data Centers
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Note: The figure shows the cumulative percentage of large data centers with at least one usable environmental
monitor within a given distance for three monitor types: surface seismometers, which can measure noise;
EPA AQS NO2 monitors; and EPA AQS PMs 5 monitors. A monitor is considered usable if it is within 6
miles of a data center, reports at hourly or finer time resolution, and has 50% or better temporal coverage
in each year before and after the data center’s opening.
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E Supporting Tables

Table S1: Summary Statistics of Housing Transactions

Matched
All Treatment comparison

Sale price ($2025) 372,625 386,841 336,931
(241,306)  (247,679)  (218,938)

Living area (sq. ft.) 1,886 1,889 1,878
(964) (1,003) (845)
# Rooms 5.7 5.7 5.8
(1.6) (1.6) (1.6)
# Bedrooms 3.2 3.2 3.3
(0.9) (0.9) (0.9)
# Bathrooms 2.5 2.5 2.5
(1.0) (0.9) (1.0)
Homes 915,453 721,968 291,560
Transactions 1,366,536 968,603 464,193

Note: The table reports summary statistics for housing transactions in the main sample. Transactions are
observed from January 1998 through May 2024 and, within each sub-experiment, are restricted to the same
+5-year window around the treated data center’s announcement for both the treatment and comparison
groups. The treatment group consists of homes within 3 miles of their first announced large data center,
while the comparison group consists of homes within 3 miles of the matched future large data center.
Reported variables are inflation-adjusted sale price (2025 dollars), living area square footage, number of
rooms, number of bedrooms, the number of bathrooms. All statistics are computed using unique transactions.
In the regression sample, however, some transactions appear in multiple sub-experiments because the same
comparison group may be used for multiple treatment events, different comparison groups may overlap, or
a home’s earlier transactions may serve as comparison observations before the home is later treated.
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Table S2: Summary Statistics of Data Centers

Matched
All Treatment comparison

Panel A: Means and standard deviations

Announcement year 2018 2016 2023
(7) (6) (3)
Power capacity (MW) 170 122 318
(309)  (156) (531)
Square footage (thousands) 934 767 1,451
(1,280)  (1,083) (1,651)

Panel B: Percentages

Urban 34% 3% 22%
Rural 66% 63% 78%
Operational 61% 72% 20%
Planned 39% 28% 80%
Hyperscale 24% 27% 18%
Cryptomining 10% 11% 9%
Other 66% 62% 73%
Number of data centers 415 346 104

Note: The table reports summary statistics for the characteristics of data centers in the main sample.
Column (1) reports statistics for all data centers, Column (2) for data centers used as treatment events,
and Column (3) for data centers used as matched comparisons. Panel A reports the mean announcement
year, MW, and square footage, with standard deviations in parentheses. Panel B reports the percentage of
data centers by location (urban or rural), operational status (operational or planned), and data center type
(hyperscale, cryptomining, or other). Some matched comparison data centers later serve as treatment events
in subsequent sub-experiments and therefore also appear in the treatment sample.
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Table S3: Balance of Baseline Characteristics

Treatment Matched Standardized
mean comparison mean mean difference
Population per square mile 1,852 1,403 0.21
Median household income ($2025) 104,526 98,382 0.15
Housing vacancy rate (percent) 7.7 7.4 0.05
Non-white population (percent) 35.8 32.8 0.13

Note: The table reports standardized mean differences for the pre-treatment characteristics used to match
treated data centers to comparison data centers. Pre-treatment characteristics are defined using the average
over event years t = —5 through ¢t = —1 from the corresponding 5-year ACS estimates when available; for
data centers announced before 2010, we instead use the 2000 Census. Standardized mean differences are
calculated as the average within-sub-experiment difference between the treatment and matched comparison
groups, divided by the pooled standard deviation. Positive values indicate that the treatment group mean
is higher than the matched comparison group mean.
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Table S4: Robustness to Alternative Research Designs: Difference-in-Differences

Repeat Top 3

Main sales matches  Weighted
(1) (2) (3) (4)
Treat x Post -0.030***  -0.048***  -0.026™** -0.026%**

(0.008) (0.011) (0.008) (0.008)
Fixed effects:

Sub-experiment x group v v v

Sub-experiment x home v

Sub-experiment x event year v v v v
Housing controls v v v
Outcome mean 12.545 12.512 12.545 12.538
Observations 2,712,332 1,252,143 5,147,202 3,720,140
Treated data centers 346 337 346 173
Comparison data centers 104 97 165 134

Note: The table reports difference-in-differences estimates of the change in housing values following the
announcement of a large data center, obtained from eqn. (2) under four alternative specifications. The
dependent variable is the natural logarithm of the home sale price. Column (1) reports estimates from the
main specification. Column (2) uses a repeat-sales specification that replaces the sub-experiment-by-group
fixed effects with sub-experiment-by-home fixed effects, which restricts the sample to homes that transact
multiple times within a given sub-experiment and omits housing controls since they are collinear with these
fixed effects. Column (3) uses the top three best-matched comparison groups for each treatment event,
rather than only the single best match used in the main specification. Column (4) applies the weighting
approach of (2) to our setting, weighting sub-experiments in proportion to the estimated number of treated
housing units; see Section B.8 for more details. Standard errors are clustered at the census tract level and
are reported in parentheses. Asterisks denote p-values: * < 0.10, ** < 0.05, *** < 0.01.
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Table S5: Robustness to Alternative Specifications: Difference-in-Differences

Keep Drop hous. Drop multi- Two-way
Main outliers controls treated cluster
(1) (2) (3) (4) (5)
Treat x Post -0.030%F*  _0.028%*F*  _(.033%** -0.021** -0.030*
(0.008) (0.009) (0.009) (0.008) (0.015)
Fixed effects:
Sub-experiment X group v v v v v
Sub-experiment X event year v v v v v
Housing controls v v v v
Standard error clustering:
Census tract v v v v v
Calendar year v
Outcome mean 12.545 12.524 12.545 12.542 12.545
Observations 2,712,332 2,784,051 2,712,332 2,671,245 2,712,332
Treated data centers 346 346 346 346 346
Comparison data centers 104 104 104 104 104

Note: The table reports difference-in-differences estimates of the change in housing values following the
announcement of a large data center, obtained from eqn. (2) under five alternative specifications. The de-
pendent variable is the natural logarithm of the home sale price. Column (1) reports estimates from the main
specification. Column (2) retains outliers that are excluded from the main specification. Column (3) omits
controls for housing characteristics. Column (4) drops transactions occurring after a home becomes exposed
to the announcement of multiple large data centers within 3 miles. Column (5) uses the main specification
but two-way clusters the standard errors by census tract and calendar year. In all other specifications, stan-
dard errors are clustered at the census tract level and are reported in parentheses. Asterisks denote p-values:

* < 0.10, ** < 0.05, *** < 0.01.
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Table S6: Data Center Announcement Versus Opening Effects

(1) (2)

Panel A: Before the post-pandemic hyperscale and Al boom

Treat x Post Announcement -0.026*** -0.006
(0.010) (0.010)
Treat x Post Opening -0.030%**
(0.009)
Outcome mean 12.530 12.530
Observations 1,818,992 1,818,992
Treated data centers 181 181
Comparison data centers 82 82

Panel B: During the post-pandemic hyperscale and Al boom

Treat x Post Announcement -0.041%%* -0.041%*

(0.014) (0.016)

Treat x Post Opening -0.0001

(0.012)

Outcome mean 12.574 12.574

Observations 186,094 186,094
Treated data centers 34 34
Comparison data centers 19 19

Fixed effects:
Sub-experiment x group v v
Sub-experiment X event year v v
Housing controls v v

Note: The table compares the estimated effects of the announcement versus opening of a large data center
on local housing prices across earlier and later portions of the sample period. The dependent variable is
the natural logarithm of the home sale price. Panel A includes data centers announced from 2003-2020,
while panel B includes data centers announced from 2021-2023. In both panels, the sample is restricted
to sub-experiments in which the treated data center (i) became operational in 2024 or earlier, so that we
observe housing transactions during the operational year; (ii) was announced and became operational in
different calendar years, so that announcement and opening effects can be separately identified for each
data center; and (iii) became operational within 4 calendar years of announcement, so that the opening
occurs within the 5-year event window and at least one subsequent event year is observed. Column 1 reports
the overall post-announcement effect estimated using the main difference-in-differences specification (eqn.
2). Column 2 reports estimates from eqn. (SI 6). In this specification, the post-announcement coefficient
captures the average differential change in housing prices after the announcement but before opening, and
the post-opening coefficient captures the incremental change beginning in the opening year relative to the
announcement-to-opening period. Standard errors are clustered at the census tract level and are reported
in parentheses. Asterisks denote p-values: * < 0.10, ** < 0.05, *** < 0.01.
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