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Abstract

The rapid expansion of artificial intelligence (AI) is accelerating data center construction and
creating downstream implications for households. This study examines how Al-era data
center costs (comprising construction, energy, water, grid upgrades, cooling, and lifecycle
management) move through service supply chains and affect household prices in healthcare,
transportation, education, banking, and commerce. It also considers the productivity and
welfare benefits that Al may transmit. This study identifies four pass-through channels:
utility-rate socialization of energy costs, cloud-platform pricing, sectoral pass-through from
Al-adopting industries, and indirect effects through supply chains and labor markets. It
introduces the Al-inflated net good basket, defined as transmitted cost minus transmitted
benefit, to show how Al reshapes the overall net cost of household consumption rather
than simply inflating individual prices. The study develops the Al Infrastructure Net
Cost Pass-Through Model (AI-NCPM), a four-layer conceptual framework tracing net cost
flows from data center investment to sectoral allocation and household outcomes. The
model’s parameters are analytically specified but not empirically calibrated; numerical
examples are illustrative rather than representing estimated effects. Its main contribution
is an integrative framework linking cost pass-through, infrastructure cost socialization,
two-sided platform allocation, environmental externalities, and household expenditure
incidence within a single net-cost account. Because these effects originate in the design,
construction, energy and cooling systems, and lifecycle operation of data centers, the
analysis connects Al infrastructure economics to the built environment. The framework
suggests that low-income, minority, rural, older adult, and disability-affected households
may face disproportionate net burdens, as costs fall heavily on essential services while
benefits accrue more readily to affluent and digitally connected households.

Keywords: data center; artificial intelligence; Net Cost Pass-Through; two-sided platforms;
household affordability; net good basket; digital economy externalities

1. Introduction

As workloads grow rapidly, driven by machine learning, deep learning, and generative
models [1-3], the demand for data centers to process and store such workloads is rising
sharply [4,5]. Tech giants like Google, Amazon, Microsoft, Apple, and Meta are locked in an
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arms race to build hyperscale data centers that can keep pace with the Al boom [6]. These
facilities, often spanning hundreds of thousands of square feet and consuming electricity
on par with small cities, are the physical backbone of the Al revolution [7].

Yet, there is an overlooked link in the Al value chain: the connection between rapidly
growing Al demand, the physical infrastructure needed to support it, and the costs that are
ultimately borne by households. As tech firms pour billions into data center construction
and operation to gain an edge in the Al market, the costs of this digital arms race are
being absorbed, often invisibly, into the pricing of services that households rely on daily.
Moreover, this expansion may generate negative externalities—costs imposed on third
parties who did not choose to incur them [8]. Data center energy consumption, for example,
can strain local power grids and contribute to carbon emissions, while the water demands
of cooling systems can stress local water resources [5,7].

This study argues that the economics of Al cannot be fully understood without ex-
amining the infrastructure behind it, and that infrastructure transmits both costs and
benefits. As firms scale Al capabilities, data center development and operation create cost
pressures that extend beyond firms and utilities into household expenditures, even as
the same investment lowers the cost of many downstream services. This study examines
how the escalating costs of constructing, operating, and managing Al-era data centers
are transmitted through service supply chains and reflected in the prices households pay
for essential services across primary sectors (healthcare, transportation, education, bank-
ing, and commerce), and how a portion of Al's productivity and welfare gains is passed
back to those same households; so the household-relevant quantity is net cost, not cost
alone. Accordingly, the objectives are six-fold: (1) to quantify the scale of Al-driven data
center construction demand; (2) to analyze data centers’ operational cost structure; (3) to
map the cost and benefit transmission mechanisms and their net incidence on two-sided
platforms—to household service pricing; (4) to develop a conceptual ‘Al Infrastructure Net
Cost Pass-Through Model’; (5) to assess net equity impacts across household segments;
and (6) to identify sustainability and policy implications. Framed this way, the Al-era data
center is treated as a distinct building typology whose design, construction, energy and
cooling systems, siting, and full lifecycle are the physical origin of the economic effects
traced in this study. The pass-through cascade developed below does not begin in the
abstract space of markets; it begins with concrete decisions in the built environment—how
these facilities are planned, engineered, powered, and eventually decommissioned—and it
is these building- and infrastructure-scale choices that ultimately propagate into household
service prices. Positioning the analysis in this way connects the economics of Al infras-
tructure directly to the construction sector, infrastructure planning, and building lifecycle
concerns that are central to the scope of this journal.

Contribution and positioning. The primary contribution of this study is a new con-
ceptual framework (the AI Infrastructure Net Cost Pass-Through Model (AI-INCPM)) that
integrates five previously separate bodies of literature into a single, household-centric
account of net cost incidence. Work on cost pass-through has generally analyzed a single
price or sector; infrastructure cost socialization has focused on utility ratepayers rather than
the downstream household basket; the two-sided platform literature has modeled elasticity-
based allocation without connecting it to physical infrastructure costs; the environmental
externality literature has treated data-center impacts as a sustainability question rather
than a household-pricing one; and household expenditure-incidence research has rarely
traced burdens back to an upstream infrastructure origin. The novelty of the AI-NCPM
is not any one of these mechanisms in isolation but their unification: it links a physi-
cal building-and-infrastructure origin to a multi-channel, multi-sector cascade, applies
two-sided allocation at each intermediating platform, nets transmitted benefits against
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transmitted costs to define an Al-inflated net good basket, and embeds distributional vul-
nerability as a structural element rather than an afterthought. Three further contributions
follow from, and are subordinate to, this framework: (i) a policy-oriented synthesis that
organizes dispersed evidence on data-center costs, rate socialization, cloud pricing, and
affordability around a common structure; (ii) an analytical scaffolding; the parameterized
index form of Section 7; that specifies the quantities a future formal model of pass-through
would need to estimate; and (iii) a structured empirical research agenda identifying the
data and identification strategies required to calibrate the framework. The study does
not itself estimate pass-through elasticities or solve a structural equilibrium; its aim is to
provide the integrative conceptual architecture on which such work can build.

In doing so, it reintroduces the ‘good basket” concept in net terms (the idea that Al
is not just another item in the household consumption basket, but a force reshaping the
net cost of the basket itself, where net cost is transmitted cost minus transmitted bene-
fit) tracing Al’s footprint from silicon to sectoral service pricing. It further recognizes
that hyperscalers and the platforms that intermediate these flows are two-sided mar-
kets, so cost incidence is split between merchants and consumers rather than borne by
households alone.

The remainder of the study is structured as follows. Section 2 describes the research
design and analytical approach; Section 3 examines Al growth and data center expansion;
Section 4 analyzes the cost anatomy of Al-era data center development; Section 5 details
the cost and benefit pass-through mechanisms; Section 6 presents the household net good
basket perspective; Section 7 introduces the AI-NCPM framework, including its two-sided
platform treatment of net cost incidence; Section 8 outlines the limitations of the study; and
Section 9 offers conclusions and future research. It should be emphasized at the outset that
the AI-NCPM is developed here as a conceptual framework: its pass-through rates, benefit-
transmission parameters, and vulnerability weights are specified analytically and are not
yet calibrated or validated against empirical data, a limitation discussed and addressed as
a priority for future work.

2. Research Design and Analytical Approach
2.1. Research Questions and Study Type

The study is organized around three framework-oriented research questions: (RQ1)
how are Al-era data center capital and operational costs transmitted to household prices?
(RQ2) how are these costs, and Al’s offsetting benefits, distributed across household
segments with different expenditure patterns and benefit access? and (RQ3) what analytical
constructs are needed to make this transmission and allocation empirically estimable in
future work? Accordingly, the study is conceptual and theory-developing rather than
hypothesis-testing, producing a validated framework and testable research agenda rather
than parameter estimates.

2.2. Methodological Approach

The framework consists of four steps. First, five categories of literature (cost incidence
and tax-shifting, infrastructure cost socialization, two-sided platform pricing, environmen-
tal externalities, and household expenditure incidence) were reviewed to identify relevant
mechanisms and gaps. Second, these mechanisms were organized into a four-layer cascade:
cost origination, channel allocation, household transmission, and distributional weighting.
Third, each layer was formalized with defined inputs, outputs, and admissible ranges,
producing the index model. Fourth, worked scenarios demonstrated the framework’s
logic and identified quantities for future empirical measurement. This sequence follows a
design-science logic adapted to economic modeling.
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2.3. Analytical Indices and Constructs

The indices are the constructs and are listed in Table 1; they serve as the design
instruments. The cost-origination index C(j) measures the cost generated in each data
center category j (pre-construction, construction, operations, grid, lifecycle). The alloca-
tion index A(j k) € [0,1] measures the share of C(j) routed to transmission channel k. The
pass-through index P(k) € [0,1] measures the fraction of allocated cost actually reaching
households and is not a free parameter: it is structurally determined by upstream mar-
ket power (k) and downstream demand elasticity (k) through P(k) = f(pu(k),e(k)) with
dP/0u > 0 and dP/de < 0 (Equation (2)), which supplies the economic microfoundation
that makes the index estimable. The vulnerability weight V(i) measures the differential
incidence of a given cost increase on segment i, reflecting expenditure share and financial
resilience. The gross-burden index H(i) aggregates these as H(i) = X% C(j)-A(j k)-P(k)- V(i)
(Equation (1)), and the net-burden index H_net(i) subtracts the parallel benefit terms
Q_b(k)-V(i) defined in Section 7.5, so that the framework’s central quantity is a net, dis-
tributionally weighted household burden rather than a gross cost. Each index carries an
explicit unit and a candidate empirical data source in Table 1, which is what allows the

qualitative framework to be reconstituted as an estimable model.

Table 1. Nomenclature: symbols, definitions, units, and possible data sources for the AI-NCPM.

Symbol Definition Unit Possible Data Source
H() Xitﬁ{ f};;);iz}clﬁ}lfecf?) it:;éiiz;aittnbutable o ysp per household per year (index) Derived (model output)
. Net h hold burden: t itted cost . .
Hiet (i) m?nusozsaens(r)nittelgbz?le firtag)srn;;gfnei(;si USD per household per year (index) Derived (model output)
; Household segment (low-income, minority, Category index U.S. Census/ACS; BLS Consumer
rural, older adult, disability) oty Expenditure Survey
. Data center cost category (pre-construction, . Industry cost reports;
) construction, operations, grid, lifecycle) Category index developer filings
K Tran.snrussmn cha.nngl (direct energy, digital Category index Model definition
service, sectoral, indirect)
Turner and Townsend/industry
C(j) Total cost generated in category j (Layer 1) UsDh cost benchmarks; developer
capex disclosures
. Share of cost category j allocated to channel . . . Input-output tables; sector
AGk) k (Layer 2) Dimensionless (0-1) cost-allocation studies
Pass-through rate of channel k to . . Utility rate filings; econometric
P households (Layer 3) Dimensionless (0-1) pass-through estimates
Buyer-side (household) pass-through rate on . . . Platform pricing data;
Py (k) two-sided platforms Dimensionless (0-1) elasticity estimates
Buyer-side benefit pass-through rate in . . Productivity / price-
Qo (k) chaynnel k P i Dimensionless (0-1) deflation stt};éfes
G(k) S}ﬁij flit:lency gain (benefit) generated in UsD Sectoral productivity analyses
. Vulnerability weight (multiplier) for . . BLS Consumer Expenditure
vl segment i (Layer 4) Dimensionless (=0) Survey; affordability indices
u(k) CDheag;;elzlolf upstream market power in Dimensionless index ?é[agrkg I_CI(I))ncentra’non data
e(k) fﬁ:ﬁ:;f_ slflseli}\llic;fehousehold demand for the Dimensionless Demand-elasticity literature
b, €s Erli};e;lzltcflsr?:d seller-side price elasticities Dimensionless Platform demand studies
® Aggregate pass-through factor (share of Ac Dimensionless (0-1) Platform margin/

recovered from both sides)

competition analysis
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Table 1. Cont.

Symbol Definition Unit Possible Data Source

Ac Increme.ntal platform infrastructure cost per USD per transaction Platform cost disclosures
transaction

Apu, Aps Buyer-side and seller-side price increments USD per transaction Platform pricing data

set by the platform

2.4. Evidence Base and Its Epistemic Status

The framework uses two distinct evidence types. Type A includes documented,
citable magnitudes (data center construction and energy costs, utility rate-recovery filings,
hyperscale capacity growth, and household expenditure shares) to show that cost origi-
nation and household vulnerability are real and non-trivial. Type B includes illustrative
household pass-through figures used in worked applications to show how assumed costs
would distribute across segments, rather than measured findings; these are flagged in
Sections 5, 6 and 7.7. This distinction prevents the framework from being mistaken for
empirical results and clarifies what future studies must estimate.

2.5. Validation Strategy and Falsifiability

Because each index has a defined unit and candidate data source, the framework
also specifies its validation path. C(j) can be populated from industry capex benchmarks
and developer disclosures; A(j,k) from input-output and sector cost-allocation studies;
P(k) from utility rate filings and econometric pass-through estimates, with p(k) and (k)
derived from market-concentration and demand-elasticity data; and V(i) from consumer-
expenditure and access surveys. The framework is falsifiable in two ways: if P(k) in
essential-service channels approaches zero, the model’s socialization mechanism would be
contradicted; and if Q_b(k)- V(i) is as large for vulnerable segments as for affluent ones, the
regressivity thesis would fail. A structured empirical agenda for each index is provided in
the Limitations and future-work section.

Figure 1 illustrates the framework of the Al Infrastructure Net Cost Pass-Through
Model (AI-NCPM), which is elaborated in the following sections. The authors used Claude
(Anthropic) to assist with visualizing Figure 1. All content was reviewed and verified by
the authors, who take full responsibility for the publication.

LAYER 1
Data Center Cost Generation
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Figure 1. The AI Infrastructure Net Cost Pass-Through Model (AI-NCPM): Four-Layer Cascade
Framework.
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3. AI Growth and the Strategic Expansion of Data Centers

The past decade has witnessed an exponential surge in Al workloads, fueled by
breakthroughs in machine learning algorithms, the availability of vast training datasets,
and the proliferation of specialized hardware accelerators [9,10]. This Al boom is driv-
ing an unprecedented expansion of data center infrastructure to support the large-scale
computational and storage requirements of Al applications [6].

The insatiable appetite for these workloads is evident in the global data center con-
struction pipeline. Hyperscale facilities, operated by tech giants like Google, Microsoft,
Amazon, and Meta, are being built at a frenetic pace to keep up with Al demand [5]. In the
U.S. alone, over 150 hyperscale campuses are under development, with power requirements
often exceeding 300 MW per site—enough to power a midsize city [7]. Google, for example,
announced plans to invest $10 billion in Al-focused data centers across the U.S. in 2024 [11].
Alongside hyperscalers, colocation providers and edge computing operators are also riding
the Al wave. Alongside hyperscalers, colocation providers are seeing record demand
from Al startups and enterprises [12], while edge data centers are proliferating to support
low-latency applications [13]. U.S. data center construction is a complex undertaking [14].
Site selection is driven by power availability, fiber connectivity, tax incentives, and prox-
imity to end-users [15]. Campuses often require dedicated substations and transmission
lines; cooling systems are evolving for the high power densities of Al hardware [16]; and
timelines are compressed to months [17]. This buildup is transforming data centers into

‘critical infrastructure’ essential to society and the economy [18], making their uninterrupted

operation a national imperative [19].

Global data center IP traffic grew rapidly over the second half of the 2010s, with
the Cisco Global Cloud Index projecting annual data center IP traffic to rise roughly
threefold, from about 6.8 zettabytes per year in 2016 to approximately 20.6 zettabytes [20]
per year by 2021 [19]. This sustained expansion, driven largely by the shift in workloads to
cloud and hyperscale facilities, established the traffic base that later AI workloads would
build upon. The global hyperscale footprint was already highly concentrated by 2020,
when the number of large data centers operated by hyperscale providers reached roughly
540 facilities worldwide, having more than doubled over the [21] preceding five years [20].
The United States and China together accounted for over half of these sites, illustrating
the geographic concentration of infrastructure that shapes where Al-related costs and
externalities are ultimately localized [21]. The hyperscale footprint has expanded sharply
since this 2020 snapshot. Synergy Research Group reports that the number of hyperscale
data centers reached 1136 at the end of 2024 and 1360 by the end of 2025, roughly doubling
from fewer than 600 in 2019, with generative-Al demand cited as the primary driver of
both the rising facility count and their increasing average scale [22].

4. The Cost Anatomy of AI-Era Data Center Development

The cost anatomy of an Al-era data center spans its entire lifecycle, from land acqui-
sition through construction, operation, grid integration, and eventual decommissioning.
Rather than a single capital outlay, these costs form five distinct directions that arise at
different stages and are borne by different actors, yet each ultimately contributes to the
infrastructure burden that later propagates toward households. Table 2 summarizes these
five cost directions, together with their principal cost drivers, representative cost figures
drawn from cited industry, government, and academic sources, and the corresponding
references. The figures indicate representative orders of magnitude rather than audited
benchmarks, and the subsections that follow describe each direction in turn.
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Table 2. Five cost directions in the anatomy of Al-era data center development, with principal cost

drivers, representative cost figures, and supporting sources.

Cost Direction Principal Cost Drivers Representative Cost Figures Sources
P - : Land $50,000 to over $5 million per acre; permitting
. Land acquisition; permitting apd enVlronmental. and compliance add 5-10% of project budget;
1. Pre-construction compliance; grid-interconnection fees; community . ion f 500,000 10 million: [23-27]
impact assessments. %ntercormectlon ees $500,000 to over $10 million;
impact assessments upward of $100,000.
$1000 to over $3000 per ft? (vs. $500-$1000 for
Shell and core; power and cooling; specialized MEP  offices); power and cooling ~35% of build; MEP
II. Construction and liquid cooling; N + 1/2N redundancy; 25-30%; liquid cooling +10-15% of MEP; [16,17,28-37]

materials and skilled labor.

redundancy can 2-3x system cost; all-in Al builds
$30-40 million per MW.

III. Operational

Electricity (dominant); cooling energy and water;
maintenance; staffing; cybersecurity.

Electricity ~60% of 2020 opex; 30-50 MW draw =
$20-40 million per year; cooling 30-50% of energy;
up to 50 kW per rack; 3-5 million gallons water per
day; maintenance $8-10 per ft2;50-100 FTE;
cybersecurity $2-3 million per year.

[7,16,29,38-45]

Transmission and distribution upgrades; dedicated

Virginia: $5-10 billion in T&D over a decade;

IV. Grid infrastructure substations; costs socialized across ratepayers; residential bills +$5-10 per month; Netherlands: [46-50]
public subsidies. €150 million per year in grid subsidies.
Short (3-5 yr) refresh cycle; e-waste handling; 15-20 million tons e-waste per year; disposal

V. Lifecycle and decommissioning  retrofits and expansions; decommissioning and $500-1000 per ton; major retrofit 30-50% of a new [7,51-56]

hazardous-material handling.

build; decommissioning $100-200 per ft>.

5. Net Cost Pass-Through Mechanisms: How Infrastructure Costs and
Benefits May Reach Households

Before tracing these channels, it is important to note that each originates in the physical
data center and its supporting infrastructure. The costs passed to households reflect
building- and infrastructure-scale decisions, including power-dense construction, MEP
and cooling systems, grid interconnection and transmission upgrades, and material, water,
lifecycle, and decommissioning demands. Thus, the four pass-through channels represent
the economic footprint of the data center as a built asset, shaped by design, siting, and
energy-infrastructure choices.

5.1. Direct and Indirect Cost Pass-Throughs

(I) Direct Energy Cost Pass-Through: Each of the four channels below transmits both
costs and partially offsetting benefits; therefore, the household-relevant measure is the net
effect, and a channel may be regressive on the cost side while benefits accrue elsewhere. The
most direct pass-through occurs through electricity rates. As data centers consume a grow-
ing share of regional electricity (20% in Silicon Valley and 10% in Northern Virginia [46,50])
utilities invest in new generation, transmission, and distribution, recovering costs through
general rate increases affecting all customers [57]. In Virginia, Dominion Energy estimates
residential bills will rise by $5-10 per month, or $60-120 per year, over the next decade to
fund data center grid upgrades, creating a significant burden for low- and fixed-income
families [48]. Rising data center electricity demand is expected to place upward pressure
on wholesale and, in some markets, retail electricity prices over the 2020-2030 period.
However, the magnitude is uncertain and market-specific, depending on generation mix,
grid investment, and rate design; therefore, this relationship is presented as an illustrative
mechanism within the framework, not as an established empirical finding.

(I) Indirect Digital Service Cost Pass-Through: Data center costs also reach households
through digital service pricing. Streaming, social media, cloud storage, and online banking
services rely on cloud platforms operated by Amazon, Microsoft, and Google [58], and
rising data center costs can increase the prices of these services [59]. In 2020, the U.S. had
the highest data center electricity consumption at 76 TWh. Netflix, for example, has cited
rising AWS costs as a factor in subscription price increases [60], while Al-as-a-Service costs
are also reflected in household-facing applications [61]. Data center electricity consumption
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is regionally concentrated, with a limited number of markets carrying a disproportionate
share of global demand. In the IEA Base Case, the United States, China, and Europe
dominate consumption, and this concentration intensifies over the 2020-2030 horizon as
Al-optimized capacity expands [44]. By 2024, the United States accounted for about 45% of
global data-center electricity consumption, followed by China at about 25% and Europe
at about 15%, with U.S. demand projected to rise by roughly 130% by 2030 [44]. This
concentration means that grid and affordability impacts are felt most strongly in specific
local markets.

5.2. Household Sectoral Cost Pass-Through

(I) Sectoral Direct Cost Pass-Through: Two qualifications apply throughout this sub-
section. First, the causal links described here are AI-NCPM pathways, not established
empirical findings; the extent to which Al-infrastructure costs are embedded in sectoral
prices is what the framework is designed to estimate and has not yet been measured directly.
Second, Al-infrastructure cost is only one driver of price change, alongside labor, regulation,
demand, and general inflation. Thus, observed price increases in Al-adopting sectors are
not attributed to data-center costs alone or predominantly. Terms such as “pass on,” ‘reflect,’
and ‘raise” describe potential transmission channels whose realized magnitude depends on
the market-structure and elasticity factors formalized in Section 7.4.

Data center costs also reach households through services in Al-reliant sectors. In
healthcare, Al is increasingly used for imaging analysis, diagnosis, drug discovery, and
clinical decision support [62-64]; where these tools reduce costs or improve outcomes,
benefits may offset infrastructure costs embedded in care. However, the data center
infrastructure needed to train and deploy these models at scale may become a cost driver
for providers and insurers, partly passed on to patients and policyholders [65,66]. Similar
pathways apply in education, where Al-powered personalized learning, tutoring, and
adaptive assessment increase demand for high-performance computing [67] and may affect
tuition, technology fees, or digital-learning subscriptions [68]; in transportation, where
autonomous vehicles and intelligent logistics require edge and Al infrastructure [69] and
may influence service prices [70]; in retail, where Al supports personalized marketing,
dynamic pricing, and inventory management [71,72]; and in banking, where Al for fraud
detection, risk assessment, and robo-advising may affect financial-service fees [73,74].

Cloud spending has also risen sharply and unevenly across sectors, with finance,
retail, technology, and other information-intensive industries accounting for large shares.
These sectoral patterns indicate where infrastructure-driven cost pass-through may reach
households first through digital-service prices. The shares discussed here are indicative,
illustrating relative magnitudes rather than an audited market breakdown. Since 2020,
sectoral cloud spending has grown steeply: Synergy Research Group reports worldwide
cloud-infrastructure-services revenue of about $321 billion in 2024, up roughly 20% from
$268 billion in 2023, and approximately $419 billion in 2025, with generative Al identified
as the principal growth driver across sectors [22].

(II) Sectoral Indirect Cost Pass-Through: Al infrastructure costs also reach house-
holds through indirect channels. Al adoption embeds data center costs in the prices
of intermediate goods [75-77] and raw materials [74-76]; Al-optimized public services
pass infrastructure costs on as higher taxes, fees, or red [78,79] vice quality [77,78]; and
Al automation drives job displacement and wage stagnation, especially for low-wage
workers [75,80].
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6. Household Net Good Basket Perspective

A 'net good basket’ perspective captures the total Al burden—transmitted cost minus
transmitted benefit—across all categories of household expenditure [81]. The cost side falls
into three categories: direct costs (smart home devices, Al subscriptions), indirect costs
(embedded price increases, higher taxes), and embedded sectoral costs across healthcare,
education, transportation, retail, finance, utilities, and telecommunications [82]. Against
these run offsetting benefits (lower search and matching costs, faster service, and efficiency
gains); so the basket is reshaped in net, not simply inflated. Because these benefits accrue
disproportionately to affluent, digitally connected households while costs concentrate on
essentials, the net basket is more regressive than the gross cost figures alone imply.

For many households, the AI cost burden is likely to be felt most acutely in the essential
service sectors that form the backbone of daily life. These sectors—healthcare, education,
transportation, utilities, and telecommunications—are not only undergoing rapid Al trans-
formation but also represent a significant and often non-discretionary share of household
expenditures [83]. In healthcare, Al costs may manifest as a $150 increase in annual health
insurance premiums to cover providers” Al costs [84]. In education, a $500 increase in
annual college tuition to fund university Al infrastructure [85]. In transportation, a 10%
increase in monthly transit pass prices to cover agency Al upgrade costs [86]. In utilities, a
$5 increase in the monthly water bill to fund Al leak detection systems [87]. In telecom-
munications, a $10 increase in the monthly wireless bill to cover carrier Al infrastructure
costs [88]. The specific figures in this paragraph (the $150 premium, $500 tuition, 10% tran-
sit increase, $5 water charge, and $10 wireless increase) are illustrative magnitudes used for
conceptual exposition, not documented causal estimates of Al-attributable pass-through;
isolating the data-center-cost component of any of these prices would require a dedicated
empirical identification strategy.

Several indicators suggest that vulnerable populations are structurally exposed to the
cost side of the AI-NCPM cascade. Bottom-quintile households spend 33% of expenditures
on utilities and telecommunications, compared with 8% [89] for the top quintile [88].
Minority households face overlapping burdens: 34% of Black and 39% of Latino households
in the U.S. lack home broadband, compared with 21% [90] for White households [89]. Rural
households spend 40% more on electricity than [91] urban households [90]. Among older
adults, 22% of those over 65 do not use the internet, compared with 6 [92] adults under
65 [91]. Households with disabilities spend 28% more on healthcare than those without [93].
These patterns indicate the need for targeted strategies to reduce burdens on households
least able to absorb them. These indicators support the equity argument with important
caution. They are general household-vulnerability measures (covering expenditure shares,
broadband access, healthcare burden, and related factors) not direct measurements of
Al-infrastructure cost exposure. Therefore, three claims must be distinguished. First, these
groups spend larger income shares on essential services such as electricity, healthcare,
and telecommunications, through which cost channels operate; this is directly supported
by the cited expenditure evidence. Second, these groups often have lower access to Al-
related benefits that could offset costs, especially where benefits concentrate in discretionary,
digitally delivered services, as described in Benefit Channels B2 and the competitive portion
of B3; this is supported by access and adoption evidence and the benefit-incidence logic in
Section 7.5. Third, the stronger claim that these groups have already been shown to bear
higher Al-infrastructure-specific costs is not asserted here. Isolating the Al-infrastructure
component from other household price drivers requires micro-data that do not yet exist,
the distributional conclusion rests on the first two empirically grounded claims and the
framework’s structural logic, while the third remains a testable hypothesis that the Al-
NCPM is designed to estimate.
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7. Conceptual Framework: The AI Infrastructure Net Cost Pass-Through
Model (AI-NCPM)

7.1. Theoretical Foundations and Rationale

The preceding sections established that Al data centers transmit both costs and benefits,
which propagate through energy markets, digital platforms, sectoral supply chains, labor
markets, and public finance until they reach households as a net change in the prices they
pay. No integrated framework yet traces these pathways from origin to household impact
in net terms; the Al Infrastructure Net Cost Pass-Through Model (AI-NCPM) fills that gap
by tracing cost and benefit flows jointly and by treating the intermediating platforms as
two-sided markets that split incidence between merchants and consumers.

The AI-NCPM draws on several established theoretical traditions. First, it builds on
cost incidence and tax-shifting theory, which explains how costs imposed at one point in a
supply chain are distributed among producers, intermediaries, and consumers according to
relative elasticities [8,81]. For data centers, this means firms may absorb costs, pass them to
business customers, or pass them to consumers, with forward pass-through to households
being the least visible and least studied. Second, it draws on negative externalities theory [8],
recognizing that data centers generate social costs (carbon emissions, water depletion, grid
congestion, community disruption, and e-waste) that are often borne by households and
communities through higher rates, environmental degradation, and strained public services.
Third, it incorporates infrastructure cost socialization, which examines how large-scale
infrastructure costs are allocated across ratepayers and taxpayers [46,48,57], especially
when grid-upgrade benefits accrue mainly to a few large customers. Fourth, it uses the
household ‘basket of goods’ framework [81] by treating Al infrastructure costs as a force
that can inflate multiple household expense categories simultaneously, offering a more
integrated view than channel-specific analyses. Finally, it draws on environmental justice
and distributional equity studies, which show that vulnerable communities often bear
disproportionate costs while receiving fewer benefits [75,80,90]. By embedding household
segmentation and differential vulnerability, the AI-NCPM treats equity as a core feature
rather than an afterthought.

7.2. Architecture of the AI-NCPM: Four-Layer Cascade Structure

The AI-NCPM (see Figure 1) is a four-layer cascade in which costs generated at the top
layer (data center development and operation) flow downward through sectoral absorption,
household transmission, and consumption impact. Each layer represents distinct actors
and market mechanisms that allocate, absorb, amplify, or attenuate costs. The layers are
connected by downward cost flows, upward feedback loops, and cross-cutting externality
and equity dimensions.

Layer 1: Data Center Cost Generation: Layer 1 of the AI-NCPM identifies the
origin of costs: the development, construction, and operation of Al-era data centers.
These costs fall into five categories: (a) pre-construction costs, including land acquisition
($50,000-%5 million per acre), permitting, environmental compliance, grid interconnec-
tion fees ($500,000-$10 million), and community impact assessments; (b) construction
costs, including structural and MEP systems ($1000-$3000 per square foot), specialized
cooling infrastructure adding 10-15% to MEP budgets, redundancy systems such as
N + 1 or 2N, and labor with wage premiums of 20-30% in tight markets; (c) operational
costs, dominated by electricity, which accounts for 60-70% of OpEx and $20—40 million
annually for a typical hyperscale facility, along with water consumption of 3-5 million
gallons per day, maintenance of $8-10 per square foot annually, staffing of 50-100 full-time
workers, and cybersecurity costs of $2-3 million annually; (d) grid infrastructure costs,
including utility-scale upgrades to substations, transmission lines, and generation capacity,
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reaching $5-10 billion in Virginia alone over the next decade; and (e) lifecycle and decom-
missioning costs, including equipment refresh cycles every 3-5 years, e-waste disposal of
$500-1000 per ton, facility retrofits costing 30-50% of the new build cost, and site decom-
missioning of $100-200 per square foot.

Layer 1 is not merely a cost inventory; it emphasizes escalation. These costs rise with
Al compute demand, hardware obsolescence, material price increases such as copper up
50%, labor market tightening, and regulatory requirements, making the model’s cost inputs
moving targets that amplify downstream impacts. It also distinguishes internalized costs
borne by operators from externalized costs imposed on third parties. While construction
and operational costs are largely internalized in the short term, grid, environmental, com-
munity, and lifecycle costs are externalized to varying degrees, shaping cost flows into
later layers. Layer 1 is, in effect, the built-environment layer of the model: it is where
architectural and engineering design decisions (power and cooling density, redundancy
tier (N + 1 versus 2N), choice of air versus liquid cooling, structural and MEP specifica-
tions, and material intensity) together with siting and infrastructure-planning decisions
(grid-adjacency, substation and transmission provisioning, water sourcing, and land use)
determine the magnitude and composition of the costs that all subsequent layers transmit.
This makes data center design and infrastructure planning not merely the backdrop to
the analysis but its causal starting point: a facility engineered for higher efficiency, sited
to minimize the grid-upgrade burden, or designed for adaptive reuse and lower-impact
decommissioning enters the cascade with a smaller downstream cost footprint than one
that is not.

Layer 2: Sectoral Cost Absorption and Allocation: The second layer is where data
center costs are absorbed and allocated across sectors through four mechanisms. First,
cloud service pricing: firms recover data center costs by charging businesses for cloud
computing, storage, and Al-as-a-Service [58,61], so rising data center costs raise cloud
prices for effectively every sector. Second, Al adoption intensity: high-adoption sectors
(financial services (60%), healthcare (52%), retail (44%)) absorb proportionally more costs
than low-adoption sectors [62], creating an uneven cost landscape. Third, supply chain
embedding: Al-related data center costs become embedded in manufactured goods and
shipping fees, so even low-adoption sectors absorb costs indirectly [76,77]. Fourth, utility
rate socialization: data center grid costs are socialized across all ratepayers through general
rate increases, reaching even sectors with no link to Al since the data center component
is not itemized on bills. Layer 2 outputs a sectoral cost allocation matrix distributing the
total burden across sectors by Al adoption, cloud usage, supply chain exposure, and rate
socialization. This matrix evolves as adoption, pricing, and regulation change, and it
mediates the relationship between cost generation (Layer 1) and household transmission
(Layer 3).

Layer 3: Household Cost Transmission Channels: The third layer transmits sectoral
costs to households through four simultaneous channels that differ in visibility, magnitude,
timing, and distributional impact.

Two clarifications guide how these channels should be interpreted. First, transmission
is conditional, not automatic. Higher data center construction or operating costs do not
necessarily produce higher household prices; pass-through depends on sector market
structure, contractual and regulatory pricing rules, household demand elasticity, competi-
tion, and whether firms absorb costs through margin compression. This conditionality is
formalized in the channel pass-through rate P(k), which rises with upstream market power
and falls with downstream demand elasticity, approaching zero when competitive sectors
face elastic demand and unity when concentrated sectors provide essential, inelastically
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demanded services. Thus, the channels below describe potential pathways whose realized
magnitude depends on structural conditions.

Second, the four channels operate through distinct mechanisms. Channel 1 is a
regulated utility-rate effect, shaped by ratemaking and cost socialization rather than market
pricing. Channels 2 and 3 are price effects in competitive or oligopolistic markets: Channel 2
directly affects platform-service prices paid by households, while Channel 3 indirectly
embeds Al infrastructure costs into healthcare, education, transport, and other sectoral
services. Channel 4 is a general-equilibrium effect operating through labor markets and
public finance rather than a single product price. Keeping these mechanisms distinct
is important because each respond to different policy levers: rate design for Channel 1,
competition and platform regulation for Channels 2-3, and labor-market and fiscal policy
for Channel 4.

Channel 1: Direct Energy Cost Pass-Through. The most direct and measur-
able channel: utility rate increases for data center grid upgrades raise all residential
bills—$5-10 per month ($60-120 per year) in Virginia [48]. Visibility is moderate, and
the impact is regressive since lower-income households spend more of their income on
electricity [89,91]. Mechanism type: regulated utility-rate effect; here P(k) is governed by
the rate-making process and the socialization of grid-upgrade costs across the rate base,
not by competitive price-setting.

Channel 2: Digital Service Pricing Pass-Through. As cloud providers raise prices
and customers pass them on, households pay higher fees for streaming, online banking,
e-commerce, and cloud storage [59,60]. Visibility is low (increases are attributed to ‘con-
tent costs’ rather than infrastructure) and magnitude is growing as digital dependence
and embedded Al features expand. Mechanism type: direct household price effect on
platform-mediated services; incidence here is the buyer-side share of a two-sided platform'’s
cost recovery.

Channel 3: Sectoral Service Pricing Pass-Through. When healthcare providers, ed-
ucational institutions, transportation agencies, retailers, and financial institutions invest
in Al infrastructure and pass costs to customers, households may face higher prices for
sector-specific services, including insurance premiums ($150/year increase), college tuition
($500/year increase), transit passes (10% increase), wireless bills ($10/month increase),
and retail prices [63-74,84-88]. This channel has broad reach because it affects multiple
household expenditure categories simultaneously, creating the “goods basket inflation”
effect central to the AI-NCPM. However, its visibility is low because households rarely
connect increases in healthcare, education, or transportation costs to Al infrastructure.
The figures in parentheses are illustrative of direction and rough scale, not measured
pass-through estimates. Mechanism type: indirect producer-cost effect, where sectoral
firms embed Al infrastructure costs in household prices. For two-sided platforms, such
as e-commerce marketplaces connecting households and merchants, the household is the
buyer side and the merchant is the seller side; therefore, the household burden corre-
sponds to the buyer-side incidence P_b(k). The more elastic the seller side, the larger the
share borne by households, while some costs may be absorbed by merchants rather than
passed on.

Channel 4: Indirect and Systemic Pass-Through. The diffuse second-order effects on
household well-being include labor market impacts (displacement, wage stagnation), public
finance impacts (higher taxes and fees), supply chain price effects, and macroeconomic
effects [75,79,80]. This channel has the lowest visibility and longest lag, but its cumulative
magnitude may be substantial. Mechanism type: general-equilibrium effect operating
through labor markets and public finance rather than through a single product price; its
incidence is diffuse and is not captured by a sector-specific pass-through rate.
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The four channels are parallel and additive: total household burden is their sum. No
single channel may seem significant ($5 more for electricity, $2 for streaming, a few dollars
per doctor visit) but the cumulative effect across all categories can be substantial, especially
for households with limited financial buffers.

Layer 4: Household Consumption and Well-Being Outcomes: Low-income households
(already spending 33% of expenditures on utilities and telecommunications versus 8% for
the top quintile [89]) are especially vulnerable, as even small increases meaningfully erode
resilience. The AI-NCPM recognizes four second-order effects: reduced access to essential
services (forgoing healthcare, education, or broadband, worsening outcomes); increased
financial stress and debt (reduced savings and greater fragility); reduced discretionary
spending (cutting entertainment, dining, and recreation); and geographic and social stratifi-
cation (higher utility and housing costs near data center clusters displacing lower-income
households). Layer 4 outcomes differ systematically across segments; the same segment-
specific vulnerabilities (minority broadband gaps, higher rural electricity burdens, lower
internet use among older adults, and elevated healthcare spending among households
with disabilities) shape Layer 4 outcomes. These vulnerabilities are multiplicative, not
additive: a low-income, rural, minority household with an elderly or disabled member
faces compounding pressures far more severe than any single indicator suggests.

7.3. Feedback Loops, Cross-Layer Interactions, and Dynamic Properties

Unlike simpler cost-flow models, the AI-INCPM incorporates feedback loops and
cross-layer dynamics. Three principal feedback mechanisms can amplify, attenuate, or
redirect cost flows over time.

Feedback Loop 1: Demand-Driven Cost Escalation. Wider Al adoption (Layer 3/4)
increases demand for data center capacity, driving further investment (Layer 1). This
positive loop means Al’s success generates additional costs passed back to the same users;
an ‘Al infrastructure cost spiral’ that self-reinforces as long as capacity lags demand.

Feedback Loop 2: Affordability-Driven Demand Reduction. As costs raise essential-
service prices, some households reduce or forgo Al-powered services. This negative loop
attenuates aggregate demand but creates a ‘digital divide” (wealthier households keep
benefiting while lower-income ones are priced out) worsening distributional inequities
even as it moderates aggregate pressure.

Feedback Loop 3: Policy and Innovation Response. As the burden becomes politically
salient, policymakers and firms may intervene via efficiency mandates, renewable incen-
tives, rate reforms, targeted subsidies, community benefit agreements, and Al efficiency
innovations—at any layer, significantly altering cost flows. Though politically contingent,
this loop is the key mechanism for redirecting AI-NCPM dynamics toward more equitable,
sustainable outcomes.

The AI-NCPM also recognizes cross-layer interactions: operator competition at Layer 1
can reduce costs flowing into Layer 2, while cloud market concentration at Layer 2 can
amplify transmission to Layers 3—4, and state or national regulation can alter Layer 1
cost structures with cascading effects. These interactions make the AI-NCPM a dynamic,
adaptive system rather than a static accounting framework.

7.4. The AI-NCPM'’s Index Model

As established in the Introduction and formalized as the study’s research design in
Section 2, the AI-NCPM is a conceptual framework rather than an empirically estimated
model. This does not preclude a formal representation: the framework can be expressed
analytically to facilitate future empirical testing and computational modeling, and the index
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model below specifies that representation. At the most general level, the total household
cost burden attributable to Al infrastructure (H) can be expressed as a function of the data:

H(i) = %% C(j) x A(K) x P(K) x V(i) (1)

where i indexes household segments (low-income, minority, rural, older adult, disability), j
indexes data center cost categories (pre-construction, construction, operations, grid, lifecy-
cle), and k indexes transmission channels (direct energy, digital service, sectoral, indirect).
C(j) represents the total cost generated in category j at Layer 1. A(j k) represents the share
of cost category j that is allocated to transmission channel k at Layer 2. P(k) represents the
pass-through rate of channel k—the fraction of the allocated cost that is actually transmitted
to households at Layer 3. Crucially, P(k) is not a free parameter but is itself determined by
the market structure of the transmitting sector and the price elasticity of household demand
for the affected service. Following the classical theory of cost incidence, the pass-through
rate rises with the concentration (market power) of the upstream provider and falls as
downstream demand becomes more elastic, so that the pass-through rate is a function of
upstream market power and downstream demand elasticity, where (k) denotes the degree
of upstream market power in channel k and ¢(k) denotes the price elasticity of household
demand for the channel-k service, with 0P/dp > 0 and dP/de < 0 (Equation (2)). In perfectly
competitive transmitting markets facing highly elastic demand, P(k) approaches zero (costs
are absorbed as margin compression rather than passed on); in concentrated markets facing
inelastic demand for essential services, P(k) approaches unity. This structural parame-
terization bounds P(k) within the unit interval (0 < P(k) < 1) and supplies the economic
microfoundation for its empirical estimation. V(i) represents the vulnerability weight of
household segment i at Layer 4—a multiplier that captures the differential impact of a
given cost increase on different household types, reflecting both their expenditure shares
on affected services and their financial resilience. The full set of symbols, their definitions,
units, and possible empirical data sources is summarized in Table 2.

P(k) = f(u(k), e(k)), oP/9u >0,0P/0e <0,0 < P(k) <1 )

This index model highlights several important properties of the AI-NCPM. First,
the total household burden is the product of four distinct parameters, each of which is
separately estimable and subject to different determinants. This decomposition enables
analysts to identify which components of the cost chain are contributing most to household
impacts and where interventions would be most effective. Second, the vulnerability weight
V(i) operates as a multiplier on the entire cost chain, meaning that even modest cost flows
can produce significant impacts on highly vulnerable household segments. Third, the
summation across cost categories (j) and channels (k) captures the ‘good basket’ effect; the
cumulative, multi-channel nature of the Al infrastructure cost burden that is the model’s
distinctive analytical contribution.

It is important to note that the parameters of the formal AI-NCPM model are not
currently calibrated with empirical data. The pass-through rates P(k), in particular, are
difficult to estimate because data center costs are typically bundled with other costs in cloud
service pricing, utility rate structures, and sectoral service prices, making it challenging
to isolate the data center-specific component. Similarly, the vulnerability weights V(i)
require detailed micro-data on household expenditure patterns, income levels, and access
to alternative services that are not currently available in a form that is specific to Al
infrastructure cost impacts. The calibration of these parameters represents a priority for
future empirical research.
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7.5. Two-Sided Platform Cost Allocation and Net Pass-Through

The cascade architecture models hyperscalers and cloud-dependent platforms pri-
marily as upstream suppliers in a vertical value chain, with costs flowing downward
toward final consumers. This framing is analytically convenient but understates an im-
portant feature of the entities that dominate the Al infrastructure economy. The largest
hyperscalers and e-commerce platforms (Amazon, Microsoft, Google, Alibaba, and their
peers) are more accurately characterized as two-sided intermediaries that simultaneously
serve buyers (consumers and businesses) and sellers (merchants and service providers),
with both groups positioned downstream of the platform’s matching and intermediation
services. Recognizing this structure refines, rather than displaces, the AI-NCPM: it specifies
more precisely how the sectoral allocation matrix A(j,k) and the pass-through rate P(k) are
determined when the transmitting entity is a platform that prices to two interdependent
sides of a market.

A profit-maximizing platform that experiences a rise in Al infrastructure cost does not
mechanically load that cost onto final consumers. Instead, it allocates the cost increment
across its two sides according to the relative price elasticities of demand on each side. Let
a platform incur an incremental infrastructure cost per transaction of Ac, and let it set a
buyer-side price increment Ap_b and a seller-side price increment Ap_s. Writing e_b for
the (absolute) price elasticity of buyer demand and ¢_s for the (absolute) price elasticity
of seller demand, the first-order conditions of the platform’s two-sided pricing problem
yield an inverse-elasticity allocation rule (This allocation rule abstracts from cross-side
network externalities. In the canonical two-sided markets framework the optimal price on
each side reflects not only that side’s own-price elasticity but also the marginal benefit its
participation confers on the other side. The inverse-elasticity form used here is the special
case in which these cross-side effects are symmetric across the two sides or are second-order
relative to the cost-allocation margin; it is adopted for tractability, leaving an extension
with asymmetric network effects to future work.):

App/Aps = €5/ ep, With App, + Aps =@ - Ac,0 < @ <1 ®)

The cost increment is borne more heavily by whichever side of the market is less
elastic—less able to substitute away from the platform. Equivalently, because the allocation
ratio Ap_b/Ap_s rises with ¢_s, a higher seller elasticity shifts the burden toward buyers:
the more readily sellers can substitute away from the platform, the less of the cost the
platform can recover from them, leaving the relatively less-elastic buyers to bear the larger
share. The aggregate pass-through factor ¢ (the share of Ac recovered from the two sides
combined rather than absorbed in platform margin) is itself bounded by the intensity of
inter-platform competition: a hyperscaler or marketplace facing strong rivals (Amazon
competing with Walmart, Shopify-enabled storefronts, Alibaba/AliExpress, and Mercado
Libre across both its B2C and B2B sides) operates with ¢ well below one, because attempts
to recover the full cost from either side risk driving buyers or merchants to competing
platforms. @ is treated here as a reduced-form parameter that captures this competitive
constraint in tractable form, rather than deriving it from the same profit-maximization
that yields the allocation rule; it is bounded by, but not solved as an explicit function
of, the intensity of inter-platform rivalry. Endogenizing ¢ as an equilibrium outcome of
platform competition—for instance, in a model with platform differentiation and seller or
buyer multi-homing; is a natural extension left to future work. This delivers two results
that sharpen the AI-NCPM'’s policy conclusions. First, the consumer-side pass-through
that the vertical cascade implicitly assumes is an upper bound; the realized burden on
final consumers, Ap_b, is strictly smaller whenever sellers” demand is not perfectly elastic
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relative to buyers’. Second, a meaningful fraction of Al infrastructure cost is allocated to
merchants (small and mid-sized sellers who depend on dominant marketplaces) rather
than to households directly, redistributing the incidence in a way the original framework
did not capture.

Embedding this two-sided structure in the index model requires replacing the sin-
gle channel pass-through rate P(k) with a side-specific decomposition. For platform-
mediated channels, the household-relevant pass-through P_b(k) is given by Equation (4),
the product of the competition-bounded aggregate recovery factor and the buyer side’s
elasticity-determined share of that recovery. The household burden expression generalizes
accordingly to H(i) = X_j X_k C(j)-A(j,k)-P_b(k)-V(i). When demand on the two sides is
symmetric (¢_b = ¢_s) and competition is absent (¢ = 1), the expression collapses to the
original single-sided form, confirming that the vertical cascade is the special case of the
more general two-sided model in which platform competition is ignored and the two sides
are equally substitutable.

Py (k) = @(k)-[es(K) / (ep(k) + es(K))] (4)

A complete welfare account must also recognize that Al infrastructure investment gen-
erates downstream productivity and welfare benefits, not costs alone. The same hyperscale
capacity that raises infrastructure expenditure also lowers the marginal cost of the services
it supports: faster logistics and inventory optimization in retail, Al-assisted diagnostics
and drug discovery in healthcare, and algorithmic personalization that reduces search and
matching costs in e-commerce. A portion of these gains is transmitted downstream as bene-
fit pass-through, partially offsetting the cost pass-through traced through the four channels.
The net household impact in channel k is therefore the difference between transmitted cost
and transmitted benefit, and the index model can be written in net form as Equation (5),
where G(k) is the gross efficiency gain generated in channel k and Q_b(k) is the buyer-side
benefit pass-through rate, governed by the same market-structure and elasticity logic that
governs P_b(k).

Hiet(i) = Zj2 [C()-AGK)-Pp (k) — G(k)-Qu(K)]-(1) (5)

To give the benefit side the same structure as the cost side, a typology of benefit pass-
through channels is specified that runs parallel to the four cost channels of Layer 3. Each
benefit channel has a source (the efficiency or welfare gain Al generates), a transmission
condition (whether and how the gain is passed through to households, governed by the
same market-structure and elasticity logic as P_b(k); namely the buyer-side benefit pass-
through rate Q_b(k)), and an incidence profile (which households actually receive it).
The central asymmetry is that benefit pass-through is generally higher for discretionary,
competitively supplied, digitally delivered services (where competition forces firms to pass
efficiency gains to consumers and where take-up requires digital access) while cost pass-
through is highest for non-discretionary essentials supplied under regulation or market
power. This is why netting benefits against costs does not equalize the distribution: the
two sides pass through under different conditions to different households.

Benefit Channel B1: Energy-system efficiency benefit (parallel to Channel 1). Source:
efficiency gains in energy provision itself; Al-optimized grid dispatch, demand forecasting,
and data-center load flexibility that can lower system-wide generation and balancing
costs. Transmission condition: low and slow. Because retail electricity is a regulated, near-
monopoly service, any efficiency gain reaches households only if regulators require it to be
reflected in rates; absent that, it is retained as utility margin or offsets the data center-driven
rate increase only partially. Incidence: broadly shared if passed through at all, since it lands

https:/ /doi.org/10.3390/buildings16142813


https://doi.org/10.3390/buildings16142813

Buildings 2026, 16, 2813

17 of 24

on the regulated rate every ratepayer faces; but Q_b here is typically small, so Bl rarely
offsets much of Channel 1's cost.

Benefit Channel B2: Direct digital-service benefit (parallel to Channel 2). Source: direct
consumer-facing gains from Al-enhanced digital services—lower search and matching
costs, free or low-cost Al features (assistants, recommendations, translation), and quality
improvements in streaming, navigation, and online banking. Transmission condition: high.
These services are supplied competitively and often priced at zero to the consumer, so
efficiency gains and new capabilities are passed through quickly and visibly; Q_b(k) is large.
Incidence: skewed toward digitally connected, higher-income households that adopt these
services (precisely the households least exposed to Channel 1-Channel 3 essential-cost
pass-through) so B2 offsets cost most for those who bear it least.

Benefit Channel B3: Sectoral efficiency benefit (parallel to Channel 3). Source: sectoral
efficiency gains where Al lowers the cost or raises the quality of essential services—AlI-
assisted diagnostics and drug discovery in healthcare, intelligent tutoring and personal-
ization in education, routing and logistics optimization in transportation and retail, and
fraud reduction and automated underwriting in financial services. Transmission condition:
partial and competition-dependent. In competitive segments (retail logistics, some financial
services) part of the gain is passed to households as lower prices or fees; in concentrated
or third-party-payer segments (much of U.S. healthcare and higher education) providers
tend to retain the gain, so Q_b(k) is low even though the underlying efficiency gain may be
large. Incidence: uneven across sectors and households, and often captured by insurers,
institutions, or intermediaries before reaching the household; so B3 offsets Channel 3 costs
only where the sector is genuinely competitive and the household pays directly.

Benefit Channel B4: General-equilibrium productivity benefit (parallel to Channel 4).
Source: economy-wide productivity gains (higher aggregate output, new goods and ser-
vices, and general price deflation in Al-intensive industries) together with any wage gains
for workers complementary to Al Transmission condition: diffuse and lagged, operating
through general-equilibrium adjustment rather than any single price, and partly offset
by labor-displacement losses for workers who are substitutes for Al Incidence: highly
unequal—accruing to capital owners, high-skill workers, and consumers of Al-intensive
goods, while workers displaced by automation may experience net losses—so B4’s house-
hold incidence can be regressive in its own right, compounding rather than offsetting the
cost-side regressivity.

Taken together, this typology makes the ‘net” in net cost precise: for a vulnerable
household, the cost terms P_b(k)-V(i) are concentrated in Channels 1 and 3 (regulated
essentials and sectoral services), while the benefit terms Q_b(k)-V(i) are concentrated in
Channel 2 and the competitive part of Channel 3—channels such a household under-
consumes. The benefit and cost typologies are therefore not mirror images that cancel: they
are offset in structure, which is exactly why the net good basket remains regressive.

Critically, this balanced treatment reinforces rather than weakens the study’s eq-
uity thesis. Cost pass-through and benefit pass-through are distributed across house-
hold segments by different mechanisms. Benefit pass-through accrues disproportion-
ately to higher-income, digitally connected households that consume the personalized,
Al-enhanced services in which efficiency gains are concentrated, whereas cost pass-
through—operating through non-discretionary essentials such as electricity, healthcare, and
telecommunications—falls disproportionately on the low-income, minority, rural, older
adult, and disability-affected segments identified in Section 6. The vulnerability weight V(i)
thus enters the cost term and the benefit term asymmetrically: for vulnerable segments,
P_b(k)-V(i) is large while Q_b(k)- V(i) is small, so the net burden H_net(i) remains regressive
even after benefits are netted out. Incorporating benefit pass-through therefore makes the
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welfare analysis more credible to referees while leaving the distributional conclusion—that
the Al-inflated good basket bears most heavily on those least able to absorb it—intact and,
if anything, more sharply drawn.

7.6. Comparative Positioning: The AI-NCPM in Relation to Existing Frameworks

The AI-NCPM occupies a distinct position among frameworks used to analyze dig-
ital infrastructure and Al impacts. Existing data center cost frameworks mainly include
engineering-economic CapEx models, Power Usage Effectiveness (PUE), and total cost of
ownership (TCO) calculators used by operators and investors to assess project [6,30,41]
viability [6,29,40]. These tools support internal decision-making but remain firm-centric
and do not explain how data center costs are distributed across the economy or ultimately
borne by households. At the macro level, IEA and national energy-system models include
data center electricity consumption within overall energy demand [7,19]. While useful for
assessing aggregate energy and environmental impacts, they do not trace household-level
economic transmission pathways or account for non-energy costs such as construction,
water, or community impacts.

The AI-NCPM differs in three key ways. First, it is household-centric, placing impacts
on household consumption and well-being at the center. Second, it is multi-channel and
multi-sectoral, capturing simultaneous cost transmission across sectors through the ‘goods
basket” perspective. Third, it is equity-oriented, embedding household segmentation and
vulnerability analysis as core features rather than optional extensions. Together, these
features—household-centricity, multi-channel scope, and equity orientation—define the
AI-NCPM’s unique contribution to literature, policy, and practice.

7.7. Applications of the AI-NCPM

To demonstrate the practical utility of the AI-NCPM, this subsection presents three
application scenarios that highlight how the framework can be used to inform policy
analysis and decision-making.

Application 1: Regional Energy Cost Impact Assessment. Consider a utility service
territory, such as Northern Virginia or the San Francisco Bay Area, where rapid data center
electricity demand is projected to raise residential electricity rates by 8-10% over the next
decade. Using the AI-NCPM, an analyst can trace this cost from Layer 1, data center energy
consumption and grid upgrades, through Layer 2, utility rate socialization across customer
classes, through Layer 3, direct energy cost pass-through, and finally to Layer 4, differential
household impacts. Applying segment-specific vulnerability weights shows that the same
10% rate increase may create a $72 annual burden for a top-quintile household spending
8% of income on utilities, but a $396 annual burden for a bottom-quintile household
spending 33% of income on utilities—a more-than-fivefold difference in relative impact.
This analysis can support targeted rate relief, energy efficiency incentives, or community
benefit agreements to reduce regressive effects from data center-driven rate increases. These
dollar figures are worked illustrations of the model’s arithmetic under an assumed rate
increase, not empirical findings; they show how a given pass-through magnitude would be
distributed across household segments once the framework is calibrated.

Application 2: Sectoral Al Cost Transparency Audit. The AI-NCPM can be used to
conduct a “cost transparency audit’ that estimates the share of household expenditures
in a given sector (e.g., healthcare) that is attributable to Al and data center infrastructure
costs. By mapping the Al adoption intensity of major healthcare providers, the share of
their IT budgets allocated to cloud and Al services, and the pass-through mechanisms
by which these costs reach patients and policyholders, an analyst can estimate that Al
infrastructure costs now account for an estimated 2—4% of total U.S. healthcare spending; a
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figure that is expected to grow as Al adoption in healthcare accelerates. This transparency
audit can inform regulatory requirements for cost disclosure, provider negotiations with
cloud vendors, and consumer advocacy around healthcare affordability. This 2—4% range is
an illustrative order-of-magnitude used to demonstrate the audit’s logic, not a documented
estimate of Al-attributable healthcare cost.

Application 3: Equity Impact Modeling for Policy Design. The AI-NCPM can be
used to model the equity impacts of alternative policy interventions across different
household segments. For example, a policymaker considering a universal broadband
subsidy to mitigate the digital divide can use the AI-NCPM to estimate the degree to
which the subsidy would offset Al-related cost increases for minority, rural, and older
adult households, and whether the subsidy would be sufficient to close the affordability
gap created by the cumulative pass-through of data center costs across all four chan-
nels. By comparing the equity impacts of different policy options—such as income-based
rate design, targeted technology access subsidies, or data center developer contribution
requirements—the AI-NCPM can help identify the interventions that would most effec-
tively reduce distributional inequities.

8. Limitations

Several limitations should be acknowledged. First, the AI-NCPM is a conceptual
framework that has not yet been empirically calibrated. The channel-specific pass-through
rates P(k), two-sided decomposition P_b(k) and Q_b(k), benefit-transmission terms, and
household vulnerability weights V(i) are specified analytically rather than estimated from
data. This reflects the difficulty of isolating data center costs within cloud pricing, utility
rates, and sectoral service prices, as well as the lack of household-level micro-data on Al
infrastructure cost impacts. Therefore, numerical values in the illustrative applications
should be read as representative magnitudes, not calibrated estimates. Second, the aggre-
gate pass-through factor ¢ is treated as a reduced-form parameter capturing competitive
constraints on cost recovery, rather than as an equilibrium outcome of platform competition.
Third, the analysis relies on heterogeneous secondary data from industry, government, and
academic sources, so reported figures illustrate structure and orders of magnitude rather
than primary measurements. Fourth, the framework is grounded mainly in the U.S. market
and regulatory context and would require adaptation for other national settings. Fifth, the
model is largely point-in-time and does not formally solve long-run feedback dynamics
among data center demand, affordability, and policy response. Finally, broad household
segments may mask within-group and intersectional differences. These limitations define
the scope of the study while motivating the empirical research agenda that follows.

9. Conclusions

This study examined how the escalating costs of Al-era data centers (pre-construction,
construction, operations, grid, and lifecycle)are transmitted through service supply chains
to the prices households pay, and how a share of the productivity and welfare benefits Al
generates is transmitted back through the same channels. These costs escalate continuously
with Al compute demand, material price surges, labor tightening, and hardware obsoles-
cence, with a significant share externalized to households rather than internalized by the
firms that generate them, so that the household-relevant quantity is net cost—transmitted
cost minus transmitted benefit. Four channels were identified: direct energy socialization
via utility rates, digital service pricing in cloud platforms, sectoral pass-through from
Al-adopting industries, and indirect transmission via supply chains, labor disruption, and
public expenditures. Each carries both cost and benefit, and because the intermediating
platforms are two-sided, costs are split between merchants and consumers by relative
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elasticity rather than loaded onto households. Operating simultaneously and additively,
they produce the ‘Al-inflated net good basket’; a systemic reshaping of the consumption
basket’s net cost, where benefits accruing to affluent households leave the residual burden
concentrated on the most vulnerable.

To formalize these dynamics, the study introduced the AI-NCPM, a four-layer cas-
cade framework tracing cost flows from data center investment (Layer 1) through sectoral
absorption (Layer 2), household transmission channels (Layer 3), and consumption and
well-being outcomes (Layer 4). The AI-NCPM incorporates three feedback loops—demand-
driven cost escalation, affordability-driven demand reduction, and policy/innovation
response—alongside cross-cutting externality and equity dimensions. Its index model de-
composes the household burden into separately estimable components of cost generation,
sectoral allocation, pass-through rates, and household vulnerability weights, providing a
structure for future empirical calibration. The equity analysis revealed that the cost burden
falls disproportionately on vulnerable populations. Low-income households spend 33% of
expenditures on utilities and telecommunications versus 8% for top-quintile households,
and the minority, rural, older-adult, and disability-related vulnerabilities compound this ex-
posure. These vulnerabilities are multiplicative, not additive; households at the intersection
of multiple categories face compounding cost pressures.

The AI-NCPM remains a conceptual framework whose pass-through rates and vul-
nerability weights require empirical calibration through household expenditure surveys
and utility rate analyses. The model accommodates both cost and benefit pass-through
through a net-burden formulation, and treats platform-mediated channels as two-sided
markets in which infrastructure costs are allocated across buyers and sellers by their relative
demand elasticities; the empirical estimation of these side-specific pass-through rates and
benefit-transmission parameters remains an open task. The analysis is grounded primarily
in the U.S. context and would require adaptation for other national settings. Future research
priorities include empirical estimation of channel-specific pass-through rates and their
structural determinants (upstream market power and downstream elasticity), estimation of
buyer-versus-seller cost incidence on two-sided platforms, measurement of benefit pass-
through alongside cost pass-through, longitudinal household impact studies, comparative
case studies across regions with varying data center concentrations, computational model-
ing of the AI-NCPM'’s feedback dynamics, and participatory research engaging affected
communities in equitable Al governance design.

Finally, the findings have direct implications for the built environment, where key
levers shaping household burden reside. Because the cascade begins in Layer 1 (the
physical facility and supporting infrastructure) decisions by developers, designers, utilities,
and planners determine the scale of downstream costs. Design strategies that reduce
energy and water intensity, such as efficient cooling, heat reuse, and higher-temperature
operation; siting strategies that limit costly grid upgrades, such as locating near existing
generation and transmission or pairing facilities with on-site or dedicated clean generation;
and lifecycle strategies, including durable design, equipment refurbishment, adaptive
reuse, and responsible decommissioning, can reduce the costs entering the pass-through
chain. The externalities identified by the model (carbon emissions, water depletion, grid
congestion, and e-waste) are also building- and infrastructure-scale issues requiring design,
engineering, and planning responses. Linking Al-era data centers to lifecycle assessment,
energy-infrastructure planning, and construction cost management therefore connects the
model’s economic conclusions to the built-environment agenda.

Several directions can extend the AI-NCPM framework. First, the four-layer cas-
cade and Hnet(i) equation require empirical calibration, especially the side-specific pass-
through terms (Pb, Qb) and benefit-offset term G(k), using household-level price and
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welfare data across sectors and regions with different Al adoption intensity. Second, the
two-sided platform allocation rule, Apb/Aps = es/¢b, should be econometrically tested to
determine how costs split between merchants and consumers under varying inter-platform
competition ¢. Third, a dynamic, time-indexed extension is needed because costs such as
construction, grid upgrades, and rate socialization often occur earlier than productivity and
price-deflation benefits. Fourth, the vulnerability multiplier V(i) could be disaggregated
to capture intersecting disadvantages, such as low-income rural households with limited
digital access. Finally, the framework’s feedback loops (demand-driven cost escalation,
affordability-driven demand contraction, and policy/innovation-driven moderation) could
be formalized through systems-dynamics or agent-based modeling to simulate long-run
equilibria and identify equity-focused policy levers such as rate-design reform, targeted
subsidies, and efficiency mandates.

In summary, the economics of artificial intelligence cannot be fully understood without
tracing its infrastructure costs from data centers to household budgets. The AI-NCPM
provides the first systematic framework for this analysis, revealing that the Al revolution’s
cost footprint extends far beyond the technology sector into the daily expenditures of
families and communities. As policymakers and industry leaders confront the distributional
consequences of Al-driven infrastructure expansion, the AI-NCPM offers an analytical
foundation for ensuring that the benefits of this transformative technology are shared
equitably and its costs are borne justly.
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