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Preface

In the space of about three years, a category of building that most
people never thought about — the data center — became one of
the most consequential pieces of infrastructure on Earth. Data
centers used to be quiet, windowless warehouses full of servers
that emailed each other and kept websites running. Today, the
newest ones are something closer to power plants that happen to
compute: multi-gigawatt industrial campuses, built at a pace and
cost more typical of national infrastructure projects, all in service

of training and running artificial intelligence.

This book is an attempt to explain, in plain language, what an
“Al data center” actually is, why the world’s largest companies
are spending hundreds of billions of dollars a year building them,
what is inside them, what they demand from the electrical grid
and the water table, who is racing to build them fastest, and what
risks — financial, environmental, and geopolitical — come bun-
dled with that race.

It is written for the general reader: the businessperson trying to
understand why their electricity bill or their company’s cloud bill

keeps climbing, the investor trying to make sense of headlines



about trillion-dollar buildouts, the citizen whose town just got a
rezoning notice for a mysterious “campus,” and anyone simply
curious about the physical machinery behind the chatbots and Al

tools now woven into daily life.

No technical background is assumed. Where necessary, terms are
explained as they arise, and a glossary appears at the end of the
book.



Chapter 1: Why the Building
Matters

Ask most people what a data center is, and they will describe
something vague: a warehouse full of computers, somewhere out
past the highway exit, humming behind a chain-link fence. That

description used to be close enough. It no longer is.

The data centers being built in 2026 to train and run artificial intel-
ligence are a different species of building. A conventional cloud
data center from a decade ago might draw 20 to 50 megawatts
of power — enough for a small town. The Al data centers now
under construction in Texas, Louisiana, Wisconsin, and a dozen
other places are being designed for 1, 2, and even 5 gigawatts
of power: roughly the output of one to several full-sized nuclear
power plants, dedicated to a single campus, dedicated to a single

purpose — running the mathematics of artificial intelligence.

To put that in perspective: Microsoft’s Fairwater campus in Wis-
consin is being built toward an end-state capacity of roughly 2.3
gigawatts. That is more electricity than the entire country of Ice-

land uses in a year, running through the substations of a single



building complex. Meta’s Hyperion campus in Louisiana is aim-
ing for a similar scale. OpenAlI’s Stargate project in New Mexico
is targeting 1.8 gigawatts. These are not exceptions; by 2026 they
had become the industry’s new normal, and the race to build ever-

larger versions of them was accelerating, not slowing.

Why does this matter to someone who will never set foot inside
one of these buildings? Four reasons, each of which gets its own

extended treatment later in this book.

First, the money. In 2026, the four largest U.S. technology com-
panies — Microsoft, Alphabet (Google), Amazon, and Meta —
collectively budgeted somewhere in the neighborhood of $600 to
$700 billion for AT infrastructure spending in a single year, and
independent forecasters at firms like McKinsey have sketched sce-
narios in which cumulative global data center capital expenditure
could approach $7 trillion by 2030. That is a transfer of capital on
the scale of a war effort or a national infrastructure program, un-
dertaken not by governments but by a handful of publicly traded
companies competing with each other for market position in ar-
tificial intelligence. It shows up in stock markets, in corporate
earnings calls, in the bond markets financing new debt, and — as
later chapters will explore — in growing anxiety about whether

the spending is fundamentally rational.

Second, the electricity. Data centers already consumed around
415 terawatt-hours of electricity globally in 2024, roughly 1.5
percent of the world’s total. The International Energy Agency
projects that figure could roughly double by 2030, driven
overwhelmingly by Al-specific “accelerated” servers — the

GPU-packed machines used for Al training and inference —



whose power demand is growing at roughly 30 percent a year,
more than three times faster than conventional computing. In
the United States, per-capita electricity consumption tied to data
centers is expected to more than double this decade. That growth
is arriving at a moment when American electricity demand had
been essentially flat for twenty years, and it is forcing utilities,
regulators, and grid operators to plan for a kind of demand

growth they have not seen since the mid-twentieth century.

Third, the physical footprint. These buildings need land, water,
transmission lines, and — increasingly — their own dedicated
power plants, including new nuclear reactors, gas turbines, and, in
some cases, fuel cells. They are reshaping small towns’ finances
through enormous tax incentive deals, reshaping labor markets in
the construction trades, and in a growing number of communities,
provoking organized local opposition over noise, water use, and
rising electricity rates.

Fourth, geopolitics. The chips inside these buildings — princi-
pally made by Nvidia, but increasingly also by AMD and by the
hyperscalers’ own custom silicon divisions — sit at the center of
an escalating contest between the United States and China over
who controls the physical hardware of artificial intelligence. Ex-
port controls on advanced chips, and the countermeasures China
has taken in response, are now a standing feature of U.S.-China
relations, discussed in the same breath as tariffs and military pos-

ture.

None of this was inevitable. It is the product of a specific techno-
logical moment: the discovery, mostly between 2012 and 2022,

that making Al models bigger — more parameters, more training



data, more computing power — reliably made them more capa-
ble, and the subsequent 2022—-2023 arrival of ChatGPT and its
rivals, which convinced boardrooms across the world that who-
ever controlled the most computing power would have a durable
competitive advantage. The data center is the physical expression
of that bet.

The rest of this book takes that bet apart piece by piece: what
is actually inside these buildings, who is building them and with
what money, what they cost the electrical grid and the water table,

and what happens if the bet turns out to be wrong.



Chapter 2: From Server
Rooms to Al Factories — A
Short History

To understand why Al data centers look and behave the way they
do, it helps to trace a short history of the data center itself, because
the Al data center did not appear out of nowhere. It evolved —
quickly, and in some ways discontinuously — from three earlier

eras of computing infrastructure.

The mainframe era (1960s—1980s). The earliest “data centers”
were purpose-built rooms to house mainframe computers for large
corporations, banks, and government agencies. These rooms ex-
isted mainly to protect enormously expensive, fragile machines:
raised floors for cable runs, precision air conditioning, and re-
stricted access. Computing was centralized because it had to be
— nobody could afford their own mainframe, so organizations

shared time on one.

The enterprise and dot-com era (1990s-2000s). As client-

server computing and then the internet took off, corporations



B

built their own server rooms, and a new industry of “colocation’
providers emerged, renting out secure, powered, connected floor
space so companies didn’t have to build their own facilities.
The dot-com boom produced a wave of speculative data center
construction; the subsequent bust left much of that capacity
unused for years, a cautionary precedent that some analysts now

invoke when discussing the Al buildout.

The hyperscale cloud era (2006-2020). Amazon Web Services
launched in 2006, followed by Microsoft Azure and Google
Cloud. This period saw data centers transform from a cost center
that companies tried to minimize into a product that a handful
of “hyperscalers” sold to the rest of the economy. Facilities
grew enormously in scale and became marvels of efficiency
engineering — companies like Google pioneered techniques
to dramatically cut the energy overhead of cooling and power
delivery. The defining metric of this era was efficiency: how
many transactions, how much storage, how many web pages
served, per dollar and per watt. A large hyperscale data center
from this period might use tens of megawatts and be built
primarily around row upon row of relatively low-power CPU

servers.

The AI data center era (2020—present). The current era has a
different starting gun: the recognition, crystallized by research
from AI labs like OpenAl, Google DeepMind, and academic
groups between roughly 2017 and 2022, that the performance
of AI models scaled remarkably predictably with the amount
of computing power thrown at training them — a relationship

researchers called “scaling laws.” If bigger models trained



on more data with more compute reliably got smarter, then
computing power itself became a strategic asset worth acquiring
at almost any cost. The public release of ChatGPT in November
2022 turned that research insight into a commercial imperative
overnight: every major technology company concluded, more or
less simultaneously, that it could not afford to be caught without
enormous amounts of Al computing capacity.

That shift changed data center design in a few fundamental ways

that this book returns to repeatedly:

Power density exploded. A rack of Al servers using Nvidia’s lat-
est chips can draw well over 100 kilowatts — an order of magni-
tude more than a traditional server rack. This made air cooling,
the old standard, largely obsolete for the newest hardware and

forced a rapid industry-wide shift to liquid cooling.

Single buildings got enormous. Because large Al models are
trained as a single, tightly coordinated computation spread across
tens of thousands of chips that must communicate with each other
with extremely low latency, there is a strong incentive to pack
as many chips as possible into one location, or a small cluster
of nearby locations, rather than spreading computing power
thinly across many small facilities the way earlier cloud services
did. This is what produced the jump from tens of megawatts to

multiple gigawatts in a single campus.

Speed became the priority, sometimes at the expense of everything
else. Companies raced to bring new capacity online in months
rather than the years a conventional data center or, especially,

a new power plant would normally take, leading to unusual ar-
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rangements: repurposed industrial sites, temporary gas turbines
trucked in to provide power before grid connections were ready,
and modular construction techniques borrowed from other heavy

industries.

The customer changed. Where hyperscale data centers of the
2010s served millions of small and mid-sized business customers
renting modest slices of computing capacity, the newest Al cam-
puses are frequently built for a single anchor tenant — often an
Al lab like OpenAl, Anthropic, or xAI — under multi-year, multi-
billion-dollar contracts that more closely resemble the financing

of a power plant or a pipeline than a conventional real estate lease.

By 2026, this new category had a name in industry circles: not a
“data center” in the old sense, but an “Al factory,” a term Nvidia’s
own executives have used to describe facilities whose entire pur-
pose is to manufacture a product — intelligence, in the form of
trained models and inference output — rather than simply to store
and serve information. Whether or not the term catches on per-
manently, it captures something true about how differently these
buildings are conceived, financed, and operated compared to their
predecessors. The next chapter goes inside one to see exactly

what that means in physical terms.
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Chapter 3: Inside the
Machine — What an Al
Data Center Actually Is

Strip away the financial headlines and the geopolitics, and an Al
data center is, at bottom, a building engineered around one prob-
lem: how to deliver enormous amounts of electricity to racks
of specialized chips, keep those chips cool enough to run at full
speed continuously, and connect them to each other with enough
bandwidth that thousands of chips can work on a single computa-
tion as if they were one giant machine. Everything else about the

building’s design follows from that problem.

The chips. The core computational unit is not a general-purpose
CPU (central processing unit) of the kind found in a laptop, but
a GPU (graphics processing unit) or a similar kind of special-
ized “accelerator” chip. GPUs were originally designed to ren-
der video game graphics, a task that involves doing huge num-
bers of simple mathematical operations — matrix multiplications
— in parallel. It turns out that training and running AI models

involves almost exactly the same kind of math, at a much larger

12



scale, which is why GPUs (and purpose-built Al accelerator chips
modeled on the same principles) became the default hardware for
Al rather than CPUs. Chapter 4 covers the companies making
these chips in detail.

The rack. Individual chips are mounted on circuit boards and in-
stalled in racks — tall metal cabinets, typically arranged in long
rows on the data center floor. In the current generation of Nvidia
hardware, a single rack (such as the GB200 NVL72 configuration)
can house 72 GPUs wired together with extremely fast direct con-
nections, and can draw well over 100 kilowatts of power —a level
of power density that older data centers, designed for perhaps 5 to
15 kilowatts per rack, simply cannot support without a substantial

redesign.

The network. Training a large Al model is not a job that one
chip, or even one rack of chips, can do alone. It requires tens
of thousands of GPUs working in close coordination, constantly
exchanging intermediate results as they process a shared training
run. This makes the network connecting the chips almost as im-
portant as the chips themselves; a slow or congested network can
leave expensive GPUs sitting idle, waiting for data. Al data cen-
ters use specialized high-speed networking technology — such
as Nvidia’s InfiniBand and NVLink systems, or Ethernet-based al-
ternatives championed by a broader industry coalition — to move
data between chips at speeds far higher than a conventional cor-
porate or cloud network requires. This is also the main techni-
cal reason Al data centers try to concentrate as much computing
power as possible in one location or a small number of nearby

locations: physical distance between chips introduces communi-
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cation delays that can meaningfully slow down a training run.

Cooling. A rack drawing 100-plus kilowatts generates a pro-
portional amount of heat, more than fans blowing air across
a server can practically remove. As a result, the industry has
shifted rapidly toward liquid cooling: systems that circulate a
coolant, usually water or a water-glycol mixture, directly to cold
plates mounted on top of the chips, or in some designs, immerse
entire server boards in a bath of dielectric (non-conductive) fluid.
Liquid cooling is dramatically more efficient at removing heat
than air, but it requires new plumbing infrastructure throughout
the data center — pumps, heat exchangers, and often large ex-
ternal cooling towers that evaporate water to reject heat into the
atmosphere, which is the direct source of the water-consumption

concerns explored in Chapter 9.

Power delivery. Feeding a gigawatt-scale campus requires infras-
tructure that looks less like a typical commercial building’s elec-
trical service and more like the internal wiring of a power plant
or a heavy industrial facility: dedicated high-voltage substations,
banks of transformers to step voltage down in stages, and increas-
ingly, on-site backup and supplemental generation — batteries,
and in some cases gas turbines — to smooth out the extremely
“spiky” power draw that Al workloads can create as thousands of

chips start and stop computing in near-unison.

Storage and conventional computing. Alongside the Al accel-
erators, these facilities still contain large amounts of conventional
storage and CPU-based computing to manage data pipelines, han-
dle the software orchestration of training jobs, and serve the re-

sults of AI computation (known as “inference”) back out to users
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through the internet. This part of the operation looks much more

like a traditional hyperscale data center.

Redundancy and resilience. Like their predecessors, Al data
centers are built with layers of backup: redundant power feeds, on-
site diesel or gas generators, uninterruptible power supply (UPS)
battery systems to bridge the gap during a power failure, and fire
suppression systems engineered for electrical fires rather than con-
ventional ones. The scale of the equipment is new; the underlying

engineering discipline is not.

Put together, a modern Al campus can occupy the physical foot-
print of dozens of football fields, involve thousands of construc-
tion workers at its peak building phase, and take somewhere be-
tween 18 months and several years to bring fully online — with
the electrical substation and grid interconnection, not the building
itself, very often the longest pole in the tent. That bottleneck, and
the broader question of where all this electricity is supposed to

come from, is the subject of Chapters 7 and 8.
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Chapter 4: The Chip Wars
— Nvidia, AMD, and the

Race for Silicon

If the AI data center is a factory, the chip is the machine on the
factory floor, and one company has built an extraordinary position

of dominance over that machine: Nvidia.

Nvidia’s position. By early 2026, Nvidia commanded on the or-
der of 87 percent of merchant (that is, sold on the open market
rather than built in-house) Al data center chip revenue, according
to an analysis of SEC filings, generating roughly $75 billion in a
single quarter compared to a combined $11 billion for its closest
publicly reported rivals, AMD and Intel. Nvidia’s dominance is
sharpest in the training of large AI models, where its share of the
merchant market reportedly exceeds 90 percent; it is somewhat
more contested in “inference” — the process of actually running
a trained model to answer a user’s query — where Nvidia’s share
has been estimated in the 60-to-75 percent range as rivals and cus-

tom chips gain ground.
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Nvidia’s advantage rests on more than raw chip performance.
Over nearly two decades, the company built CUDA, a software
platform that lets developers program its GPUs for general
computing tasks, and CUDA became the default toolkit that most
Al researchers learned on. That software lock-in — the fact that a
huge amount of existing Al code and researcher expertise is built
around Nvidia’s tools — has proven as durable a competitive
moat as the hardware itself. Nvidia has also moved to a roughly
annual release cadence for new chip architectures — Hopper,
then Blackwell (the GB200 and GB300 generation shipping
through 2026), with a next generation (sometimes referred to
under the “Rubin” codename) already previewed — that makes it
difficult for competitors to catch up even when they build a chip
that is competitive with Nvidia’s current generation, because by

the time they do, Nvidia has already moved on.

AMD. Advanced Micro Devices is Nvidia’s most direct merchant
competitor, with its MI300 and MI350 series of Al accelerators.
AMD held roughly 6 to 7 percent of the merchant Al data center
chip market by revenue in early 2026 — a small share of the to-
tal, but a meaningfully growing one, and AMD has signed large
multi-year supply agreements with Al labs including OpenAl, po-
sitioning itself as the credible “second source” that large buyers

want if only to maintain negotiating leverage with Nvidia.

Intel. Intel, the company that dominated general-purpose com-
puting for decades, has struggled to establish itself in AT accelera-
tors, holding roughly 6 percent of the merchant market by one esti-
mate, and has instead focused more on its core CPU business and

its long-term bet on rebuilding its chip manufacturing (foundry)
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capabilities — a separate but related front in the broader semicon-

ductor competition, discussed further in Chapter 11.

Custom silicon. The most important long-term challenge to
Nvidia’s dominance may not come from another chip company
at all, but from Nvidia’s own biggest customers. Google has
spent over a decade developing its own Al chips, called Tensor
Processing Units (TPUs), now in their seventh generation, and
uses them extensively for both its own AI products and, increas-
ingly, sells access to them through Google Cloud. Amazon has
developed its own Trainium and Inferentia chips. Microsoft has
introduced its Maia chip. Meta has developed its own accelerator
line as well. None of these custom chips is sold on the open
market the way Nvidia’s are, so their financial scale is harder
to measure precisely, but industry analysts estimate that once
these in-house chips are counted, Nvidia’s effective share of all
Al computing hardware — not just what is sold commercially —
falls to somewhere in the 75-t0-80 percent range. The strategic
logic for the hyperscalers is straightforward: designing their
own chips reduces their dependence on a single supplier, can be
tailored precisely to their own software and workloads, and —
over the long run — is generally cheaper than paying Nvidia’s

margins on every chip.

The manufacturing bottleneck. Underneath all of these com-
panies sits a fact that concentrates the entire industry’s fate onto
an even smaller number of players: almost none of them actu-
ally manufacture their own chips. Nvidia, AMD, Google, Ama-
zon, and the rest design chips, but the physical manufacturing —

fabricating silicon wafers using processes measured in a few bil-
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lionths of a meter — is done almost exclusively by a handful of
specialized “foundries,” above all Taiwan Semiconductor Manu-
facturing Company (TSMC), which produces the vast majority of
the world’s most advanced Al chips. That concentration of man-
ufacturing in Taiwan is one of the central facts of the geopolitical
chapter later in this book: the entire global AI buildout runs, in
a very real sense, through a handful of factories on one island in
the Taiwan Strait.

Why the chip race matters beyond bragging rights. Each new
generation of chip delivers more computing performance per dol-
lar and, critically, per watt of electricity — and because electricity
availability has become one of the tightest constraints on the en-
tire industry (see Chapter 7), a chip that does more work per watt
is not just cheaper to buy, it may be the only way to fit more com-
puting power onto an electrically constrained site at all. This has
turned chip efficiency, not just raw chip speed, into a central com-
petitive battleground, and it is one reason the large Al labs and
hyperscalers have been willing to sign chip supply commitments
worth tens of billions of dollars years in advance: in an electricity-
constrained world, guaranteed access to the most efficient chips
is itself a scarce resource.

19



Chapter 5: Follow the
Money — The
Trillion-Dollar Buildout

However striking the engineering inside an Al data center is, the
number that has drawn the most attention in 2026 is the price tag
attached to building them.

The scale of hyperscaler spending. By the first half of 2026,
the four largest American cloud and Al companies were spending
at a combined annualized rate approaching $700 billion a year
on capital expenditure, the overwhelming majority of it tied to
Al data centers, chips, and networking. To put a few individual
data points on that total: Amazon reported roughly $44 billion in
capital expenditure in a single quarter of 2026, its highest of any
competitor that quarter, driven in part by AWS cloud growth of 28
percent — its fastest pace in fifteen years — and a fast-growing in-
house chip business already generating an estimated $20 billion
in annualized revenue. Alphabet’s quarterly capital expenditure
more than doubled year over year to roughly $36 billion, backed
by a Google Cloud order backlog reported to exceed $460 billion.

20



Microsoft’s fiscal-year capital spending climbed 84 percent year
over year to nearly $31 billion in a single quarter, alongside an
Al business now generating an estimated $37 billion a year in
revenue, up 123 percent. Meta raised its full-year 2026 capital
expenditure guidance to a range of $125 to $145 billion, citing
“higher component pricing and additional data center costs” as

the reason for the increase.

Where the money goes. Roughly speaking, capital spent on an
Al data center splits across four broad categories: the chips and
servers themselves (frequently the single largest line item, given
the price of the newest Nvidia and AMD hardware); the building
and its specialized mechanical and electrical systems (power de-
livery, liquid cooling, backup generation); land and site develop-
ment; and networking equipment to connect everything together.
Industry analysts estimate that chips and related hardware can ac-
count for well over half of total project cost in the newest facilities,
which is one reason the chip manufacturers discussed in Chapter 4
have captured such an extraordinary share of the economic value
created by the Al buildout.

Longer-run forecasts. Individual-year capital expenditure fig-
ures, striking as they are, are only part of the picture. McKinsey
has published scenarios suggesting that cumulative global data
center capital expenditure could reach roughly $7 trillion by 2030
if current growth trajectories hold, split between Al-specific facil-
ities and the conventional data center capacity still needed to run
the rest of the digital economy. Other forecasters have offered
similarly large, if not always consistent, figures — one widely

cited estimate put total Al-related data center capital expenditure
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at over $5 trillion by 2030 across roughly 219 gigawatts of in-
stalled capacity, while more conservative market-research esti-
mates of the narrower “Al data center hardware and services mar-
ket” put its size in the low hundreds of billions of dollars by 2030.
The wide range across forecasts is itself telling: this is an industry
whose future size depends enormously on assumptions — about
Al demand, about financing conditions, about how efficiently the
next generation of chips uses electricity — that remain genuinely

uncertain even to the people making them.

Who is actually paying, and how. Not all of this money is being
spent out of quarterly profits. While Microsoft, Alphabet, Ama-
zon, and Meta are collectively among the most profitable com-
panies in history and are funding a large share of their Al infras-
tructure from operating cash flow, the scale of the buildout has in-
creasingly pushed even these companies — and especially the Al
labs and infrastructure specialists building alongside them, such
as OpenAl, Oracle, and CoreWeave — toward debt financing, off-
balance-sheet joint ventures with investment firms and private
capital providers, and unusually structured multi-party deals in
which a chipmaker, a cloud provider, and an Al lab each hold
financial stakes in one another’s success. That web of financing
arrangements, and the questions it raises about whether the spend-
ing is being driven by genuine demand or by companies propping

each other up, is the subject of Chapter 10.

A note on scale. It is worth pausing on just how unusual this
is historically. Spending of this magnitude, this quickly, by pri-
vate companies rather than governments, has few precedents. The

closest comparisons — the buildout of the U.S. railroad network
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in the nineteenth century, the telecom fiber-optic buildout of the
late 1990s, the shale oil and gas boom of the 2010s — share a
common feature with the current Al buildout: enormous, debt-
fueled capital investment made under conditions of real uncer-
tainty about future demand, justified by the conviction that be-
ing early and being big matters more than being certain. Some of
those earlier buildouts eventually proved their worth over decades
even after painful short-term busts (the fiber laid in the late 1990s
eventually carried the traffic of the entire modern internet); oth-
ers simply destroyed capital. Which outcome the Al data center
buildout will produce is, as of 2026, an open and hotly debated

question — one this book returns to directly in Chapter 10.
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Chapter 6: The Builders —
Who Is Racing, and Why

The AI data center race has several distinct kinds of participants,

each playing a different role and bearing different risks.

The hyperscalers. Microsoft, Amazon, Google, and Meta are
the largest builders by capital deployed, and each is pursuing
a broadly similar strategy for a different strategic reason. Mi-
crosoft’s Al buildout is closely tied to its multi-year partnership
and equity relationship with OpenAl, and to embedding Al ca-
pabilities (under the Copilot brand) across its enormous existing
software business. Amazon is racing to keep AWS, the cloud
market’s long-standing leader, from losing ground to Microsoft
Azure and Google Cloud in Al workloads specifically, while
also building out its own foundation-model efforts and hosting
Anthropic, in which it has invested heavily. Google is drawing
on its deep, decades-long investment in Al research (through
Google DeepMind) and its own custom TPU chips to offer an
integrated Al stack across search, cloud, and consumer products.
Meta’s buildout is the most unusual of the four in one respect:

unlike the others, it does not sell cloud computing to outside

24



customers at meaningful scale — its Al infrastructure is built
almost entirely to serve its own products (its Llama family of
Al models, ad targeting, and recommendation systems across
Facebook, Instagram, and WhatsApp) and its bet on Al-driven

advertising and, longer-term, augmented and virtual reality.

The AI labs. OpenAl, Anthropic, and xAl do not, for the most
part, own and operate data centers themselves; instead, they
sign enormous long-term compute contracts with hyperscalers
and specialized infrastructure providers. OpenAl’s “Stargate”
project, announced in partnership with Oracle, SoftBank, and
others, envisions a network of dedicated AI campuses (including
the New Mexico site referenced in Chapter 1) built specifically
to serve OpenAl’s own model training and product needs,
reportedly under a financial commitment that has been described
in industry reporting as being valued at up to $1.5 trillion over
the life of the project. Anthropic operates its Claude models
using a mix of Amazon and Google infrastructure, including the
Amazon-backed New Carlisle, Indiana site that ranks among the
largest data centers in the world by planned power capacity. xAl,
Elon Musk’s Al company, built its Colossus and Colossus 2 fa-
cilities in Memphis, Tennessee, notable for being brought online
on an unusually fast construction timeline and for drawing local
scrutiny over the gas turbines it initially used for supplemental

power before permanent grid connections were completed.

The specialized infrastructure providers. A newer category of
company has emerged specifically to build and lease Al data cen-
ter capacity to others, most prominently Oracle, whose cloud in-

frastructure business has been transformed by its role as a builder
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for OpenAlI’s Stargate project, and CoreWeave, a company that
began as a cryptocurrency-mining operation before pivoting to
become one of the largest independent providers of Nvidia GPU
computing capacity, backed heavily by financing tied to its GPU
inventory itself serving as collateral. These companies occupy a
financially riskier position than the hyperscalers: they typically
carry more debt relative to their revenue, and their fortunes are
more tightly tied to the continued willingness of Al labs to sign

and renew enormous multi-year contracts.

Sovereign and international builders. Outside the United
States, governments and state-linked companies are building
their own AI infrastructure both to serve domestic Al develop-
ment and to reduce dependence on American cloud providers and,
in some cases, American chips — an effort generally described
as “sovereign AI” and covered in more detail in Chapter 13.
Gulf states including the United Arab Emirates and Saudi Arabia
have committed tens of billions of dollars to Al data center
development, often in partnership with U.S. chipmakers and
cloud providers under carefully negotiated export-control ar-
rangements. China has pursued a parallel, largely self-contained
buildout using a mix of domestically produced chips (principally
from Huawei and SMIC) and whatever advanced foreign chips it

can still obtain, a topic explored further in Chapter 11.

What unites all of these builders, despite their different business
models and risk profiles, is a shared conviction — sometimes
stated explicitly by their executives, sometimes simply implied by
the scale of their spending — that being under-provisioned with

Al computing capacity during this period is a far worse strategic
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outcome than being over-provisioned. Whether that conviction is
justified is the question running underneath nearly every chapter
that follows.
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Chapter 7: Power Hungry —
Electricity and the New
Industrial Grid

If any single factor threatens to slow the Al data center buildout
more than money, chip supply, or even public opposition, it is
electricity — specifically, the difficulty of generating, transmit-
ting, and delivering enough of it, fast enough, to keep pace with

what the industry wants to build.

The scale of demand. Global data center electricity consump-
tion stood at roughly 415 terawatt-hours in 2024, about 1.5 per-
cent of total global electricity use, after growing at an average of
12 percent a year over the preceding five years. The International
Energy Agency’s base-case projection has that figure roughly dou-
bling, to around 945 terawatt-hours, by 2030 — nearly 3 per-
cent of global electricity consumption — with annual growth of
around 15 percent, more than four times faster than electricity
demand growth in the rest of the economy. The IEA attributes
nearly half of that net increase specifically to “accelerated servers”

— Al-optimized hardware — whose electricity consumption is
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projected to grow at roughly 30 percent annually, compared to
about 9 percent for conventional servers. In a more aggressive
“lift-off” scenario, global data center electricity use could exceed
1,700 terawatt-hours by 2035; in a more constrained “headwinds”
scenario, growth could plateau around 700 terawatt-hours. Sepa-
rately, Gartner has projected that data center electricity consump-
tion alone could grow by as much as 26 percent in 2026, a striking
single-year figure that reflects how compressed this growth curve

has become.

Where the growth concentrates. The United States and China
together are expected to account for nearly 80 percent of global
data center electricity growth through 2030. In the United
States specifically, data centers are projected to add roughly 240
terawatt-hours of demand between 2024 and 2030 — a 130 per-
cent increase — pushing per-capita electricity consumption tied
to data centers from around 540 kilowatt-hours a year to more
than 1,200. China is projected to add roughly 175 terawatt-hours
over the same period, a 170 percent increase, while Europe and
Japan see smaller but still historically unusual growth of 70 and
80 percent, respectively. According to some 2026 estimates,
data centers already accounted for around 4 percent of total
U.S. electricity consumption, and in states where data center
construction has concentrated most heavily, residential electricity
rates have risen by as much as 267 percent over five years —
a figure frequently cited by opponents of new projects, and
disputed in its specifics by utilities and developers, but broadly
reflective of real upward pressure on rates in data-center-heavy

regions.
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Why this is a genuinely hard engineering and regulatory
problem, not just a big number. Electrical grids are built and
planned on multi-year to multi-decade timescales: new high-
voltage transmission lines can take the better part of a decade to
permit and build, and new power plants — especially large ones
— take years as well. Al data center developers, by contrast, are
trying to move from site selection to full operation in 18 months
to three years. That mismatch has produced a distinctive set
of workarounds that have become common across the industry
by 2026: developers signing agreements to build or fund new
“behind the meter” power generation directly at or near their sites,
rather than waiting for a utility to deliver grid power; utilities
creating new large-load tariff categories that require data center
customers to pay a larger share of the infrastructure costs their
demand creates, partly to protect ordinary residential ratepayers
from subsidizing the buildout; and, notably, several instances
of Al companies temporarily running on-site gas turbines —
sometimes described by critics as effectively unpermitted power
plants — to bridge the gap between a facility’s completion and

its permanent grid connection.

Grid reliability concerns. Beyond the question of whether
enough electricity exists in aggregate, grid operators have raised
a more specific concern: Al training and inference workloads
can create unusually “spiky” electricity demand, as thousands
of chips across a campus start or stop computing within mil-
liseconds of each other, in a way that ordinary industrial loads
typically do not. Grid operators including those overseeing large
regional transmission systems in the United States have begun

studying and, in some cases, requiring new technical safeguards
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— such as on-site batteries to smooth these swings — specifically
to prevent Al data center load fluctuations from destabilizing the
broader grid.

The upside case. It is worth noting that the picture is not univer-
sally negative from a grid perspective. Some utilities and state
regulators have argued that data center demand, if properly struc-
tured with large-load tariffs that make data center operators pay
their fair share of new infrastructure, can help spread the fixed
costs of grid modernization across a larger base of demand, po-
tentially lowering costs for other ratepayers over the long run, and
can provide the sustained, creditworthy demand needed to justify
long-overdue transmission and generation investment. Whether
that upside case materializes broadly, or whether data centers in-
stead become a net cost imposed on ordinary electricity customers,
is playing out differently state by state, and is a central thread in
the community-impact discussion in Chapter 9 and the policy dis-

cussion in Chapter 12.

Given how binding the electricity constraint has become, it is lit-
tle surprise that the industry’s response has not been limited to
negotiating with existing utilities. Increasingly, Al data center de-
velopers are trying to build — or contract for — their own power
generation directly. That shift, and especially its most dramatic
expression, a renewed embrace of nuclear power, is the subject of

the next chapter.
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Chapter 8: Going Nuclear —
Reactors, Gas Turbines, and
the Search for Clean, Firm

Power

Faced with grid interconnection queues that can stretch years and
utilities unable to promise gigawatt-scale power on the timelines
Al developers want, the largest technology companies have
turned, somewhat unexpectedly, to an energy source most of

them had shown little interest in for decades: nuclear power.

Why nuclear, and why now. Nuclear power has two properties
that make it particularly attractive for Al data centers specifically,
beyond its climate advantages. First, it is “firm” power — avail-
able essentially around the clock, unlike solar and wind, which
is important for facilities that need to run continuously at near-
full capacity to justify their enormous capital cost. Second, exist-
ing nuclear plants represent an unusually fast way to secure large
amounts of new firm capacity, because the generation infrastruc-

ture already exists; a data center operator can sign a power pur-
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chase agreement for output from an existing reactor, or fund the
restart of a previously shuttered one, far faster than a new plant

of any kind could be permitted and built from scratch.

Notable deals. Microsoft signed an agreement with Constella-
tion Energy to restart Three Mile Island’s undamaged reactor unit
(rebranded the Crane Clean Energy Center) specifically to sup-
ply its data centers, part of a broader relationship that by 2026
involved commitments on the order of nearly 1,920 megawatts of
nuclear capacity. Amazon, Google, and Meta have each signed
their own nuclear agreements, spanning both existing large reac-
tors and, especially, early-stage investments in small modular re-
actors (SMRs) — a newer class of nuclear technology built at
a fraction of the size of a conventional reactor, designed to be
manufactured in standardized factory-built units and assembled
on site more quickly and, proponents argue, more cheaply than
traditional nuclear construction. Amazon has invested directly in
SMR developer X-energy; Google has signed agreements with
Kairos Power; Meta has pursued both existing large reactor ca-

pacity and SMR development agreements of its own.

The reality check on timelines. It is important to be candid about
a mismatch that runs through nearly all of these deals: SMR tech-
nology, while promising, remains largely unproven at commer-
cial scale as of 2026 — no U.S. SMR design had completed com-
mercial deployment — meaning that most of these agreements
are bets on capacity that will not actually be available for years,
in some cases well into the 2030s, even as the data centers they
are meant to power are being built now. In the interim, the com-

panies rely on a mix of existing nuclear power purchase agree-
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ments, renewable energy paired with battery storage, and — the
least popular option publicly, but among the fastest to deploy —
natural gas turbines, including units originally designed for other
purposes and rapidly repurposed or newly ordered specifically for

data center backup and bridge power.

Gas as the practical bridge. Despite the nuclear headlines, natu-
ral gas has in practice been the more immediate answer for many
projects, precisely because gas turbines can be manufactured, de-
livered, and brought online far faster than either new nuclear or
new large-scale renewable-plus-storage projects. This has created
friction with climate commitments that several of the largest tech-
nology companies had made earlier in the 2020s; multiple hyper-
scalers have quietly adjusted the language of their public climate
goals since 2023 to accommodate a nearer-term reliance on gas-
fired power that would have been considered incompatible with

those goals a few years earlier.

The broader energy-policy ripple effects. The scale of Al data
center demand has begun to reshape energy policy well beyond
the companies directly involved. Ultility regulators in several
U.S. states have opened dedicated proceedings to address how
the costs of new generation and transmission built specifically
to serve data centers should be allocated between data center
operators and ordinary ratepayers. At the federal level, both
major U.S. political parties have expressed support for expand-
ing nuclear power generation, partly on national-security and
Al-competitiveness grounds, representing one of relatively few
areas of overlapping bipartisan interest in an otherwise polarized

energy policy landscape. Whether this translates into faster
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nuclear permitting and construction in practice — historically
one of nuclear power’s most persistent challenges in the United

States — remained an open question through 2026.
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Chapter 9: Water, Heat, and
the Neighbors — The Local
Cost of a Global Race

Every chapter so far has looked at the Al data center buildout from
the outside in — money, chips, electricity. This chapter looks at

it from the perspective of the people who live next door.

Why data centers need water. As explained in Chapter 3, the
enormous heat generated by densely packed AI chips is often
removed using liquid cooling systems that ultimately reject that
heat into the atmosphere through evaporation, typically via large
cooling towers. This makes many data centers — especially the
largest Al campuses — substantial water consumers. Estimates
vary by facility design and climate, but industry researchers have
found that a single large data center can consume up to 5 million
gallons of water a day, roughly comparable to the daily water use
of a city of 50,000 people, while even a mid-sized facility can ri-
val the water footprint of a small town. In parts of the country
experiencing drought or already-stressed aquifers, this has turned

water allocation into one of the most contentious single issues in
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local data center fights.

Documented local impacts. These are not abstract concerns. In
Newton County, Georgia, residents near a Meta data center built
in 2018 reported damaged wells and rising municipal water costs
tied to the facility’s water use — an early and frequently cited case
study in subsequent local opposition campaigns elsewhere. Re-
porting on the broader wave of 2026-era projects has documented
similar patterns of resident complaints: contaminated or depleted
well water, damaged septic systems, and rising local water and
electricity rates in communities hosting new Al data center cam-

puses.

The scale of organized opposition. What began around 2024
as scattered, local zoning disputes had, by 2026, become a nation-
ally coordinated political movement. On a single day in July 2026,
organizers reported roughly 142 separate protests across 42 U.S.
states opposing data center construction. More than 300 cities,
towns, and counties across the country had by that point imposed
outright bans or temporary moratoriums on new data center devel-
opment, including jurisdictions such as Monterey Park, Califor-
nia; DeKalb County, Georgia; and Jefferson County, Pennsylva-
nia. In Coweta County, Georgia, opposition to a single proposed
4.9-million-square-foot facility known as “Project Sail” produced
a grassroots Facebook organizing group, “Stop Project Sail,” that
grew past 8,000 members and coordinated petition drives and le-

gal challenges against local government approval of the project.

Political response. The scale of local opposition has begun
to translate into state-level policy. New York Governor Kathy

Hochul signed a moratorium affecting new hyperscale data center
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development in July 2026, and by late summer 2026 legislators
in Pennsylvania, Michigan, and South Carolina were considering
similar measures. According to industry tracking cited in
mid-2026 reporting, roughly 75 major data center projects worth
a combined $130 billion had been delayed or canceled earlier in
the year as a direct result of local and state-level opposition —
a striking figure given how central uninterrupted construction
speed is to the competitive logic described in Chapter 6. Public
opinion research from that period reinforced the political salience
of the issue: a Reuters poll found only about a third of Americans
approved of the current pace of data center construction, and
only 14 percent said they would be comfortable having a large

data center built near their own home.

Industry responses. Facing this backlash, developers and
hyperscalers have adopted a range of mitigation strategies, with
uneven results. Some companies have committed to “water
positive” pledges — funding water restoration or efficiency
projects elsewhere intended to offset a facility’s consumption —
and have shifted toward air-cooled or hybrid cooling designs,
and toward “closed-loop” liquid cooling systems that recirculate
coolant rather than continuously evaporating fresh water, in each
case trading off somewhat higher electricity use or capital cost
for reduced water impact. Some companies, including Google,
have pushed for industry-wide water-use reporting standards,
partly, critics say, to get ahead of pending state legislation that
would otherwise impose stricter or less flexible requirements.
Trade groups have also begun coordinated public-relations and
community-engagement campaigns — offering local infrastruc-

ture investments, jobs commitments, and direct payments to host
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communities — aimed at rebuilding public support project by
project, an effort several industry publications had, by late 2026,
begun describing candidly as a fight the industry was at real risk
of losing in the court of public opinion if it did not change its

approach.

The most speculative response: leaving Earth’s grid entirely.
Partly in response to the mounting difficulty of securing land, wa-
ter, and power on Earth, a small but growing niche of technolo-
gists, aerospace firms, and even national governments has begun
seriously exploring an idea that would have sounded like pure
science fiction only a few years earlier: building Al data centers
in orbit. As AI World Journal detailed in a January 2026 fea-
ture on the concept, the appeal is a genuine engineering logic,
not just novelty. A data center in low Earth orbit could draw
on solar power that is available essentially continuously, unbro-
ken by weather or the day-night cycle that limits terrestrial so-
lar, and could reject waste heat directly into the vacuum of space
through radiative cooling — without consuming a drop of water
or requiring a single power line. Early proposals envision small,
modular, radiation-hardened computing clusters launched in the
2026-2028 window and connected by laser-based inter-satellite
links, with proponents sketching a longer-term future, stretching
toward the early 2030s, in which orbital compute becomes both
a meaningful complement to Earth-based Al infrastructure and,
more speculatively, a geopolitical asset that nations compete to
establish “reserves” of, much as they do with more conventional

strategic resources today.

The obstacles are substantial and, as of 2026, unresolved: launch
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costs remain high even with reusable rockets; radiation-hardened
chips lag several generations behind the cutting-edge hardware
available on the ground; on-orbit maintenance and repair would
require robotics and autonomy that do not yet exist at the neces-
sary scale; and the physics of getting large volumes of data to and
from orbit fast enough imposes real bandwidth and latency limits.
For now, space-based Al computing is best understood not as an
imminent alternative to the terrestrial buildout described through-
out this book, but as a serious long-horizon research bet — one
more sign of just how binding Earth’s land, water, and power con-
straints have become that serious people are willing to consider
launching the alternative into orbit.

40



Chapter 10: Circular Deals
and the Bubble Question

No chapter in this book generates more disagreement among in-
formed observers than this one: is the Al data center buildout a
sound, if aggressive, bet on a genuinely transformative technol-
ogy, or is it — in whole or in part — a speculative bubble inflated

by companies financing each other’s demand?

What a “circular deal” is. A circular, or “round-trip,” financ-
ing arrangement in this context generally refers to a structure in
which two or more companies each invest in, lend to, or com-
mit to purchase from one another in ways that make it difficult to
tell how much of the underlying economic activity reflects gen-
uine external demand versus companies effectively manufactur-
ing each other’s revenue. The clearest example widely discussed
in 2026 involves Nvidia, OpenAl, Oracle, and Microsoft: Nvidia
has committed to invest tens of billions of dollars in OpenAl; Ope-
nAl has committed to purchase enormous quantities of compute
capacity, chips, and cloud services from Oracle and Microsoft,
worth hundreds of billions of dollars over the life of the agree-

ments; Oracle, in turn, purchases the chips it needs to build that
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capacity from Nvidia; and Microsoft holds a substantial equity
stake in OpenAl itself. Money and commitments flow in a loop
among a small number of counterparties, each transaction rein-

forcing the appearance of demand for the others.

Why this concerns some analysts. The core worry is not that
any single deal in this network is improper — each transaction,
in isolation, may reflect a genuine commercial exchange of value.
The worry is aggregate and structural: if a meaningful share of
the revenue growth being reported across the Al infrastructure
ecosystem depends on a small number of companies continuing
to commit ever-larger sums to one another, rather than on inde-
pendent, external demand from a broad base of paying customers,
then the entire structure could be considerably more fragile than
headline revenue figures suggest — vulnerable to a single major
participant slowing its commitments, defaulting, or simply fail-
ing to grow into the revenue it has promised. Legal and financial
analysts had, by mid-2026, begun publicly flagging emerging lit-
igation and disclosure risk associated with these financing struc-
tures, and some of the most eye-catching individual commitments
— including OpenAlI’s infrastructure obligations, reported in ag-
gregate to be worth as much as $1.5 trillion over time — rest on
revenue assumptions for OpenAl’s own business that would re-

quire it to grow far beyond its current scale.

The Oracle-OpenAl relationship as a case study. The roughly
$300 billion multi-year cloud-computing agreement between Or-
acle and OpenAl, announced in 2025, became one of the most
closely scrutinized deals in the industry by 2026, both because of

its sheer size relative to Oracle’s own existing business, and be-
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cause of periodic reports — at times disputed by Oracle itself —
of delays or renegotiation in the underlying data center construc-
tion meant to support it. Whatever the specific resolution of any
individual dispute, the episode illustrated a broader dynamic: the
entire Al infrastructure buildout increasingly rests on a small num-
ber of extremely large, long-duration contractual commitments
between a handful of counterparties, any one of which materially
failing to perform as promised would ripple across the balance

sheets of several major companies simultaneously.

The counterargument. Defenders of the current pace of invest-
ment make several points in response. They note that underlying
demand for AI products — measured in usage of tools like
ChatGPT, Gemini, and Claude, and in enterprise adoption of
Al features across software products — has continued to grow
rapidly and, in the view of the companies building this infrastruc-
ture, is still supply-constrained: in other words, the companies
argue they could sell more Al computing capacity than they cur-
rently have, not less, and that the real risk is under-building rather
than over-building. They also point out that circular-seeming
financing arrangements are not unique to Al, and have appeared
in other capital-intensive industries — telecommunications,
energy, semiconductors — during periods of rapid infrastructure
buildout, without always presaging collapse; strategic partners
investing in and buying from one another can reflect genuine,
rational alignment of incentives among companies that need each

other to succeed, not manufactured demand.

What would resolve the disagreement. Ultimately, whether the

“bubble” framing or the “supply-constrained, rational investment”
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framing turns out to be closer to correct will depend on facts not
yet fully known as of 2026: whether Al products generate rev-
enue and profit growth for the broad base of companies and con-
sumers using them commensurate with the capital spent building
the infrastructure behind them, whether AI model capability con-
tinues to improve enough to justify continued heavy investment
in ever-larger training runs, and whether the debt and equity mar-
kets financing this buildout remain willing to keep funding it if
any of the largest participants stumble. Investors, regulators, and
the general public are, in effect, watching this experiment run in
real time, with the answer likely to become clearer only over the

several years following this book’s publication.
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Chapter 11: Chips and
Borders — The Geopolitics

of Compute

Advanced Al chips have become, alongside oil and rare earth min-
erals, one of the defining strategic resources of the current decade
— and unlike those older resources, the world’s supply is even

more geographically concentrated.

The Taiwan chokepoint. As Chapter 4 explained, the over-
whelming majority of the world’s most advanced AI chips —
those made by Nvidia, AMD, and the hyperscalers’ custom
silicon — are physically manufactured by Taiwan Semicon-
ductor Manufacturing Company (TSMC), on the island of
Taiwan, whose political status remains one of the most sensitive
flashpoints in U.S.-China relations. This concentration means
that the entire global Al industry has an acute, structural interest
in the continued peace and stability of the Taiwan Strait, and
it is a central reason U.S. policymakers across administrations
have treated semiconductor policy and Taiwan policy as closely

linked. It has also driven a major, multi-year push — backed
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by U.S. subsidies under the CHIPS Act and by TSMC’s own
enormous investments in new fabrication plants in Arizona —
to build a meaningful amount of advanced chip manufacturing
capacity outside Taiwan, though even the most optimistic
timelines for that diversification stretch out over many years, and
Taiwan is expected to remain the dominant location for the most

cutting-edge manufacturing for the foreseeable future.

U.S. export controls. Beginning in 2022 and tightened repeat-
edly since, the United States has restricted the export of its most
advanced Al chips, and the equipment used to manufacture them,
to China, citing national security concerns about China’s military
and intelligence use of advanced Al. These controls have evolved
through multiple rounds of tightening and, at times, selective loos-
ening — including periods in which the U.S. government permit-
ted Nvidia to sell specifically downgraded, export-compliant ver-
sions of its chips to the Chinese market, then revisited those per-
missions — reflecting an underlying policy tension between deny-
ing China military-relevant Al capability and preserving Ameri-
can chipmakers’ access to a large commercial market, since lost
sales in China both reduce U.S. company revenue and, some crit-
ics argue, spur China to accelerate its own domestic chip industry

rather than remaining dependent on U.S. suppliers.

China’s response. China has pursued a two-track response: ac-
celerating domestic chip design and manufacturing, led by compa-
nies including Huawei (chip design) and SMIC (manufacturing),
while also restricting exports of its own critical inputs to the global
chip industry, particularly certain rare earth elements and process-

ing capabilities in which China holds a dominant global market
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position, giving it its own source of leverage in the standoff. By
2026, analysts describing this dynamic frequently used the term
“bifurcation” to describe a global AI hardware ecosystem increas-
ingly splitting into two largely separate technology stacks — one
built around U.S. chips, software, and cloud platforms, the other
around Chinese alternatives — with most of the rest of the world’s
governments and companies forced to choose, to varying degrees,
which stack to align with. Chinese domestic chips generally re-
mained a generation or more behind the most advanced U.S. de-
signs as of 2026, but had improved fast enough, and China’s own
Al models had grown capable enough using a mix of domestic
and legacy hardware, that U.S. policymakers and industry ana-
lysts increasingly described the export-control strategy’s success
as genuinely uncertain rather than a settled fact — some analysts
went so far as to call elements of the policy “strategically incoher-
ent,” arguing it had accelerated Chinese self-sufficiency without

durably slowing Chinese Al progress.

Sovereign Al and the rest of the world. Countries outside the
U.S.-China rivalry have increasingly pursued what is commonly
described as “sovereign AI” — building or securing domestic ac-
cess to Al computing infrastructure, models, and data rather than
depending entirely on foreign providers, out of a mix of economic
ambition, national security concern, and a desire for cultural and
linguistic self-determination in the AI systems their citizens use.
Gulf states, particularly the United Arab Emirates and Saudi Ara-
bia, have made some of the most aggressive moves in this direc-
tion, committing tens of billions of dollars toward Al data center
development, frequently in partnership with U.S. companies (in-

cluding specially negotiated arrangements permitting the export
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of advanced U.S. chips to the region under conditions intended to
prevent onward transfer to China) as these governments seek to
position themselves as Al infrastructure hubs bridging the West-
ern and Asian technology worlds. The European Union, Japan,
India, and other governments have pursued their own, generally
more modest, sovereign Al infrastructure initiatives, often com-
bining public investment with partnerships involving the same
handful of American hyperscalers and chipmakers that dominate
the rest of this story — underscoring how, geopolitics and export
controls notwithstanding, the Al infrastructure buildout remains
an overwhelmingly American-led enterprise as of 2026, with a

small handful of countries seriously contesting that position.
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Chapter 12: Jobs, Tax
Breaks, and the Fight Over
Who Benefits

Beneath the geopolitics and the trillion-dollar capital markets,
the Al data center buildout is also a local economic-development
story, playing out county by county and state by state — and it is
here that the gap between the industry’s promises and its critics’

complaints is widest.

The jobs case, and its limits. Data center construction genuinely
does create substantial short-term employment: a single large
campus can employ thousands of construction workers — elec-
tricians, pipefitters, ironworkers, and general laborers — over a
multi-year build. That construction employment is real, often
unionized, and welcomed by local trades. The complication
comes after construction ends: once operational, a modern
Al data center is one of the most capital-intensive, labor-light
facilities in the entire economy. A gigawatt-scale campus that
employed thousands during construction may permanently em-

ploy only a few hundred people — largely technicians, security
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staff, and facilities engineers — once it is up and running. This
mismatch between enormous capital investment and modest
permanent employment has become one of the central points of

contention in the local tax-incentive debates described below.

The tax break question. Because data centers are enormously
capital-intensive but employ relatively few permanent workers,
and because their equipment (servers and chips) depreciates and
needs replacement every few years, state and local governments
across the country have competed to offer them extraordinarily
generous tax incentives — most commonly exemptions from
sales tax on equipment purchases and property tax abatements —
in order to win the construction investment and the associated
one-time economic activity, as well as the ongoing (if modest,
relative to the facility’s value) local tax base a data center does
eventually provide. These deals have drawn increasing public
scrutiny and, in some well-publicized cases, outright ridicule:
one widely reported case in New York examined a data center
project receiving a tax break valued at an estimated $77 million
in exchange for the creation of a single permanent job, an
extreme example that nonetheless captured a broader pattern
critics had identified across many states. In Pennsylvania, a
state-level data center tax exemption originally justified as an
economic-development and job-creation measure was projected
by state fiscal analysts to cost the state on the order of $2 billion
in lost revenue, prompting bipartisan reconsideration of the

policy.

The state-by-state reckoning. By 2026, a genuine divide had

opened among U.S. states: some continued to compete aggres-
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sively for data center investment through generous incentive pack-
ages, viewing the construction spending, utility infrastructure in-
vestment, and modest permanent tax base as worthwhile even
given the incentive cost; others, facing the local backlash docu-
mented in Chapter 9 and mounting evidence that incentive costs
were exceeding the direct local economic benefit, began scaling
back or eliminating data-center-specific tax breaks, and in some
cases layering on new requirements — for water-use disclosure,
for a minimum ratio of permanent jobs to tax incentive dollars, or
for developers to bear a larger share of the cost of grid upgrades
their facility required — that earlier-generation deals had not in-
cluded.

Who actually captures the value. Perhaps the deepest critique
leveled at the current wave of Al data center development is less
about any single incentive deal and more about the overall dis-
tribution of costs and benefits: the companies building and op-
erating these facilities, and their shareholders, capture most of
the direct financial upside from the AI products these data cen-
ters enable, while a meaningful share of the costs — rising elec-
tricity rates, strained water systems, road and infrastructure wear
from construction traffic, and the loss of land to industrial devel-
opment — falls on host communities and, more broadly, on elec-
tricity ratepayers who may derive little direct benefit from the Al
products being trained and run nearby. This asymmetry between
concentrated benefit and diffused cost is a familiar pattern in the
history of large infrastructure projects, from railroads to pipelines
to mining, and it is the underlying grievance driving much of the
political organizing described in Chapter 9 — one that state and

local policymakers were, by 2026, only beginning to seriously
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grapple with.
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Chapter 13: Efficiency,
Sovereign Al, and What

Comes Next

Every constraint described in this book so far — money, chips,
electricity, water, political tolerance — points toward the same
underlying question: can the industry keep growing at anything
like its current pace, and if the pace slows or changes shape, what
does that look like?

The efficiency frontier. A recurring theme across the chip, cool-
ing, and power chapters of this book is that raw scale is not the
industry’s only lever; efficiency — computing performance de-
livered per dollar, per watt, and per gallon of water — is be-
coming just as important a competitive battleground, precisely
because land, power, and water are increasingly the binding con-
straints rather than capital. This has accelerated research and in-
vestment into several technologies still maturing as of 2026: more
advanced liquid and immersion cooling designs that further re-
duce water consumption; software techniques (including smaller,

more specialized models, and more efficient methods of running
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inference) that reduce the amount of computing power required to
deliver a given amount of useful Al capability; and, at the more
experimental end, photonic or optical computing approaches that
use light rather than electrical signals to move data between chips,
promising substantial reductions in the energy lost to moving data
around inside a data center — an area that had, by 2026, become
a significant focus for both venture capital and government re-
search funding as traditional chip scaling began showing visible

signs of slowing.

Sovereign Al, revisited. As discussed in Chapter 11, a growing
number of countries are pursuing “sovereign AI” strategies aimed
at reducing dependence on a small number of American (and, to
a lesser extent, Chinese) Al infrastructure providers. Over the
coming years, this is likely to produce a more geographically dis-
tributed, and more politically fragmented, global Al infrastruc-
ture map than the current heavily U.S.-concentrated picture —
though the underlying chip supply chain, dominated by Nvidia
and TSMC, is likely to remain a common dependency running
underneath most of these efforts for years to come, regardless of

where the data centers themselves are physically located.

The most speculative frontier: leaving the ground entirely.
Chapter 9 introduced the emerging, still-speculative idea of Al
data centers in orbit, born directly out of the terrestrial constraints
— land, water, power, and now political opposition — docu-
mented throughout this book. It is worth revisiting here as part of
the industry’s longer-run trajectory, because the underlying logic
(push computing infrastructure to wherever energy and space are

cheapest and least contested) is the same logic that has driven
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data centers from city centers to rural power-plant-adjacent sites
over the past decade; orbit is, in a sense, simply the next available
frontier once terrestrial sites become sufficiently constrained.
Serious proposals discussed in industry and aerospace circles
envision small, radiation-hardened, solar-powered computing
clusters reaching orbit before the end of this decade, with the
technology remaining, for now, suited only to specific high-value
workloads — rather than a wholesale replacement for the terres-
trial buildout — given the persistent challenges of launch cost,
hardware durability, and data bandwidth back to Earth. Whether
this remains a genuine long-term direction for the industry or
turns out to be a technologically interesting dead end will likely

become much clearer within the next five to ten years.

Consolidation and shakeout risk. Given the concerns raised in
Chapter 10 about circular financing and the sustainability of cur-
rent spending levels, many analysts expect at least some degree of
consolidation or shakeout among the newer, more thinly capital-
ized infrastructure providers — companies whose entire business
model depends on continued, uninterrupted growth in Al com-
pute demand and continued access to cheap financing — even if
the largest, most diversified hyperscalers weather any slowdown
comfortably given their broader, profitable core businesses. A
slowdown or correction, if it comes, is more likely to resemble
the aftermath of the late-1990s telecom fiber buildout — painful
for overextended players, but leaving behind infrastructure that a
next wave of demand eventually grows into — than a wholesale
collapse of the underlying technology’s usefulness, though rea-
sonable, well-informed observers disagree sharply on how confi-

dent anyone can be in that comparison.
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The most likely near-term picture. Taking the chapters of this
book together, the most defensible near-term forecast is not a
single, clean narrative but a combination of trends running si-
multaneously: continued, very large capital spending by the best-
capitalized hyperscalers, even as some smaller and more lever-
aged participants face real financial stress; continued, intensifying
local political friction over specific projects, alongside continued
state-level policy experimentation to address it; a genuine, sus-
tained industry push toward better efficiency across chips, cool-
ing, and power; and an unresolved, high-stakes competition with
China over the hardware and standards that will underpin Al sys-
tems worldwide for years to come. None of these threads is likely

to resolve neatly or quickly.
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Chapter 14: Conclusion —
Living Beside the Machine

It is tempting, faced with the numbers in this book — hundreds
of billions of dollars a year, gigawatts of electricity, millions of
gallons of water, trillions of dollars in cumulative forecasts — to
reach for a single verdict: that the Al data center buildout is either
an unambiguous economic triumph, delivering the infrastructure
behind a genuinely transformative technology, or an unambigu-
ous excess, a bubble inflating on borrowed money and circular
deals that will eventually burst and leave stranded assets and dam-

aged communities in its wake.

The honest answer, based on everything laid out in the preceding
chapters, is that both things can be true in different measure, in
different places, for different participants, at the same time. The
underlying technology — Al models capable of writing software,
analyzing documents, answering questions, and increasingly per-
forming complex multi-step tasks — is real and continuing to im-
prove, and the demand for computing power to train and run it is
not manufactured out of nothing. At the same time, the pace, fi-

nancing structure, and local execution of the buildout meant to
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serve that demand carry genuine risks: financial risks concen-
trated among a smaller set of companies and investors than the
headline dollar figures might suggest, environmental and infras-
tructure costs that have fallen disproportionately on specific host
communities rather than being broadly shared, and a geopolitical
contest over chips and manufacturing capacity whose resolution

nobody can yet confidently predict.

What seems clear is that the physical infrastructure question —
not the software, not the models, but the buildings, the chips, the
power plants, the water systems, and the communities around
them — has become inseparable from the Al story itself. For
years, the public conversation about artificial intelligence focused
almost entirely on what the software could do: what it could write,
what it could answer, what jobs it might change or replace. That
conversation has not gone away, but it now runs alongside a sec-
ond one, just as consequential, about where all of this actually
happens: whose electricity gets used, whose water gets drawn
down, whose local tax base gets reshaped, whose town ends up
hosting a two-gigawatt building most of its residents will never

see the inside of.

Readers of this book are likely to encounter the Al data center
buildout from several different vantage points over the coming
years: as investors weighing whether the companies building this
infrastructure can grow into the spending they have committed
to; as employees or customers of companies increasingly built
around Al products whose usefulness depends directly on this in-
frastructure existing; as residents of communities being asked to
host, or already hosting, a facility of the kind described through-
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out this book; and simply as citizens of a world where electricity
rates, water policy, and international chip diplomacy are being
shaped, in no small part, by a technology that barely existed in its
current form five years before this book was written.

Whichever vantage point applies, the same underlying fact holds:
artificial intelligence, for all its abstraction as software running
invisibly in the cloud, ultimately runs on physical machines, in
physical buildings, drawing physical electricity and physical wa-
ter, built by physical construction workers, financed with real
money that has to come from somewhere and eventually be paid
back. Understanding that physical layer — the Al factory behind
the chatbot — is no longer optional context for understanding ar-

tificial intelligence. It is, increasingly, the main story.
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Glossary of Terms

Accelerator (Al accelerator): A chip designed specifically to
speed up the mathematical operations used in Al training and in-
ference, as opposed to a general-purpose CPU. GPUs are the most
common type of Al accelerator; TPUs, Trainium, and Maia are

examples of custom accelerators built by hyperscalers.

Behind-the-meter power: Electricity generation built directly at
or adjacent to a facility, feeding it without passing through the
public grid — used by data center developers to bypass slow grid

interconnection timelines.

Capex (capital expenditure): Money a company spends to ac-
quire, build, or upgrade long-term physical assets, such as data

centers, chips, and servers, as distinct from operating expenses.

CUDA: Nvidia’s proprietary software platform that allows devel-
opers to program its GPUs for general-purpose computing tasks,
including AI. Widely credited as a major source of Nvidia’s com-

petitive advantage beyond its hardware alone.

Foundry: A company that manufactures chips designed by other
companies. TSMC is the world’s dominant foundry for advanced
Al chips.
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GPU (graphics processing unit): A chip originally designed for
rendering video game graphics, now the dominant type of hard-
ware used for training and running Al models due to its ability to

perform many parallel mathematical calculations simultaneously.

Hyperscaler: A large cloud computing company operating data
centers at a massive scale, typically referring to Microsoft, Ama-

zon (AWS), Google, and, in some usage, Meta and Oracle.

Inference: The process of running an already-trained Al model
to generate an output — such as answering a question or gener-
ating an image — as opposed to training, which is the process of

creating the model in the first place.

Interconnection queue: The waitlist and technical review pro-
cess a power generation or large electricity consumer must go
through to connect to the electrical grid, often a major source of

delay for new data centers.

Large-load tariff: A special electricity pricing structure some
utilities have created specifically for very large customers like
data centers, often requiring them to pay a greater share of the

infrastructure costs their demand creates.

Liquid cooling: Cooling systems that use circulating liquid
(rather than air) to remove heat from computer hardware,

necessary for the high power densities of modern Al chip racks.

Merchant market: In the chip industry, refers to chips sold on
the open market to any buyer, as opposed to chips designed and
used exclusively in-house by the company that made them (such
as Google’s TPUs).
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Power purchase agreement (PPA): A long-term contract in
which a buyer (such as a data center operator) agrees to purchase
electricity from a specific generator (such as a nuclear plant or

wind farm) at an agreed price.

Scaling laws: The empirically observed relationship, central to
the AT industry’s strategy since around 2020, in which AT model
performance improves in a predictable way as the amount of train-
ing data, model size, and computing power used to train it in-

creases.

Small modular reactor (SMR): A class of nuclear reactor design,
generally under 300 megawatts, intended to be manufactured in
standardized factory-built units for faster and cheaper deployment
than traditional large nuclear plants. Mostly still in development

or early deployment as of 2026.

Sovereign AI: A strategy pursued by national governments to
build or secure independent access to Al computing infrastructure,
models, and data, reducing reliance on foreign (typically Ameri-

can or Chinese) providers.

TPU (Tensor Processing Unit): Google’s custom-designed Al
accelerator chip, used internally and increasingly sold via Google
Cloud.

TSMC (Taiwan Semiconductor Manufacturing Company):
The world’s largest and most advanced dedicated chip foundry,
based in Taiwan, which manufactures the majority of the world’s
most advanced Al chips for companies including Nvidia and
AMD.
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Notes and Sources

This book draws on public reporting, company disclosures, and in-
dustry and government research current through September 2026.
Figures describing an industry moving as quickly as this one are
best treated as snapshots rather than permanent facts; readers seek-
ing the latest numbers should consult primary sources directly.

Key sources referenced by chapter include:

Capital spending and financial figures: Hyperscaler quar-
terly earnings disclosures and coverage including Yahoo
Finance/Reuters reporting on 2026 hyperscaler capex (“Hyper-
scalers Hit $700 Billion in 2026 AI Spending Plans”; “Meta,
Microsoft, Amazon, and Alphabet are about to spend a shocking
amount of money”); McKinsey & Company, “The $7 trillion
race for Al data center infrastructure”; Axis Intelligence, “Al
Data Center Forecast 2030.”

Electricity demand: International Energy Agency, “Energy De-
mand from AI” (Energy and Al report series); Gartner press re-
lease on 2026 data center electricity growth; Axis Intelligence,
“Al Data Center Statistics 2026.”

Largest facilities: Epoch Al, “Largest Al Data Centers by Power
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Capacity” and associated dataset (epoch.ai/data/ai-data-centers).

Chip market share: Axis Intelligence, “Nvidia GPU Market
Share 2026,” based on company SEC filings.

Nuclear and energy deals: IEEE Spectrum, “Big Tech Embraces
Nuclear Power to Fuel AI and Data Centers”; industry tracking
via smrintel.com and enkiai.com on hyperscaler nuclear power

purchase agreements.

Community impact and backlash: TIME, “Community Back-
lash to AI Data Centers Is Growing Across the U.S.” (July 2026);
Al World Journal, “Al Data Centers in Space: The Next Infras-
tructure Frontier” (January 2026); CNBC and Axios coverage of
the 2026 tech/data-center backlash.

Circular financing and bubble concerns: Bloomberg, “Al Cir-
cular Deals: How Microsoft, OpenAl and Nvidia Keep Paying
Each Other”; Quinn Emanuel client alert on emerging litigation
risk in Al data center financing; reporting on the Oracle-OpenAl

infrastructure agreement.

Geopolitics and export controls: Congressional Research Ser-
vice report on U.S. export controls and Chinese semiconductors;

Council on Foreign Relations commentary on chip export policy.

Tax incentives and local economic impact: NY Focus, report-
ing on New York data center tax incentive deals; Spotlight PA
and WFMZ reporting on Pennsylvania’s data center tax exemp-
tion; Stateline, “Data center tax breaks are on the chopping block

in some states.”

This book is an independent synthesis and analysis and is not af-
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filiated with, endorsed by, or produced on behalf of any company

or organization discussed within it.
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