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Abstract. This study provides an analysis of the entry strategies of third-party data centers in
the United States. We examine the market prior to the pandemic, in 2018 and 2019, when supply
and demand for data services were relatively stable geographically. We compare these patterns
with the entry strategies of major cloud-based data centers for services on demand, which
include those known as cloud services. We conclude that third-party firms and cloud providers
have different entry strategies for this digital infrastructure. The former favors urban settings
more and appears sensitive to buyer demand for proximity. They trade off costs of supply,
which vary with density, and economies of scale, which cannot be achieved without large
volumes of demand. We also find that data center firms providing specialized services display
an urban bias. Cloud providers tend to display a lower propensity for locating in urban areas,
concentrating their buildings in a small number of locations. We see little evidence to suggest
cloud providers will spread their data centers to any but a small number of low-density loca-
tions. Our findings support speculation about the likely direction of changes as demand shifts
to the cloud, and the location decisions begin to concentrate in the hands of cloud providers.
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1. Introduction

Did digitization change the strategic role of proximity?
Proximity confers a competitive advantage through a
range of different mechanisms (Alcacer and Chung 2014).
It lowers transportation costs, enables easier access to
skilled labor and innovative complementors, and assists
firms in enjoying the benefits they share with others. The
increasing digitization of goods and services potentially
alters these mechanisms. Digitization lowers the frictions
associated with moving information (Goldfarb and
Tucker 2019). It enables the creation of services with high
“shippability,” which means they can be delivered to
and consumed from any connected location (Gervais and
Jensen 2019), and it lowers barriers to trading with distant
customers with similar tastes (e.g., Sinai and Waldfogel
2004, Blum and Goldfarb 2006).

Data centers are an ideal setting for studying how
digitization shapes proximity. The services provided
by a data center play an essential role in the digital
services used and managed by virtually every firm
with a large-scale digital presence. On the supply
side, data centers display economies of scale, but only
after the expenditure of extraordinarily high fixed
costs for structures that occupy outsized plots of land
(Cassiman et al. 2022). If data centers are cost-focused,
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we would expect them to enter locations with less
competition and where the fixed and operational costs
associated with the data center facility are low. While
they may benefit from locating adjacent to pools of
network engineers, operating these facilities does not
require large numbers of employees. Such a minimal
labor requirement provides considerable flexibility
in determining their location and would discourage
entry into dense urban areas. On the demand side, the
services of data centers travel at the speed of light,
which makes them highly shippable and accessible
without being geographically proximate.

However, buyers for data center services may exhibit
a distaste for distance and prefer services from nearby
suppliers instead of those who are further away. Such
distaste could arise from a mix of factors discussed in the
text. If distance does matter, it should result in data cen-
ters in expensive locations to be near customers, with
supply and demand determining where and how much.
In light of these factors, we ask the question: How does
proximity to local demand influence the entry strategies
that determine the location of U.S. data centers?

To answer this question, we collect and analyze a
novel data set detailing the location of U.S. data cen-
ters in 2018 and 2019, a period of relative geographic
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stability before the pandemic. For our purposes, the
prepandemic era enables us to statistically track the
determinants of local demand and local supply, pro-
viding insight into the underlying factors that influence
the location of data centers. Immediately following this
period, the COVID-19 pandemic led to a shift in data
traffic patterns, with many people working from home
(Choudhury et al. 2021, Bloom et al. 2024).

Our data provides a census of third-party data cen-
ters and includes the facilities of the largest private
cloud providers. We compare the entry strategies of
“third-party” data centers that lease resources to mul-
tiple firms with “cloud” data centers owned and oper-
ated by a single major provider. Using the county as
our unit of analysis, our primary estimation strategy
employs a logit model to analyze the likelihood of data
center entry. We test how entry decisions are influ-
enced by a range of county-level variables, including
measures of local demand (such as the level of employ-
ment within the Information and Finance, Insurance, &
Real Estate sectors), operating costs (like industrial
electricity prices), and setup costs (such as construction
wages and land values).

Our findings reveal that third-party firms and cloud
providers pursue different location strategies. We find
a pervasive urban bias in the location of third-party
data centers, as they favor dense metropolitan areas.
Data center entry into a county is significantly pre-
dicted by local demand from information-intensive
industries, as they trade off the costs of supply against
the benefits of proximity to their buyers for each
potential site. All large U.S. metropolitan areas with
over 700,000 people host at least one third-party sup-
plier, while less dense areas may or may not have any
entry. Thus, a high fraction of the buyers in small and
medium-sized locations must get their services from
nonlocal suppliers. Relatedly, we also find a supply of
more specialty services in denser and more competitive
locations. Ultimately, a higher-quality network appears
to play a modest yet significant role in explaining
regional disparities in data center locations. We inter-
pret all these patterns as the result of tension between
producers’ desires to realize economies of scale and
users’ preference for proximity to their suppliers. In
sharp contrast, major cloud providers exhibit a lower
propensity to locate in urban areas and are compara-
tively more sensitive to costs, such as electricity prices
and construction wages. Cloud providers also tend
to concentrate their facilities in a small number of
locations, displaying less responsiveness to geograph-
ically dispersed local demand. Because our study
focuses on an early moment in the shift toward pro-
viding cloud data services, we interpret these differ-
ences as explaining where infrastructure is currently
located and identifying a trend in where it will be
located in the future.

This study is the first to statistically analyze the
determinants of data center location strategies, mak-
ing several contributions to the literature on technol-
ogy strategy and economic geography. We show that
for data centers, the strategic role of proximity has
not been eliminated by digitization but has instead
bifurcated. Our findings reveal that third-party data
centers confirm prior work on “urban bias” where
proximity to urban demand remains paramount (e.g.,
Forman et al. 2009, Greenstein et al. 2018). Yet, the
supply-side logic of cloud providers implies that the
role of proximity is conditional on a firm’s business
model, extending recent work on this topic (Wang
et al. 2019). Our analysis also highlights a significant
departure from the clustering patterns common in
other technology sectors. In contrast to agglomeration
theories that emphasize the pooling of skilled labor
(e.g., Alcacer and Chung 2014), we find that data cen-
ter location is largely decoupled from specialized
human capital. This implies that for industries with
separable physical and digital assets, the drivers of
clustering may shift from labor dynamics to unique
infrastructure characteristics. Theoretically, our work
also extends the literature on infrastructure strategy
(Bresnahan and Gambardella 1998). We demonstrate
how upstream suppliers must navigate a spatial tra-
deoff between achieving economies of scale and locat-
ing near downstream users to spread high fixed costs.
Finally, these findings inform critical debates in both
managerial practice, by clarifying the strategic trade-
offs of a key component of digital infrastructure, and
public policy, by providing an evidence base to eval-
uate policies such as tax incentives (CBRE 2013,
2015) and rural broadband subsidies (Rosston and
Wallsten 2022).

Section 2 briefly outlines the determinants of data
center locations just before the pandemic. Section 3
describes the data analyzed in the study and the esti-
mation strategy. Section 4 presents the estimation
results, Section 5 provides additional extensions, Sec-
tion 6 draws several strategic and policy implications
for this infrastructure, and Section 7 concludes.

2. Determinants of the Location of

Data Centers

2.1. Entry Decisions for Data Centers

A data center provides storage and computing at a
large scale, sharing cost savings and high performance
across many users. Users may either own or rent the
facility and equipment housed at a separate location,
and they may manage it themselves or pay for such
services. Third-party suppliers can also accommodate
specialized requests, including offering high reliability
(e.g., 99.999% uptime) or compliance with privacy reg-
ulations, such as for customers needing financial and
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medical applications. A few large providers have built
data centers for their own use—for example, Google,
the first to do so in 2003. Today, many of the largest
private providers rent capacity to users through cloud
services. The largest today is Amazon Web Services
(AWS), which started in 2006, with revenues exceeding
$62 billion in 2021. Users can turn the cloud on or off
at will and grow their data demands, utilize default
software services, and rent additional applications.

Despite their importance and recent growth, it
appears that no research has investigated the strate-
gies that shape the location decisions of these data cen-
ters. This study brings attention to the topic. It is the
first study to gain insight into the different determi-
nants of data center location strategies. What are the
fundamental tensions determining the locations of var-
ious types of data centers? The study treats location as
endogenous, determined by the demand for a local
facility and the costs of a location. We find evidence
suggesting that the third-party data center industry
balances the trade-off between buyer demand for prox-
imity and the reduced costs of operating in less expen-
sive locations.

2.1.1. Ownership. Third-party suppliers offer users
options to “colocate” in a shared building. Collocating
enables the buyer to use innovations offered by the
supplier and redeploy their engineers to other activi-
ties. In contrast, owning a private data center enables
buyers to deploy their own engineers to troubleshoot
and resolve issues without coordinating with the pro-
vider. Some large firms today own and manage their
own centers for their company’s purposes. Most visibly,
firms with large and technically challenging computing
needs, such as Facebook, Apple, Microsoft, Amazon,
and Google/Alphabet, own all facets of their data cen-
ters and configure the hardware and software to their
purposes. Some of these same firms—Microsoft, Ama-
zon, and Alphabet—utilize their facilities to offer cloud
services to users on a rental basis, allowing users to turn
the service on and off at will.

2.1.2. Local Demand and the Preference for Proxim-
ity. Several factors influence user demand for proxim-
ity. Proximity plays a crucial role in reducing latency,
which users perceive as a faster response time. This
motivates suppliers to locate nearer to some users.
Proximity also encourages the selection of locations
close to high-speed data lines that can reliably support
a large number of users and prevent congestion. Finan-
cial users and highly skilled programmers of frontier
data science have a strong need for lower latency. This
is also true for uses that involve large volumes of trans-
actions or “big data” applications.' Such demands arise
in many applications, for example, video conferences,
multiuser streaming, interactive gaming, complex

simulations, or other high-volume electronic transac-
tions. New use cases continue to emerge in machine
learning, where users derive insights from iterating
between (big) data input, model development (with
millions of parameters), and iteration and analysis.

Other factors also shape the preference for proxim-
ity. It can result in the colocation of firms in the same
place to facilitate connectivity between them, and
some business users intensively value that connectiv-
ity. This desire may also be due to less technical
behavior, often labeled as “server hugging”—that is,
executives want to be near facilities to manage the
physical assets, either to monitor shared facilities for
performance (e.g., to adopt cooling or wiring or server
design) or retain the option to visit the facility in the
event of an urgent situation (e.g., a weather disaster).

Some users do not desire proximity, and virtually
all such users possess little desire to visit a facility.
One type of user desires geographic diversity to sup-
port high reliability in the face of disaster risks, such
as fires, earthquakes, and hurricanes. Another type
desires generic and nonurgent computing, such as
backup storage, where costs primarily drive choices,
and usage can tolerate delay.

2.1.3. Operating Costs. Electricity for servers and air
conditioning comprises the largest fraction of operat-
ing expenses.” Operational costs often vary seasonally,
and costs can be relatively higher in hot and humid
locations or lower in temperate and dry locations. The
costs of replacing equipment can accumulate, and
abatements for sales tax and property taxes can reduce
those costs. The operational costs of a smaller data cen-
ter exceed tens of millions of dollars a year, while a
large data center can cost hundreds of millions of dol-
lars. Further, cost variations across locations can exceed
several tens of millions between locations (CBRE 2015).

2.1.4. Connectivity. The availability of internet trunk
lines is a crucial factor in the location of data centers,
working in tandem with other elements that support
low latency, such as proximity to users. All data cen-
ters must be connected to the internet, while superior
connectivity with high-bandwidth lines enables the
data center to handle large data volumes. Applica-
tions that can tolerate delays do not necessitate as
much bandwidth. In practice, major broadband lines
run along all major highways and serve all major pop-
ulation centers, ensuring data centers rarely face con-
nectivity issues. However, depending on the location
and quality of existing lines, some localized upgrad-
ing may be necessary.

2.1.5. Size and Electricity. The industry measures
capacity as the maximum electricity required by a
data center building.” A minimal data center has a
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capacity of five megawatts (MW), while the largest,
sometimes referred to as “hyper-scale,” far exceeds
this size. Potentially limiting factors on the size of a
data center are the equipment needed to support and
cool servers efficiently, as well as the availability of suf-
ficient land in a densely populated area. As an exam-
ple, AWS has encountered trade-offs between costs
and performance at hyperscales, consequently limiting
its data centers to 25-32 megawatts.* If AWS wishes to
expand after reaching that capacity, it will not add
more capacity to an existing building. Instead, it will
commission the construction of another structure.

2.1.6. Cost of Construction. Building a new data cen-
ter typically requires at least a year, with longer time-
lines for larger projects and those with specialized
designs. The construction costs of a SMW data center
exceed $100 million, even in the least expensive loca-
tions, while the largest data centers can cost several
billion dollars (CBRE 2015). Many factors vary with
location. Costs increase when construction wages rise,
land is more expensive, and the acquisition costs of
the first generation of equipment increase. It also
increases when the costs of building high-capacity
connectivity to fast backbone internet lines rise, when
the costs of building (multiple) electrical service lines
increase, and when tax subsidies and abatements are
insufficient to defray these expenses. Special features

Figure 1. (Color online) Geography of Data Centers
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area, which contains concentrations of businesses that
are the principal buyers of services from data centers.
Within each Metropolitan Statistical Area (MSA), we
identify the downtown hubs to estimate the largest
clusters of economic activity within the nearby area.
Each MSA contains at least one downtown hub,
although some MSAs have up to three. We geocode
the longitude and latitude of each downtown data
center and calculate the distance between each data
center and its nearest downtown area.

The map illustrates an urban bias. Almost all third-
party data centers reside in MSAs, namely, large
urban and suburban areas with large populations.
Over 96.4% of counties with at least one third-party
data center are part of a MSA.® The census classifies
37.2% of U.S. counties as MSAs. More than 2,000 U.S.
rural and micropolitan® counties have no providers.
Major cloud supplier data centers are less likely to be
located in urban areas, as 73% of counties with at least
one cloud supplier data center are MSAs (see Table
A.2b of the Online Appendix).10

Entry of third-party data centers results in a geo-
graphically concentrated supply. It occurs in only 218
counties (i.e., 18.6% of MSAs). Only 76 counties have a
single data center, while 34, 23, and 17 counties have
two, three, and four data centers, respectively, account-
ing for a total of 281 data centers. More than 1,100
third-party data centers reside in the 68 counties that
have five or more data centers. Twenty-six counties
have ten or more data centers, and 13 contain twenty
or more. In other words, the vast majority of third-
party data centers are located in one of a small number
of the largest MSAs with many competitors.'" How-
ever, the vast majority of small and medium-sized
urban locations do not experience any entry.

Because information about maximum electrical
usage is unavailable for all data centers, we create a
close proxy for capacity, Gross SQFT, that measures
the total data center capacity in square feet. About 25%
of the data centers provide the total square footage.
We estimate the remainder based on images from
Google Maps.'” The aforementioned data provides
clues about the order of magnitude of the replacement
value of these assets, which are covered by third-party
providers and cloud suppliers.'® It takes a simple cal-
culation to show that it must be on the order of magni-
tude in the hundreds of billions of dollars."* We will
discuss other features of capacity later in the study.

We focus our statistical analysis on counties in
MSAs and add a few counties with cloud supplier
data centers. Removing most rural counties has no
practical consequences for the estimation.

3.1. Local Demand
The 2012 economic census provides the level of employ-
ment, by county, for two-digit NAICS industries. We

focus on the most IT-intensive sectors: Information,
Healthcare, Manufacturing, Education, and Finance,
Insurance, and Real Estate (FIRE). We calculate the per-
centage of employees in a county employed in that
industry. We also include the percentage of the popula-
tion with at least a bachelor’s degree. While we inter-
pret these as measures of demand, these measures may
pick up elements of the supply of skilled labor."” Fur-
ther, population and population density are highly cor-
related. While both variables are correlated with the
prevalence of unobservable types of demand, we cannot
include both in the model specification. Therefore, we
include population density, measured by the population
per square mile. We also measure heterogeneity in pop-
ulation density within a county by creating measures for
the areas with the lowest and highest population densi-
ties, as defined by ZIP code, within the county.'®

While we interpret population density as a measure
of local demand, we acknowledge it may also proxy
for the availability of skilled labor. However, because
data centers require relatively few specialized employ-
ees for ongoing operations, we expect the effect of
labor availability to be secondary to the more signifi-
cant effect of local customer demand.

3.2. Operating Costs

The Energy Information Administration provides 2016
state-level average electricity prices."” The CDC Won-
der North America Land Data Assimilation System
provides daily air temperatures from 2016 by county.
We also use the average temperature during the Hot
and Cold months. Following studies of the software
industry (Bennett and Hall 2020), we obtained the
median hourly wage of network engineers in 2016
from the Bureau of Labor Statistics (BLS). We use state-
level real estate tax (RET) rates from the National Asso-
ciation of Home Builders for annual property taxes.
Given the coarser level of this data, we create indicators
for whether a county is located in a state in the top
(bottom) quartile of RET: High (Low) Real Estate Tax.

3.3. Set Up Costs

We approximate land costs by collecting county-level
data from Zillow’s median home value by square foot.
To account for land cost variance within a county, we
create measures for the lowest and highest median
home value areas by ZIP code within the county. We
obtained MSA-level sales tax rates in 2010 from the
Tax Foundation to consider taxes on materials and IT
hardware involved in building a data center. We use
this data to create indicators for whether a county is in
the top (bottom) quartile of sales tax: High (Low) Sales
Tax. We also consider the median hourly wage of con-
struction laborers in each county in 2016 from the
BLS.' Finally, we use data from the CBRE (2013) on
tax incentives for the 30 largest enterprise markets.
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We create Tax Break MSAs based on whether a county is
part of an MSA that provided tax breaks to data cen-
ters in 2015, the most recent available year. Though
listed as a set-up cost, it also applies to many opera-
tional costs."”

Observing the variance in broadband line availabil-
ity is a challenging task. Security concerns have made
it challenging to obtain public information about high-
speed backbone lines.”’ However, while we cannot
directly observe bandwidth availability, we can proxy
for the quality of local bandwidth using household
information about broadband usage. We add three
proxies: the percentage of household adoption of the
internet supported by DSL, cable modem, and fiber
optics. Although data centers tend not to locate in resi-
dential areas, a better network among residences—
that is, more cable or fiber—correlates with a better
network among nearby businesses, and likely saves
the data center costs associated with upgrading the
existing connectivity. We expect these factors to be
salient for third-party networks that offer low latency.
Table 1 summarizes the definitions of variables.*!

3.4. Summary Statistics of Variables
Table 2 shows summary statistics. As noted earlier,

only 18.6% of counties have at least one data center.

Table 1. Definition of Demand & Supply Variables

When we examine the types of data centers, we
observe several interesting patterns. On average, sub-
urban capacity exceeds that of any other type, fol-
lowed by urban and footloose capacity. A county’s
suburban capacity is almost three times higher than
the footloose capacity (47,622 SQFT versus 17,869
SQFT). We also observe that our capacity measure-
ments appear to have a skewed distribution. Simi-
larly, our density variables appear to have a skewed
distribution. In our analysis, we apply a log transfor-
mation to both exogenous and endogenous variables
to reduce the skewness and allow for an elasticity-
based interpretation of the results. We also calculate
correlations for the exogenous variables (see Table A.1
of the Online Appendix).**

3.5. Descriptive Patterns

The upper graph of Figure 2 shows a scatter plot of
the number of data centers and the logged population
of each county. There is a positive correlation of 0.42.
All locations with a population of more than 700,000
have at least one third-party provider. There is no
entry of third-party data centers below a population
level corresponding to approximately 160,000 people.
Between these two population levels, the experience is
mixed.

Variable

Definition

Dependent variables
Third-Party Providers
Cloud Providers
Common Ownership

Demand shifters

Indicator for the county with at least one third-party data center provider in the county.
Indicator for county with at least one cloud data center provider in the county.
Indicator for county with at least one firm with multiple data centers in the county.

% Bachelor’s Degree
% Information

% Health

% Education

% FIRE

% Manufacturing
Population Density
Min. Density

Max. Density

Variable cost shifters

Industrial Electric Price

Low Real Estate Tax

High Real Estate Tax

Median Network Engineer Wage
Cold

Hot

Fixed cost shifters

Median Construction Wage
Tax Break MSA

Low Sales Tax

High Sales Tax

Median Home Val. (per SQFT)
Min. Median Home Val.

Max. Median Home Val.

% of population with at least a bachelor’s degree.

% of county’s employees in the Information sector (NAICS: 51).

% of county’s employees in the Health sector (NAICS: 62).

% of county’s employees in the Education sector (NAICS: 61).

% of county’s employees in FIRE.

% of county’s employees in the Manufacturing sector (NAICS: 32-33).
Population density (pop./square mile).

Lowest population density ZIP code in a county.

Highest population density ZIP code in a county.

State-level average price of electricity to industrial customers (cents/kilowatt-hour) in 2016.
Indicator for a county that has a RET (state-level) in the bottom quartile.

Indicator for a county that has a RET (state-level) in the top quartile.

2016 median hourly wage of network engineers in the county.

Average temperature during three-month period of December 2015, January, February 2016.
Average temperature during three-month period of June, July, August 2016.

2016 median hourly wage of construction laborers in the county.

County in MSA that gave out tax breaks to data centers (source: CBRE).

Indicator for a county that is an MSA with a 2016 sales tax rate in the bottom quartile.
Indicator for a county that is an MSA with a 2016 sales tax rate in the top quartile.
Estimated median home value/SQFT in a county.

Minimum home value/SQFT ZIP code in a county.

Maximum home value/SQFT ZIP code in a county.
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Table 2. Summary Statistics of Demand & Supply Variables

Variable Mean S.D. Min Max
Dependent variables
Third-Party Providers 0.186 0.389 0 1
Cloud Providers 0.022 0.147 0 1
Common Ownership 0.072 0.259 0 1
Demand shifters
% Bachelor’s Degree 17.371 7.108 4.854 55.464
% Information 1.085 1.193 0 15.066
% Health 10.126 4.373 0 44.326
% Education 0.210 0.253 0 3.008
% FIRE 3.180 2.198 0 29.758
% Manufacturing 8.241 6.489 0 40.011
Population Density 644.237 2,912.159 0.8 72,158
Min. Density 23.057 163.762 0 2,793.67
Max. Density 4,342.058 10,916.470 0.814 172,373.4
Variable cost shifters
Industrial Electric Price 6.978 2.011 4.66 22.92
Low Real Estate Tax 0.251 0.434 0 1
High Real Estate Tax 0.225 0.418 0 1
Median Network Engineer Wage 30.440 4.466 18.25 46.87
Cold 29.247 8.120 7.163 55.975
Hot 65.710 7.322 38.188 79.25
Fixed cost shifters
Median Construction Wage 14.52 3.98 8.21 29.38
Tax Break MSA 0.163 0.369 0 1
Low Sales Tax 0.255 0.436 0 1
High Sales Tax 0.211 0.408 0 1
Median Home Val. (per SQFT) 117.638 74.574 36 590
Min. Median Home Val. 84.444 43.580 18 437
Max. Median Home Val. 139.142 113.642 24 1,142
Counties 1,173

The bottom-left graph in Figure 2 illustrates the
relationship between logged capacity and logged pop-
ulation. The figure includes only counties with at least
one data center. Third-party data center capacity and
population display a positive correlation of 0.596.
Capacity is not synonymous with the number of
entrants, however. For example, the county with the
largest capacity, Loudoun, VA, ranks as the tenth-
largest county in terms of entrants. The capacity in
Loudoun partly arises due to demand among users
in the greater Washington, DC area, which contains
a large concentration of data-intensive work. This
location also contains several data centers affiliated
with AWS. Altogether, this location contains features
consistent with agglomeration economies due to the
demand for connectivity, as in a transportation hub
(Alcacer and Chung 2014).*> Notably, we do not
observe such agglomeration at a similar scale at
any other location.**

Among cloud providers, we do observe some geo-
graphic concentrations of buildings. Facebook has
located a significant amount of capacity (i.e., eight
buildings) in Prineville, OR. While AWS has located
many buildings in Ashburn, VA, and Microsoft in
Quincy, WA, neither firm has located as much of its

infrastructure in one place as Facebook. Google does
not display a similar tendency, as it has large facilities
in several locations.”

Finally, the bottom right graph of Figure 2 shows
the relationship between the number of unique firms
in a county and the logged population. The figure
includes only counties with at least one data center.
There is a positive correlation of 0.46. We also find
that many of the locations with multiple data centers
are the same locations with common ownership and
more than one firm entrant.

Table 3 examines whether the prevalence of third-
party vendors offering specialized services increases
in the largest markets. The table shows the entry of
data centers that expended extra costs to comply with
two industry-specific standards. It compares markets
with populations of more than or fewer than 750,000
and labels them as major and minor. Some data cen-
ters protect personal health information in compliance
with the Health Insurance Portability and Accountabil-
ity Act of 1996 (HIPAA) and the Health Information
Technology for Economic and Clinical Health Act of
2009 (HITECH). Some protect financial data in compli-
ance with Service Organizational Controls (SOC),
namely, SOC 1 and SOC 2. SOC1 is primarily concerned
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Figure 2. (Color online) Population vs. Entry, Capacity, and Number of Firms
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Notes. The upper graph demonstrates the relationship between county population and the number of data center entrants within the county. A
county is assigned a type based on what type of data center has the largest share of capacity within the county. The bottom left graph demon-
strates the relationship between county population and the capacity within the county, conditional on some data center entry. The bottom right
graph demonstrates the relationship between county population and the number of unique firms within the county, conditional on some data

center entry. In both plots, a county is assigned a type.

with internal financial controls related to financial report-
ing, while SOC2 focuses on IT security, confidentiality,
privacy, processing integrity, and availability.

The table shows that major markets attract more sup-
pliers who meet these specialized needs than minor
markets. These results suggest that data centers are
responsive to local demand when entering a market.
The major markets tend to host more finance and medi-
cal firms, and there tend to be more of them in such

Table 3. Specialization Analysis

markets. When markets having at least one data center
are divided into those with greater than 750K popula-
tion and those with less, we find that 75% of the larger
markets have at least one data center that has adopted
a specialized standard, with an average of 3.78 of these
specialist providers in each market. However, only
43% of the smaller markets have such specialist provi-
ders, with an average of 1.05 per market. The data cen-
ters in major markets find it worthwhile to incur the

Major market

Minor market

Measure HIPAA HITECH SOC 1 SOC 2 HIPAA HITECH SOC 1 SOC 2
Mean data centers 3.684 0.776 1.605 2.184 1.048 0.267 0.381 0.571
Counties with specialist (%) 76.32 39.47 51.32 61.84 42.86 17.14 19.05 26.67

Notes. The table shows the mean number of data centers within a county that are compliant with various standards and the proportion of
counties with at least one specialist data center. HIPAA and HITECH are relevant to organizations that handle personal health information in
any capacity. SOC 1 and SOC 2 are a set of standards that demonstrate an organization has the appropriate controls in place to protect and
account for its financial data. A major market is defined as a county with a population greater than 750,000.
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expenses necessary to meet the demands of local firms.
As evidence that urban and suburban data centers
are responsible for local demand, these findings are
more pronounced when the footloose data centers are
excluded from the sample. We also find an urban bias
in the location of specialized data centers.

3.6. Estimation Strategy
Our primary estimation strategy analyzes the factors
that predict the entry of a third-party data center into
a U.S. county. For this main analysis, we collapse the
different types of third-party data centers (Down-
town, Suburban, and Footloose) into a single category
to understand the overall drivers of entry. Our depen-
dent variables are indicator variables, Third-Party Pro-
viders and Cloud Providers, that equal 1 if a county i
contains at least one third-party data center (cloud
data center), and 0 otherwise. Our analysis is con-
ducted on a sample of 1,173 U.S. counties that are part
of a Metropolitan Statistical Area (MSA).

Given the binary nature of this outcome, we employ
a logit model. The probability of data center entry in
county 7, P(Y; = 1) is modeled as a function of a vector
of explanatory variables X;. The logistic regression
model is specified as:

P(Yz = 1) _
i (7 2) <

The vector of explanatory variables, X;, includes
county-level measures of local demand (e.g., % Infor-
mation employees), variable costs (e.g., Industrial
Electric Prices), and fixed costs (e.g., Median Con-
struction Wage), as detailed in Table 1. We run sepa-
rate models to assess the probability of third-party
data center entry and the probability of cloud data cen-
ter entry. To provide meaningful interpretations, we
also simulate how a one standard deviation increase in
an exogenous variable, evaluated at the mean values
of all other variables, influences the probability of data
center entry. With only industry beliefs as a guide, we
opt to err on the side of testing many exogenous vari-
ables (without multicollinearity).

4. Main Results

Table 4 presents the estimates on the entry of data
centers. Column 1 presents a logit model where the
endogenous variable indicates whether a county has a
third-party entrant. Column 2 presents a logit model
in which the endogenous variable indicates whether a
county has a cloud entrant. All logit estimates are dis-
played as log-odds ratios. Column 3 presents a logit
model where the variable equals one if there is an
entry by commonly owned data centers (i.e., when a
firm has multiple data centers located in a county),
and it equals zero otherwise. It tests whether the same

factors influence both commonly owned data centers
and third-party data centers. Alternative specifica-
tions using OLS yield qualitatively similar results (see
Table A.4 of the Online Appendix). Columns 4 and 5
of Table 4 show the simulated changes in the pro-
bability of entry for third-party and cloud entrants,
respectively.

First, we discuss third-party entry strategies. Col-
umn 1 indicates that certain local demand factors lead
to increased entry. The proportion of Information and
FIRE employees predicts entry and is statistically sig-
nificant. Column 4 shows that a one standard devia-
tion increase in the supply of information and FIRE
workers is associated with, respectively, a 1.9% and
3.1% increase in the likelihood of data center entry
into a county. Their similar direction and magnitude
are consistent with the interpretation that they esti-
mate the degree of local demand. None of the other
types of users matter, including manufacturing or
health workers. Column 4 shows that having a popu-
lation density one standard deviation above the mean
level is associated with a 7.4% increase in the likeli-
hood of entry into a county. A negative association
exists between the size of the minimum population
density in a county and the likelihood of entry. Taken
together, these results are consistent with the interpre-
tation that data center firms are balancing competing
priorities: they select highly dense counties (and part
of populous MSAs) to serve strong local demand, but
within those counties, they seek out less dense parcels
to minimize land costs and secure larger tracts of
available land.

Column 1 shows that an increase in median home
values is associated with an increase in the likelihood
of entry. This goes in the opposite direction of predic-
tions and likely reflects unobserved demand associ-
ated with dense locations with high income, which
correlates with the higher value for homes. However,
consistent with the finding about minimum density,
we find that data center entry decreases as the mini-
mum land value increases. Column 4 shows that hav-
ing a minimum land value one standard deviation
above the mean level is associated with a 3.1% decrease
in the likelihood of entry into a county. Most of the
other estimates for variable and fixed costs are statisti-
cally insignificant except for hot weather, which has a
small discouraging effect.”®

We compare the entry patterns between third-party
and cloud provision in Columns 1 and 2. None of the
measures of local demand in Column 2 play an impor-
tant role in predicting cloud entry, except for local
information industries, and their quantitative effect is
much smaller. The proportion of FIRE employees
does not statistically predict cloud entry. There is also
a small negative association between the likelihood
of entry and the percentage of the population with
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Table 4. Entry Analysis of Data Centers by Type

(4.1) (4.2) (4.3) (4.4) (4.5)
Third-party Cloud Common Simulated gains Simulated gains
Variable providers providers ownership Third-party entry Cloud entry
Demand Shifters
ACTPercent Bachelor’s Degree 1.024 0.895* 1.022 0.009 —0.002
(0.026) (0.045) (0.039)
Percent Information 1.314% 1.860%** 1.548*** 0.019 0.005
(0.136) (0.303) (0.185)
Percent Health 0.940 0.958 0.879 —0.013 —0.001
(0.033) (0.067) (0.058)
Percent Education 1.038 0.681 0.975 0.000 0.000
(0.652) (0.966) (0.860)
Percent Finance, Insurance, & Real Estate 1.248%** 1.135 1.185%* 0.031 0.002
(0.069) (0.085) (0.067)
Percent Manufacturing 0.953 1.02 0.904 —0.014 0.001
(0.027) (0.042) (0.057)
Log Population Density 1.887%** 1.462 2.274%% 0.074 0.003
(0.284) (0.429) (0.519)
Log Minimum Population Density 0.805* 0.460* 0.703** —0.013 —0.002
(0.069) (0.147) (0.095)
Log Maximum Population Density 1.750%** 0.974 1.801** 0.091 0.000
(0.202) (0.214) (0.392)
Variable Cost Shifters
Industrial Electric Prices 1.071 0.402* 1.181 0.007 —0.003
(0.061) (0.155) (0.103)
Low Real Estate Tax 0.696 0.253 1.687 —0.018 —0.004
(0.217) (0.196) (0.862)
High Real Estate Tax 0.738 1.393 1.695 —0.014 0.001
(0.208) (0.871) (0.715)
Median Network Engineer Wage 0.939 1.142 1.007 —0.013 0.004
(0.034) (0.092) (0.056)
Cold 1.035 0.946 1.062* 0.016 —0.001
(0.019) (0.047) (0.032)
Hot 0.952* 0.959 0.950 —0.016 —0.001
(0.019) (0.038) (0.033)
Fixed Cost Shifters
Median Construction Wage 1.046 0.804* 0.992 0.010 —0.002
(0.040) (0.087) (0.057)
Tax Break MSA 2.227* 1.552 1.769 0.054 0.002
(0.719) (0.941) (0.526)
Low Sales Tax 0.686 0.755 0.940 —-0.018 —0.002
(0.222) (0.49) (0.282)
High Sales Tax 1.420 0.936 2.568*** 0.014 0.000
(0.369) (0.625) (0.600)
Median Home Value (per SQFT) 1.006* 1.001 0.999 0.030 0.000
(0.003) (0.007) (0.002)
Min. Home Value (per SQFT) 0.981#** 1.018* 0.985** —0.031 0.005
(0.004) (0.009) (0.006)
Max. Home Value (per SQFT) 1.000 0.995 0.999 —0.002 —0.002
(0.001) (0.004) (0.002)
Observations 1,173 1,173 1,173 1,173

Notes. Standard errors in parentheses. Columns 4.1, 4.2, and 4.3 are logit models, and the coefficients are log odds ratios. The dependent variable
in Columns 4.1 and 4.2 is an indicator for data center entry of a particular type. The dependent variable in Column 4.3 is an indicator for
common ownership in a county (a firm with multiple data centers in a county). Columns 4.4 and 4.5 show the change in probability of entry
from a one-standard-deviation increase, calculated at the mean values for all exogenous variables.

*p <0.05; **p < 0.01; **p <0.001.

Bachelor’s degrees, as well as the minimal density,  cases, we conclude that the comparative role of prox-
but its importance is minimal. We are unable to distin-  imity is much less influential for cloud suppliers.

guish between an interpretation of local industry that We observe several distinct outcomes for the vari-
favors the demand or supply of labor. Still, in both ~ able and fixed costs, specifically that higher electricity
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Table 5. Entry Analysis of Data Centers by Type with
Broadband Adoption Measures

(5.1) (5.2)
Third-party Cloud

Variable providers providers

Broadband availability

Percent cable modem 1.021* 0.964
(0.009) (0.025)
Percent DSL 0.980 0.987
(0.014) (0.017)
Percent fiber 1.039*** 1.016
(0.008) (0.014)

Notes. Standard errors in parentheses. Columns 5.1 and 5.2 are logit
models, and the coefficients are log odds ratios. The dependent
variable is an indicator for data center entry of a particular type. The
other coefficients are similar to those in Table 4. See Table A.8 in the
Online Appendix for all estimates.

*p < 0.05; *p <0.01; **p < 0.001.

prices discourage cloud entry, and lower median con-
struction wages encourage entry from major cloud
providers. The same applies to the minimum land
value. Although none are large, they differ markedly
from the estimates for third-party data centers, pro-
viding evidence that cloud supplier entry strategy is
sensitive to different cost factors.

In Column 3, we examine the determinants of com-
mon ownership in a county where a firm has multiple
data centers in the same area. These results suggest
that demand shifters are an important determinant in
increasing the likelihood of firms opening multiple
establishments in the same area. These results are
qualitatively similar to the behavior of third-party
data centers in Column 1. The same factors influence
the entry of commonly owned data centers in the
same direction and to approximately the same degree.
They are consistent with the interpretation that entry
patterns are similar at the firm and establishment
levels.

Table 5 shows the coefficients for the broadband esti-
mates, displaying the log-odds estimates from Table A.8
in the Online Appendix. The estimates are consistent
with the hypothesis that a better network plays a small
but meaningful role in explaining regional differences in
data center locations. As expected, these factors play no
role in predicting cloud data centers because proximity
to users and low latency are not considered.

5. Additional Analyses

Local demand should not shape the decision of foot-
loose and private cloud providers, who, by assump-
tion, satisfy national demand, and, hence, locate in
response to localized costs but not local demand. We
tested for differences in the behavior of various types
of data centers, including Downtown, Suburban, Foot-
loose, and Private data centers. Our results appear in

Table A.5 of the Online Appendix. We do not find evi-
dence to reject the hypothesis of equality between the
urban and suburban models. We perform a similar
test for footloose and private (“cloud”) data centers
and do not find enough differences to distinguish
between the models. While the entry behavior of
urban and suburban data centers is similar, they differ
from footloose and private data centers. This is consis-
tent with localized demand varying in importance for
different types of providers.

Our main results focus on the decision of whether
to enter a county. That leaves unanswered whether
further inferences can be drawn from examining the
extent of data center entry. We explore this by adopting
a flexible functional form for demand. This approach
simultaneously estimates a threshold for the marginal
entrant at zero/one, one/two, two/three, three/four,
four/five, or more. Our results (see Table A.6a of the
Online Appendix) primarily emphasize the relation-
ship between more population and more entrants. In
other words, once other factors are controlled for, the
second, third, and fourth entrants will be determined
by approximately the same incremental increases in
population levels. Due to the high correlation between
population levels and population density for large
cities, the same incremental increases in population
density also determine the second, third, and fourth
entrants. We also simulated the difference in fixed costs
due to observable factors for third-party data centers
(see Table A.6b of the Online Appendix). We compared
markets with a single entrant with those with more
than five entrants. The estimates indicate that fixed
costs are 24% higher in competitive locations due to
observable factors. Larger markets with the greatest
incidence of entry tend to have the highest fixed costs
and the lowest profit margins. We interpret this as evi-
dence that locating in a major metropolitan area, and
near more users, makes up for these more challenging
cost conditions and more competitive margins. In other
words, local demand considerations play a more cen-
tral role than operational considerations in covering
the fixed costs of entry for data centers in densely pop-
ulated urban locations. We provide additional details
about this model in our Online Appendix.

A key econometric challenge in our analysis of data
center capacity is the potential for endogenous sample
selection. This issue arises if unobserved factors that
influence a firm’s initial entry decision—the selection
mechanism—are correlated with unobserved factors
that determine its subsequent capacity choice. For
example, a county’s unobserved protechnology dispo-
sition might both attract firms to enter and encourage
them to build larger facilities. Failing to account for
such nonrandom selection would yield biased and
inconsistent estimates (Wooldridge 2010, Certo et al.
2016). To address this type of endogeneity, we employ
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a Heckman two-stage model, which explicitly models
the selection process to correct for the bias in the out-
come equation. Estimating capacity requires a two-
equation approach, where the first equation accounts
for selection by threshold into a situation in which
positive entry occurs, and the second equation pre-
dicts total demand, conditional on entry having
occurred. To satisfy the exclusion restriction and to
avoid issues of multicollinearity, we include a set of
fixed-cost shifters in the first-stage entry model that
do not appear in the second stage (Certo et al. 2016).
We argue these variables plausibly affect the initial
decision to enter a market without directly determin-
ing the scale of operating once entry occurs.

We find that the demand-side effects for the Informa-
tion and FIRE industries do not predict demand once
we control for the selection of any entry (see Table A.7b
of the Online Appendix). We find that population den-
sity is associated with a positive and significant increase
in urban and suburban capacity. A 1% increase in popu-
lation density is associated with a 1.059% increase in
urban capacity and a 1.416% increase in suburban
capacity. We find little evidence that footloose capacity
responds to lower variable costs except in one area: as
expected, lower industrial electric prices are associated
with higher footloose capacity. Only a few coefficients
predict capacity once we control for entry, so only weak
conclusions emerge. Although we observe some differ-
ences in the coefficients for local and footloose equa-
tions, these differences are not dramatic, except for
electricity. We conclude that entry behavior is more
informative about local demand and supply than quan-
tity demanded as measured by capacity.

The most significant outlier to the relationship
between population and capacity is found in Ashburn,
Virginia, located in Loudoun County, which has the
highest capacity in the United States. Industry consen-
sus holds that firms’ entry and growth are driven by
the demand for connectivity with others. Ashburn
benefits from its unique history as the location for the
first public data exchange point in the NSFNET, cho-
sen, in part, due to a promising location just outside
the large number of users in the Washington, DC
MSA, and on lines that carry traffic along with the cit-
ies of the mid-Atlantic, Southeast, and Northeast. Con-
sistent with this view, it is also the location with the
most extensive collection of AWS data centers. How-
ever, one observation does not make a statistical rela-
tionship, and we could not identify any other area that
the industry consensus had identified in similar terms.

6. Discussion

The study shows that third-party data centers and
hyperscale cloud providers follow distinct location
strategies. We find that third-party firms are sensitive

to local demand and favor urban locations, while
cloud providers are comparatively more sensitive to
input costs, such as electricity prices. In this section,
we discuss the implications of our findings for strat-
egy literature and practice. We first examine how the
distinct location strategies of data center providers
inform and extend existing theories of urban bias,
agglomeration, and general-purpose technologies. We
then detail the consequences of this economic geogra-
phy for managers and policymakers.

6.1. Theories of Proximity and Urban Bias

Our findings contribute to the literature on the economic
geography of IT by revealing a strategic divergence in
how firms approach proximity. While third-party provi-
ders locate near to customers, reinforcing standard theo-
ries of urban bias, cloud providers demonstrate a novel
logic driven by input costs, offering a crucial counter-
point. Consistent with this division in entry strategies,
we cannot reject the hypothesis that the entry strategies
of footloose data centers resemble those of cloud provi-
ders and differ from those of suburban and urban data
centers.

The location strategy of third-party data centers
aligns with and builds upon existing theories that
emphasize the persistent advantages of urban loca-
tions. These providers exhibit a strong urban bias, a find-
ing in line with studies of other information technology
suppliers (Forman et al. 2008, Greenstein et al. 2018).
This bias arises from the concentration of information-
intensive activities in urban centers and the private
incentive to spread fixed costs by locating near users
(Forman et al. 2009, Tambe 2014). The “distaste for dis-
tance” among buyers—whether due to latency concerns
or a desire for managerial oversight—compels these sup-
pliers to enter high-cost urban markets, even when the
services are highly “shippable.” This finding is consis-
tent with the model of a single supplier’s demand pre-
sented in Wang et al. (2019), and our work extends this
finding to the broader third-party market. The concen-
tration of specialized services (e.g., HIPAA and SOC
compliant) in major markets further reinforces this point.

In contrast, the strategy of hyperscale cloud provi-
ders offers a crucial nuance to the “death of distance”
narrative. In a pattern with no clear equivalent in
other IT markets, these firms exhibit a heightened sen-
sitivity to supply-side costs, such as electricity and
construction wages, while being far less influenced by
local demand or population density. This does not
mean geography is irrelevant; instead, its importance
shifts from proximity to users to proximity to low-cost
inputs. Enabled by highly “shippable” services (Ger-
vais and Jensen 2019) and low information friction
(Goldfarb and Tucker 2019), cloud providers can
reach customers from anywhere. This frees them from
the need to produce everywhere, allowing them to
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strategically concentrate their massive facilities in a
few optimized, low-cost locations. This cost-driven
logic stands in stark contrast to the demand-driven
strategy employed by third-party providers.

6.1.1. Agglomeration Economies. A key finding of our
study is that data center location is largely decoupled
from specialized human capital, a pattern that con-
trasts with clustering in other technology sectors.
While recent work has pointed to an increased con-
centration of specific technologies in clusters at the
regional level (Puga 1999, Alcacer and Chung 2014,
Alcacer and Delgado 2016, Delgado et al. 2016) and
the city level (Kalyani et al. 2025), we find little evi-
dence of similar widespread agglomeration for data
centers except in Ashburn, VA. Since their location is
not driven by skilled labor markets (Le Bas and Miri-
bel 2005), the fact that the “dog did not bark” in other
potential hubs with high demand suggests that for
this type of infrastructure, traditional agglomeration
forces are either absent or outweighed by other
constraints.

The one significant instance of agglomeration in
Ashburn, Virginia, appears to be driven by unique
infrastructure characteristics and network path depen-
dencies rather than local labor markets. Its emergence
as a hub is consistent with its unique history as a pub-
lic data exchange point on major data traffic routes.
This aligns with Alcacer and Chung (2014) on how
specific infrastructure, such as a transportation hub,
can be a primary driver of clustering. The lack of simi-
lar agglomeration elsewhere implies that limiting fac-
tors can be significant constraints on the development
of such clusters. Examples would include the high
cost and scarcity of available land, particularly in
counties with dense populations, extending the litera-
ture by highlighting these powerful countervailing
forces. Despite this different clustering logic, our results
also reinforce a key tenet of agglomeration theory: firms
located within established clusters still reap benefits.
We find that business users in major metropolitan areas
with a concentration of data centers receive superior
access to infrastructure and specialized services. This
finding is consistent with literature showing that firms
in strong clusters benefit from better access to inputs
and related industries (Delgado et al. 2010, Alcacer and
Delgado 2016, Delgado et al. 2016).

6.1.2. Digital Infrastructure Location. This study pro-
vides one of the first statistical analyses of data center
location, addressing a notable gap in the literature on
the economic geography of critical, but often invisible,
internet infrastructure (Cardona et al. 2013, Green-
stein 2021). Our research contributes to the literature
that analyzes the factors that shape the “supply
chain” of services that make up the internet. Our

analysis emphasizes the less visible services that com-
plement internet access. In contrast to extant strategy
literature that is focused on other technical markets,
we find that this upstream technology infrastructure
operates under different conditions and exhibits a dif-
ferent pattern of firm entry. For instance, a large
majority of small and medium-sized areas must rely
on nonlocal suppliers for data center services, a stark
contrast with the patterns for broadband and other
advanced IT services, which are available at much
lower population density levels (Xiao and Orazem
2011, DeStefano et al. 2018, Greenstein 2021).

The study also adds an interesting wrinkle to the lit-
erature on general-purpose technologies (GPTs). While
GPT theory often focuses on how the extent of the
market encourages entry (Bresnahan and Gambardella
1998), our study emphasizes the spatial trade-off for
upstream suppliers. We show how these firms must
balance the pursuit of economies of scale with the pri-
vate incentive to locate near downstream users to
spread high fixed costs. The observed tension between
distinct demand-driven versus cost-driven strategies
we observe offers empirical detail on how different
types of firms providing a similar underlying technol-
ogy navigate this fundamental trade-off. We share
motivation with the analysis and measurement of the
cloud market (Byrne et al. 2018, Coyle and Nguyen
2018, DeStefano et al. 2023, Jin and McElheran 2024), a
new class of infrastructure that contains assets worth
hundreds of billions of dollars and drives significant
productivity improvements. We spotlight an over-
looked topic: suppliers providing services in close
proximity to users. No research other than that of
Wang et al. (2019) addresses this topic. They focus on
the demand for proximity faced by one cloud pro-
vider, while we focus on the broad patterns across all
suppliers.

6.2. Strategic Implications

This study provides insights into strategic tradeoffs
and offers some speculative observations about long-
term trends for data center managers. These implica-
tions can guide their decision-making processes and
help them navigate the complex landscape of data
center location strategies.

6.2.1. Data Center Managers. Supplier proximity to
users who demand data center services alleviates a
buyer’s “distaste for distance.” Still, high-density mar-
kets are associated with higher setup costs. The trade-
off between the gains from proximity and the costs of
urban density appears fundamental and irreducible.
The resulting location behavior aligns with the model
of a single supplier’s demand in Wang et al. (2019), in
which a firm’s buyers are willing to pay more for ser-
vices if they perceive performance improvements are
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associated with the proximity of the physical assets
that support those services. Whereas they examined
only the demand for one cloud provider firm, we find
evidence that this model generalizes. We see behavior
consistent with the demand for proximity across
many third-party data center providers.

Relatedly, but more speculatively, these findings
also align with industry forecasts about the potential
for new applications that can tolerate delay. This is an
important open question for future location decisions.
For example, a recent (high profile) entrant into the
data center market, Crusoe Energy (https://crusoe.ai/
), locates data centers next to natural gas supplies that
would otherwise be burned off during oil drilling.
This strategy enables the negotiation of an inexpen-
sive source of electricity. As a result, its data centers
are typically far from business centers (e.g., in areas
like West Texas). Crusoe Energy has made a strategic
bet that the lower cost of electricity will make up for
the high air conditioning costs of its West Texas loca-
tions. It also makes a bet that there will be sufficient
growth in demand for data centers to perform actions
related to Bitcoin mining. This service does not require
proximity to urban users or algorithm development
for Al, making proximity essentially unnecessary. Fur-
ther, it has designed its data centers to accommodate
these specialized applications.””

This research has another somewhat different impli-
cation for third-party providers. Instead of viewing
cloud providers as competitors, third-party data cen-
ter managers should recognize the strategic value of
their location for cloud providers. They are not just
service providers but also integral players in shaping
the industry’s future. Just as in Bottger et al. (2018),
with a large number of CDNs housed within data cen-
ters across various regions, there is a significant poten-
tial for data centers to profit from partnering with
cloud providers. These providers may increasingly
seek space in favorable locations to establish distrib-
uted architectures with a local presence in major cities.
This trend could give many data center managers
opportunities to negotiate colocation agreements with
major cloud providers, enhancing their profitability.

6.2.2. Cloud Providers. The differences between the
location determinants of significant cloud suppliers
and third-party firms underscore the urgency and sig-
nificance of location decisions for cloud providers.
The importance of proximity is a limiting factor for
cloud providers who seek to concentrate their data
centers in remote, low-cost locations. We also see lim-
ited evidence of agglomeration among the cloud pro-
viders. AWS does locate some of its data centers near
one another—for example, in Ashburn, VA. However,
AWS has adopted geographically tailored services for
its cloud infrastructure applications (Byrne et al. 2018),

indicating that localization also plays a role in its
design choices.

The demand for distributed cloud architectures
could significantly shape the industry’s future.®® To
achieve an architecture sensitive to local demand,
cloud providers would either build their data centers
in many locations, acquire third-party data centers in
many locations, or negotiate colocation agreements in
third-party data centers. Again, as noted above, we
might expect many colocation agreements to be the
easiest way to become close to potential customers to
relieve concerns about network congestion.

6.2.3. Buyer Perspective. Business developers who
need proximity to large data centers, such as those
with enormous data sets, will experience better per-
formance in medium to large cities, where they can be
assured of access to nearby data centers. Our findings
align with the view that firms operating in clusters of
advanced firms in major urban areas receive better
technical services (Alcacer and Delgado 2016, Delgado
et al. 2016), while firms that operate businesses in
small and medium cities will be most affected by the
geographic choices of vendors. They must either build
for their own use and not gain the benefits of scale
economies from sharing infrastructure with others,
or they must choose to find services from distant
locations, giving up the benefits of proximity (Forman
et al. 2008). This has implications for operational costs
and service quality, particularly for services with poten-
tial latency issues and specialized needs.

6.3. Public Policy Implications

Numerous government programs seek to build out
infrastructure in nondense areas. For example, the $42
billion Broadband, Equity, Access, and Development
(BEAD) program targets households and businesses in
low-density locations where private firms are unwill-
ing to build due to high location-specific costs (Rosston
and Wallsten 2022). It has led to the construction of
high-speed lines in many small cities, most of which
have a population of under 25,000. The BEAD pro-
gram affects data center demand, potentially increas-
ing usage from these areas to the closest data centers.
While this improves the speed of service for business
over the alternatives (typically satellite), we remain
skeptical that this will motivate more additional data
centers to enter markets in rural locations. Our results
indicate that demand in small and medium-sized cities
with such broadband before the pandemic was insuffi-
cient to generate any new openings in the past in cities
with a population of less than 160,000. Moreover, most
large cloud providers already have many rural loca-
tions from which to choose. Hence, we conclude that
the BEAD program is unlikely to motivate a data
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center to be located nearby unless inexpensive electric-
ity justifies it.

Local and state business development policies have
also tried to use abatements and other tax policies to
encourage data center entry (CBRE 2013, 2015). Some
of these actions are premised on aspirations to generate
an agglomeration of technology activity. Our results
suggest that the cost-benefit calculation should focus
solely on building the data center alone, and it is an
error to try to encourage agglomeration.

Since the pandemic, local business development
policies have had to account for “Work-from-Home”
(Bloom et al. 2024) and the intriguing concept of
“Work-from-Anywhere” (Choudhury et al. 2021).
These new work trends have altered the geographic
features of data traffic during work hours, making
data centers in downtown areas less attractive but
generally moving traffic to suburban locations in the
same county and region. While we do not expect this
to significantly impact the data center location in the
short term, there is potential for it to do so in the long
run. The potential widespread adoption of work-
from-anywhere could have more dramatic effects on
the location of cloud infrastructure. It would need to
accommodate many places far from downtown, a
demand that seems especially suited to cloud provi-
sion (Byrne et al. 2018).

As the public cloud diffuses across a global market,
policy initiatives such as GDPR could also shape data
center locations outside the United States (Kannan
et al. 2021). These regulations pressure firms to use
local facilities for computing and storage to prevent
privacy-violating events (Zhuo et al. 2021). For exam-
ple, the GDPR could motivate the building of data
centers within European boundaries, thereby shifting
some demand for computation and storage away
from U.S. data centers (Leka 2025). That could reduce
the growth in demand for data centers within the U.S.
boundaries.

6.4. Further Research

This research addresses two views that animate open
policy questions about digital infrastructure supply.
An “optimistic” outlook anticipates experimentation
in a few places, usually large cities and technology
hubs, followed by more diffusion to more users,
regions, and applications. It interprets the state of dig-
ital infrastructure at a point in time as temporary,
transient, and amid broader diffusion. In contrast, an
outlook that might be labeled as “pessimistic” stresses
that digital infrastructure has achieved higher produc-
tivity in dense locations. That arises due to economies
of scale in equipment, increased productivity from the
colocation of many related activities, and the availabil-
ity of skilled labor in urban areas in developed econo-
mies. Overall, the experience with third-party data

centers supports the less optimistic view due to the
concentration of supply around urban cities and the
persistent demand for local supply. The shift to cloud
suppliers does not alleviate these concerns because
cloud providers typically locate their data centers in a
limited number of locations.

One central open question is whether such patterns
will persist after the providers adjust to the postpan-
demic demands for their services and the rise of artifi-
cial intelligence-related computing needs (Potts et al.
2024). We undertook this study in the absence of other
statistical research on the strategies of these suppliers.
This study brings attention to the broad topic. How-
ever, it focused on only one aspect of the strategy
firms pursue, and there are many issues that remain
uncovered. Additional studies could focus on the
build and acquisition strategies of the largest third-
party providers. There is room for careful analysis of
the strategies of firms that meet specific industry
needs, such as finance and healthcare. Enough time
has also passed to observe the consequences of build-
ing cloud infrastructure in less-dense locations and
evaluate the implications for the locations that subsi-
dized their entry. Finally, many cloud providers have
undertaken significant investments outside the United
States. All the strategic issues behind those invest-
ments are open questions.

7. Conclusion

This study highlights a divergence in the economic
geography of digital infrastructure. Third-party data
centers exhibit a clear urban bias, driven by a strategic
need to be physically close to localized demand. On
the other hand, cloud providers show a heightened
sensitivity to supply-side costs, leading them to con-
centrate in a few low-cost locations. As the digital
economy continues to consolidate in the cloud, these
distinct location strategies—and the choices made by
a few large providers—will profoundly shape which
regions capture the economic benefits of the next
wave of digitization.
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Endnotes

! For example, if a big data application uses two data centers, Amazon
keeps them within a hundred miles to limit the latency between them
to one millisecond. See Peter DeSantis, AWS Re: Invent 2020. https://
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www.youtube.com/watch?v=AaYNwOh90Pg, accessed December
2020.

2 An 8MW data center in a moderate climate approximately splits
electricity between servers and air conditioning, for example.

3 That capacity measure accommodates different uses for the servers,
whether for computation or storage. As a general rule, an 8 MW data
center would typically house approximately 50,000 servers.

4 Gee https://www.infrastructure.aws/, accessed December 2020.

5Our data sources (Baxtel.com and Datacenters.com) are two
known sources of information on third-party data centers. Datacen-
ters.com is the largest marketplace for colocation data center ser-
vices (in transaction volume and revenue).

% These providers are Alphabet, Amazon, Meta, and Microsoft.

7 A third-party data center is considered “Downtown” if it is within
5 kilometers of the nearest downtown area. “Suburban” centers are
between 5 and 30 kilometers from downtown. “Footloose” centers
are more than 30 kilometers away. The cloud providers own the
“Cloud” data centers.

8 The first calculation is the number of counties in MSAs over the
total number of counties (1,173/3,150). The second calculation com-
pares the number of counties in MSAs with at least one data center
against all counties with at least one data center (218/26).

9 Micropolitan areas have less than 50k population.

1% Of the 26 counties with at least one cloud data center, 19 of them
are in MSAs (73%).

" Santa Clara County (a.k.a. Silicon Valley) has the largest number,
with 71, unweighted by size. It is followed by Los Angeles County,
CA, Dallas County, TX, Cook County, IL, New York County, NY,
Maricopa County, AZ, Fulton County, GA, Harris County, TX, Mid-
dlesex County, MA, Miami-Dade County, FL, and Loudoun County,
VA (with 21).

2 Tn almost all cases, square footage corresponds with total capac-
ity. The rare exceptions are retrofitted buildings, such as the RR
Donnelly building, located at 350 E. Cermak in Chicago, which con-
tains 1.1 million square feet. It is the largest third-party data center
in North America. Other exceptions are data centers fit into dense
urban settings with extremely expensive land, such as Manhattan
or San Francisco, where we obtain total square footage from indus-
try sources.

13 Replacement value is a standard concept for asset valuation,
which involves valuing an asset at the reconstruction costs required
to replace it from scratch.

14 For a conservative estimate, value the footloose and cloud data
centers (average size: 450k sq ft and $465 sq ft) at $500m, value the
suburban data centers (average size: 375k sq ft) at $400m, and value
the downtown data centers (average size: 345k sq ft) at $800m. There
are 103 downtown, 149 suburban, 47 footloose, and 26 cloud data
centers. Hence, a conservative estimate is 103*800 + 149*400 + 47*500
+ 26*500 = $183.5 billion. Reiterating, we do not offer that as a pre-
cise estimate of asset value, but rather as an illustration of the order
of magnitude.

15 We are somewhat doubtful of the interpretation of supply based
on industry interviews. Most third-party data centers employ small
workforces, and shortages of inputs other than skilled labor are
mentioned more frequently.

18 Population and density are also highly correlated in ZIP code
data.

7 We also test the prices for commercial customers. Our results
remain unchanged when we use alternative measures.

'8 For counties that did not provide an estimate of the hourly wage
for network engineers or construction laborers, we used averages
from each MSA or state.

19 Tax abatement and incentive programs can apply to property,
sales, and personal taxes. CBRE (2013).

20 During the dot-com boom, public maps of the long-distance lines
for the U.S. internet network were widely available, and firms pub-
lished these openly to attract customers. This practice ceased after
September 11. Nonetheless, even by that point, all the major urban
areas in the United States had ample internet line connectivity.

21 We listed these variables as part of demand, operational costs,
and set-up costs, and we offer interpretations organized by cate-
gory. In practice, a few variables lend themselves to interpretations
as both a demand and cost factor (e.g., density).

22 Median household income was not included in the analysis due
to potential multicollinearity.

23 Known as the “data center capital” and “interconnection capital”
of the United States, it contains excellent connectivity between prox-
imate data centers, between the facilities of cloud providers, and
between data centers and high-speed internet lines leading to other
locations, especially on the East Coast of the United States.

24 That location was home to MAE-East, one of the earliest data-
exchange points on the commercial internet, which was a converted
exchange point from NSFENET, and today contains several Amazon
data centers. As it turns out, the firms that locate in Loudoun oper-
ate some of the very largest data centers in the United States. This
location is followed in rank (of capacity) by Dallas, TX, Santa Clara,
CA, Cook, IL, Los Angeles, CA, Maricopa, AZ, Middlesex, NJ, Har-
ris, TX, King, WA, NY, NY, and Fulton, GA.

25 We should note that these observations pertain only to facilities in
North America. All providers maintain facilities in multiple loca-
tions outside North America; however, we have no insight into their
strategies for these locations. It is a topic for further study.

26 Fluctuations in weather may also impact energy costs for data
center facilities. In Table A.9 of the Online Appendix, we add addi-
tional measures for variation during the winter and summer to the
baseline model and find similar results.

27 See transcript at https: //www.acquired.fm/episodes /saving-the-
planet-with-better-ai-data-centers-with-crusoe-ceo-chase-lochmiller,
accessed October 2024.

28 https://www.gartner.com/smarterwithgartner/ the-cios-guide-to-
distributed-cloud, accessed October 2024.
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