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Abstract

Sustainability research for large-scale computing has converged on
carbon as the primary accounting unit, and much work has gone
into reducing it. However, carbon emissions are only one possi-
ble indicator of computing’s impact. The human health impacts of
computing systems have not received the same attention. U.S. data
centers are projected to drive premature deaths and asthma cases
from operational air pollution, and there is an asymmetry between
carbon-optimal scheduling and the regions where human health
is impacted. Embodied impacts extend upstream into mining and
manufacturing and downstream into e-waste processing. Neither
registers in a COze number. This paper maps documented health
impacts across the modern large-scale computing hardware lifecy-
cle. We call for systems research into minimizing the human health
impacts incurred by large-scale computing. We propose a num-
ber of possible research directions towards designing health aware
systems: extending computational impact models and operational
scheduling, lifetime extensions and repair, and a measurement in-
frastructure to track the impact through the hardware lifecycle.
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1 Introduction

Sustainability research for large-scale computing has largely fo-
cused on carbon as the primary accounting unit, which is typically
correlated to the energy consumed. U.S. datacenters consumed 176
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TWh in 2023, representing 4.4% of national electricity demand, up
from 1.9% in 2018. Projections reach 325-580 TWh by 2028 [26].
Carbon-aware scheduling [1, 30], embodied carbon estimation [4],
and lifecycle analysis [9] have all improved our understanding
of the climate costs associated with large-scale computing sys-
tems. Industry has matched the framing. Google has targeted 24/7
carbon-free operation by 2030 [22], Microsoft has committed to
being carbon-negative by 2030 [28], and Apple has pledged carbon
neutrality across its entire footprint by 2030 [3]. However, carbon
remains a single-dimensional aggregate metric. It compresses min-
eral extraction, semiconductor fabrication, assembly, operation, and
end-of-life processing into a common global unit of CO,e, while
obscuring where these processes occur and the human conditions
under which they take place.

Recent work suggests that carbon emissions and human health
impacts often capture different system impacts. A physical tear-
down analysis of the Nvidia A100 found that manufacturing ac-
counted for 94.5% of the device’s lifetime human toxicity (cancer)
impact, while contributing less than 3% of its total climate change
impact [7]. At the operational level, carbon intensity and health-
impact intensity across U.S. power grids correlate only weakly
(r = 0.292) [10]. In practice, routing workloads to the lowest-carbon
grid may increase public health costs in many regions. Prior anal-
ysis projects that U.S. datacenter expansion could contribute to
approximately 1,300 premature deaths and 600,000 asthma cases
annually by 2028 [10]. Water shows the same divergence. Drawing
down a stressed aquifer concentrates the contaminants already
present [15, 29]. Data centers add a large new withdrawal that local
water systems never planned for. These impacts are difficult to
capture through carbon accounting alone.

We identify human health impact as an under-addressed di-
mension of sustainable computing and argue that future systems
research should incorporate health and social externalities along-
side carbon and energy efficiency. This paper makes the following
contributions:

o We extend the health impact framing across the full hardware
lifecycle rather than operations alone.

o We identify the key shortcomings in the current sustainabil-
ity models and mechanisms from a human health perspec-
tive.

e We propose a number of possible research directions towards
designing health aware systems: extending computational
impact models and operational scheduling, lifetime exten-
sions and repair, and a measurement infrastructure to track
the health impacts through the hardware lifecycle.
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LAYER MATERIALS FABRICATION OPERATION END-OF-LIFE
Mining & extraction Semiconductor fabs Data centers E-waste recycling
« Lung cancer [17] « Cancer [13] . Asthma [10] « Dioxin exposure [23]
IMPACT « Radiation exposure [34] « Birth defects [13] « Drinking-water contamina- « Childhood lead poisoning [21]
« Heavy-metal poisoning [14] « Arsenic exposure [16] tion [15, 27, 29] « Take-home lead exposure [5]
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Mongolia (China), DRC

Figure 1: Health impacts across the computing hardware lifecycle. Signatures shift by stage (occupational vs. community, acute
vs. chronic); affected communities are decoupled from the corporations and carbon frameworks governing them.

2 Background: Human Health Impacts Across
The Hardware Lifecycle

This section synthesizes peer-reviewed findings from environmen-
tal epidemiology and occupational health, along with existing LCA
work on hardware, to provide the background on human health
impacts of computing across the full hardware lifecycle.

The hardware in large-scale computing (in datacenters, running
Al) passes through four distinct stages (Figure 1), from the elements
extracted to build it, to the factories that manufacture its compo-
nents, to the data centers that operate it, to the recyclers. Each stage
produces a different human-health signature. Understanding where
those impacts originate is a prerequisite for building systems that
can account for them.

2.1 Materials: Mining and Extraction

The hardware underpinning modern Al draws on aluminum (re-
fined from bauxite ore), copper, rare earth elements (REEs), gallium,
germanium, and tantalum [7, 8]. Each is extracted under condi-
tions that impose documented health costs on the workers and
communities nearest to the mine.

Copper smelting releases arsenic trioxide, which is an IARC
Group 1 carcinogen. A longitudinal study of 8,014 Montana cop-
per smelter workers spanning from 1938 to 1989 found respiratory
cancer mortality rising with cumulative arsenic exposure, reaching
2.4X baseline (SMR 2.40, 95% CI 1.9-3.0) in the highest-exposure
category [17]. At Bayan Obo in Inner Mongolia, the world’s largest
REE deposit and source of roughly 70% of global REE production [8],
mine workers show elevated rates of lung disease and cancer from
REE particle inhalation. Additionally, residents of mining areas
inhale 101-430 pSv/year from thorium-bearing PM; 5 [34]. The pat-
tern is widespread. Artisanal and small-scale mining of the metals
essential to Al hardware, including cobalt, copper, tin, tantalum,
and lithium, operates with PPE deficits and elevated exposures to
mercury, lead, arsenic, and cadmium [14].

2.2 Fabrication: Semiconductor Fabs

Semiconductor fabrication is a chemically intensive manufactur-
ing process. A 2014 epidemiological review of US, UK, Taiwanese,
and Korean fabrication cohorts [13] documents a broad pattern of
worker and community consequences. Wafer fabrication workers
are exposed to organic solvents, hydrofluoric acid, and glycol ethers.
The group finds excess risk for non-Hodgkin’s lymphoma, leukemia,

brain tumors, and breast cancer. Workers in photolithography and
diffusion show spontaneous abortion rates up to 3.21x above non-
fabrication peers, and children born to fathers in semiconductor
production are three times more likely to die from congenital mal-
formation. The effects leach out of the factories too. Chlorinated
solvents from semiconductor plants have been found in drinking
water in San Jose, California and in Taiwan.

Gallium arsenide (GaAs), surging in demand due to ML and
5G, is an IARC Group 1 carcinogen that dissolves in lung tissue,
releasing arsenic. Current exposure limits cover arsenic alone, miss-
ing the compound’s synergistic toxicity. A 2026 risk assessment of
Taiwanese semiconductor workers found that even administrative
staff, the lowest-exposure group in the building, had a mean hazard
quotient of 61, more than sixty times the acceptable threshold [16].

These hazards compound as the industry scales. Denser process
nodes improve performance-per-watt but require more chemical
process steps, more mineral-intensive manufacturing, and higher
fabrication toxicity per device. Specialized components such as
Power-on-Package (PoP) units have no dedicated life cycle assess-
ment data [7]. These impacts occur in semiconductor manufactur-
ing facilities, like those in Taiwan.

Fabrication accounts for 94.5% of a GPU’s lifetime cancer hu-
man toxicity [7], geographically concentrated in the communities
surrounding semiconductor facilities in Taiwan, South Korea, and
mainland China. This A100 figure is the only toxicity breakdown
published for any device. Comparable numbers for the rest of the
server stack do not yet exist, and that absence is itself a measure-
ment gap we identify.

2.3 Operation: Data Centers

Once running, data centers impose their own burden on downwind
communities. Criteria air pollutants (PM;5 and NOy from grid
electricity and on-site diesel backup generators) reach surrounding
neighborhoods regardless of how efficiently the hardware runs.
U.S. data centers cause roughly 1,300 premature deaths and 600,000
asthma cases per year. Training a single Llama-3.1-scale model
produces criteria air pollutant emissions equivalent to more than
10,000 cross-country car round trips [10]. The intuitive remedy
is to shift load to greener grids. That does not translate cleanly
to health outcomes. Carbon intensity and health-impact intensity
across U.S. grids are weakly correlated (r = 0.292). In 96% of regions
the spatial-temporal variability of public health costs exceeds that
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of carbon emissions, so carbon-optimal scheduling routinely lands
on health-suboptimal regions [10].

Data centers also withdraw water, both directly for cooling and
indirectly through the electricity they consume. Unlike air pollu-
tion, water reaches health only indirectly. A data center emits no
contaminant of its own. Any large, unplanned draw on a stressed
aquifer concentrates the contamination already in it, and a data
center is one more such draw. U.S. data centers used 66 billion
liters directly in 2023. Grid-side consumption adds nearly 800 bil-
lion liters more. Hyperscale facilities are projected to reach 60-124
billion liters of direct withdrawals annually by 2028 [26]. One fifth
of that direct footprint comes from moderately to highly water-
stressed watersheds [26, 27], where additional withdrawals pull
contaminated shallow groundwater (nitrates from agriculture) into
drinking-water depths. Across roughly 6,000 wells in California’s
Central Valley, such withdrawals degraded water quality 3-5%
faster during drought [15]. Drinking-water nitrate at elevated lev-
els is associated with infant methemoglobinemia, colorectal cancer,
thyroid disease, and neural tube defects. Recent epidemiology finds
increased risk even at concentrations below the EPA maximum
contaminant level of 10 mg/L NOs-N [35]. The mechanism is not
specific to nitrate. In the same Central Valley, over-pumping re-
leases naturally occurring arsenic from aquifer clays, as much as
tripling the risk of hazardous levels [29]. None of this registers in
carbon metrics or aggregate water-volume disclosures.

2.4 End-of-Life: E-Waste Recycling

Most electronic waste is not data center hardware. Retired servers
and accelerators are a small but fast-growing share of a much larger
global stream. What follows describes those pathways. An esti-
mated 80% of electronic waste collected in developed countries
is illegally exported to low and middle-income countries in Asia,
Africa, and Latin America, despite the Basel Convention’s pro-
hibition on hazardous waste exports — a treaty the U.S. has not
ratified [20, 23].

Should a device find itself in the informal recycling stream, the
recyclers who process that waste use what is available. They burn
wire insulation in the open, leach precious metals with acid, and
dismantle boards by hand on bare ground. Each method releases
specific toxicants (e.g. lead, cadmium, mercury, dioxins, brominated
flame retardants) into the air, water, soil and food supply of who-
ever lives nearby [20]. In Guiyu, China, one of the world’s largest
informal e-waste operations, airborne dioxins have been measured
at 15-56x the WHO’s recommended maximum intake [23]. The
pattern is global. In Montevideo, Uruguay, children near informal
cable-burning sites had mean blood lead of 9.19 pg/dL, nearly twice
the CDC'’s clinical reference value. Soil lead levels reached 17.7x
the EPA residential limit [21]. Across literature, e-waste exposure
is associated with 2.4x higher odds of ADHD diagnosis, suppressed
vaccine response, and measurable DNA oxidative damage [20].

Formalization of recycling is not a silver bullet fix. A system-
atic review of 37 studies of permitted e-recycling facilities found
worker air samples for lead and cadmium routinely exceeding oc-
cupational exposure limits, elevated brominated flame-retardant
levels in workers’ serum, and lead from dust carried home on work
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clothes [5]. The impact is smaller in magnitude than informal hubs
but real.

Machine learning is accelerating this impact by volume. Under
varying generative Al growth scenarios, cumulative Al-related e-
waste could reach 1.2-5.0 million tonnes by 2030 [33], while rare
earth elements are recovered at rates below 1% of global supply [2].

3 Where Current Systems Models Fall Short

The preceding section maps documented human health impacts
across the hardware lifecycle. The sustainability frameworks gov-
erning Al infrastructure were not designed to track who gets sick.
Three structural measurement failures follow. Section 4 proposes
remedies for each.

3.1 Scope 3 Without Social Granularity

Gupta et al. [9] brought embodied carbon to systems researchers’
attention by quantifying its shift to dominance. The share of life-
cycle emissions attributable to hardware manufacturing rose from
49% for the iPhone 3GS (2009) to 86% for the iPhone 11 (2019), and
for Facebook’s renewables-powered data centers reached 82% of
remaining emissions. Bashir et al. [4] subsequently cautioned that
optimizing embodied carbon in isolation can mislead, overstating
real reductions and conflicting with operational-carbon incentives.
We argue the same systems-tractable framing extends to embod-
ied human health impact. It accumulates per device, scales with
refresh cadence, and demands its own accounting. Under the GHG
Protocol, the standard for emissions accounting, Scope 3 covers
indirect value-chain emissions outside a company’s direct opera-
tions, including upstream manufacturing and downstream disposal.
Embodied carbon aggregates these into a single CO,e figure, but in
doing so discards three dimensions relevant to health impact.

3.1.1 Carbon-to-health mapping. Identical units of COse can carry
very different human-toxicity burdens depending on which lifecycle
phase produced them. Falk et al. found that A100 manufacturing
accounts for 94.5% of the device’s lifetime cancer human toxicity
but under 3% of its climate impact. Operations is the inverse, with
97% of climate impact and only 5.5% of cancer toxicity [7]. The same
gram of COze represents a categorically different health impact
signature depending on where in the lifecycle it was emitted.

3.1.2  Missing health accounting metrics. Occupational hazards in
mining and fabrication are invisible to a metric that counts only
the molecules emitted to the atmosphere. A smelter worker inhales
arsenic. A fab worker handles glycol ethers. An artisanal miner
works without protective gear. None of these absorbed exposures
show up in a CO;e accounting.

3.1.3  Missing local impact. Health impact is locally borne but glob-
ally aggregated. A tonne of COe from a Taiwanese fab and a tonne
from a Virginia data center are treated identically in the ledger,
despite producing categorically different localized impacts on the
communities exposed to them.

Two structural barriers hinder addressing this. Vendors do not
disclose per-SKU elemental composition for Al server hardware.
No regulatory standard requires this. Without that disclosure, no
workload can be connected to its extraction region, its process-
ing facility, or the community bearing the embodied health risks.
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Defining an adequate schema is itself an open systems problem,
including which materials, at what granularity, and across which
supply-chain tiers. Separately, the GHG Protocol has no health
impact analog. Scope 1 (on-site generators), Scope 2 (grid electric-
ity), and Scope 3 (manufacturing and end-of-life) each correspond
to a documented health burden mapped in Section 2, yet none is
required reporting. Carbon optimization is a single-objective prob-
lem with a well-defined gradient, reducing gCOze. Human health
impact is multi-objective, and the objectives are not co-located.

3.2 Carbon-Optimal # Health-Optimal

3.2.1 Manufacturing tradeoffs. Process-node shrinks reduce per-
FLOP operational carbon, but they require more chemical process
steps and more mineral-intensive manufacturing per device [7].
What is saved in operational gCOze is paid in toxic by-products at
fabrication.

3.2.2  Scaling amplification. Per-device efficiency does not bound
aggregate health impact. Each new GPU generation increases total
demand for high-risk minerals, including gallium, germanium, and
rare earth elements. The resulting hardware turnover is a primary
driver of Al-related e-waste [7, 33]. Volume amplifies impact even
when per-device intensity falls.

3.2.3  Geographic divergence. Geographic scheduling has the same
problem at runtime. Water intensity and carbon intensity across
U.S. counties follow different patterns [12]. Carbon-minimizing
workload placement can route computations into water-stressed
watersheds. Each additional withdrawal pulls nitrate-laden shallow
groundwater into drinking-water depths and accelerates aquifer
degradation 3-5% during drought [15].

In each case the missing objective is its own physical quantity,
and a scheduler optimizing for carbon alone cannot satisfy it.

3.3 Lack of Attribution Mechanisms

For a systems researcher, attribution is the chain of identifiers that
traces a compute action back to its physical determinants. A request
points to a server SKU, a SKU to a die, a die to a fab, a fab to its
inputs. Carbon attribution closes that loop reasonably well, drawing
on grid mix, PUE, server power, and embodied carbon estimates.
The same cannot be said for health impact attribution, where the
chain breaks in three distinct places.

3.3.1 Disclosure gaps. Server-hardware vendors do not disclose
per-SKU elemental composition. Apple’s Full Material Disclosure
program shows that the data can be gathered at scale, mapping
1,900 materials in iPhone Air from over 500 suppliers [3]. No analog
exists in the large-scale computing supply chain. Falk et al. needed
a physical teardown of an A100 to find that its heatsink, 98% copper,
drives 91% of the GPU’s cancer toxicity [7]. No observable connects
a workload to the community bearing its embodied health risk.
That a single component can dominate, though, hints the gap may
be narrowable without full disclosure (Section 4.4).

3.3.2  Spatial averaging. Even where health impact is quantified,
the data is averaged globally. Comparative Toxic Units for humans
(CTUh), the standard human-toxicity factor in life cycle assessment
(LCA), is reported as a single number per kilogram of emitted
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Table 1: Embodied health impact of one Nvidia A100, con-
verting the toxicity of manufacturing it [7] to DALYs via
Huijbregts severity factors [11].

Toxicity CTUh DALY/case DALY

Cancer 3.8x107° 115 4.4x107*
Non-cancer 6.8 X 107° 2.7 0.2x107*
Total 4.6 x 1074

substance, with elementary flows “treated as global rather than
spatially differentiated” [7]. A CTUh value for arsenic emitted near
Bayan Obo is identical to a CTUh value for arsenic emitted in
Virginia. The exposed populations and exposure pathways differ,
and so do the downstream health outcomes. Collapsing these into
a single global average discards the information a scheduler or
procurement system would need to act.

3.3.3 End-of-life invisibility. Even with material composition and
spatial resolution, the chain from workload to health outcome
breaks at end-of-life. An estimated 80% of e-waste flows are infor-
mal and off-record [20]. Server counts are proprietary [33]. Safety
thresholds for REE exposure remain largely unestablished. A com-
prehensive 2024 review of REE human health toxicity opens by
acknowledging that the toxicity profile of REE particulate matter
“remains largely unknown” [34]. Health impact that cannot be mea-
sured against an established baseline cannot be attributed even
when every upstream identifier is intact.

4 Toward Health Aware System Design

The gaps identified above point to a research agenda. The following
subsections address each in turn, extending embodied and opera-
tional impact models, redesigning scheduling signals, and building
the measurement infrastructure both require.

4.1 Extending Embodied and Operational
Impact Models

One direction is a workload-normalized human-health metric analo-

gous to Schneider et al’s Compute Carbon Intensity (gCO,e/ExaFLOP) [25].

Falk et al. already derive per-GPU-hour human toxicity figures from
lifetime LCA data [7], which provides a starting numerator. Extend-
ing it to CPUs, memory, storage, etc. remains open work.

Such a metric needs a health unit, the way carbon accounting
settled on gCOze. The disability-adjusted life year, DALY, counts
health loss as years of healthy life lost, combining years lost to early
death with years lived in illness, and it underlies the WHO’s Global
Burden of Disease accounting. One DALY is one healthy year gone.
This can be the natural common denominator for embodied toxicity
and operational health impacts.

Turning that toxicity into DALYs is a settled step in life-cycle
assessment, not one we invent. Huijbregts et al. fixed the severity
factors two decades ago, 11.5 DALYs per cancer case and 2.7 per
non-cancer case, now standard in mainstream LCA methods [11].
The embodied health impact of a device is then each toxicity count
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times its severity !
Dembodied = CTUhcancer X115+ CTUhnon»cancer X 2.7

A back-of-envelope illustration. Table 1 works this for one
A100. Manufacturing a single card costs about 4.6 x 10~ DALY,
roughly four hours of healthy life and almost all of it cancer. At
the scale of a 100,000-GPU cluster, that climbs to about 46 DALYSs,
some 46 healthy years of life lost to build those accelerators. This
is a floor. It captures one GPU and it stops before the e-waste stage.
It carries no geography, a single global average blind to whether it
lands on the mining region or the fab town.

The operational term D, takes the same shape, a count of health
outcomes times the healthy years each costs. Each count still needs
a severity to become DALYs. A death needs the years of life lost ¢
behind it, which depends on the age at death. An illness needs a
disability weight w and a duration d, which depend on what each
case actually is, a brief attack or an ongoing condition, and the two
differ in duration by orders of magnitude. Han et al. provide the
counts n, roughly 1,300 premature deaths and 600,000 asthma cases
a year across U.S. data centers [10]. In full,

Dop = Ndeath X € + Nillness X W X d,

but those severities are not reported with the counts and remain
open work.

Likewise, mineral-intensity per-workload metrics could serve as
a companion signal to energy intensity, surfacing the supply-chain
demand that energy reporting alone hides.

Operationally, water-quality health impact metrics are needed.
Volume-based water accounting (liters withdrawn per GPU-hour)
misses the health impact signal. The same withdrawal from a water-
stressed aquifer with pre-existing nitrate contamination produces
different outcomes than withdrawal from an unstressed source [15,
35]. An operational water health impact metric would incorporate
watershed stress, nitrate loading, and proximity to drinking water
sources as spatially-resolved inputs. This would let schedulers treat
water quality health impact as a traceable parameter alongside
carbon and energy.

4.2 Health Aware Operational Scheduling

The operational phase offers immediate scheduling leverage be-
cause workload placement is a runtime decision with no hardware
changes required, just an updated objective function.

Geographical load balancing already routes workloads across
data centers to minimize carbon or cost [1, 30]. Han et al. [10]
extend it with public health signals such as local air quality, grid
emission composition, and downwind population exposure. They
demonstrate a 26% reduction in public health cost while preserving
roughly 3% electricity savings and more than 1% carbon reduction
relative to baseline. Pure carbon-aware load balancing applied to
a major U.S. data center fleet would cut carbon emissions by 7.2%
but increase public health cost by 2.8% [36]. Carbon and health are
not collapsible into a single optimization signal.

1CTUh expresses human toxicity as estimated disease cases [24], which we convert to
DALYs using the population-average severities of [11], 11.5 per cancer case and 2.7 per
non-cancer case. These averages span disease types rather than the specific conditions
each chemical causes, so the result is an order-of-magnitude illustration, not a precise
total.
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Health impact is also distributed unevenly, not just incurred in
total. Recent health aware load balancing treats long-term fairness
over cumulative, location-dependent health damage as a first-class
objective, capping the worst-case burden any single region ab-
sorbs [? ]. These are operational air-pollution results. Extending
the same distributional framing to water and to embodied impact
remains open.

Analogously, training jobs routed away from data centers draw-
ing on water-stressed watersheds reduce the competition between
compute cooling and local water. The case is strongest during
drought, periods of high demand, or in areas with prior water
contamination. The open research problem is integrating water-
shed and water quality signals into schedulers alongside carbon
and energy.

The same health-routing idea generalizes to procurement. Hard-
ware can be scored by supply-chain health impacts, and procure-
ment systems can prefer the cleaner options.

4.3 Lifetime, Repair, and Partial Failure in
Consideration of Health Impacts

Lifetime extension is a primary lever for reducing embodied health
impacts. Human cancer toxicity exhibits the greatest sensitivity
to lifespan of any LCA impact category, varying by up to 300%
across a 1-4 year lifespan window [7]. This is the health impact
analog of Gupta et al’s framing of embodied carbon as a quantity
that amortizes over device life [9], and the intervention is the same.
Doubling effective hardware lifetime nearly halves embodied im-
pacts per compute-year. If manufacturing drives 94.5% of an A100’s
cancer-toxicity impact [7], keeping that GPU in service one ex-
tra year delivers a larger toxicity reduction than any single-year
operational-efficiency gain. Lifetime extension targets manufactur-
ing where human health impacts are so concentrated; a carbon-only
optimizer would underweight such an improvement.

The systems community has built the carbon version of this
lever, and the same infrastructure can carry health impact signals.
Junkyard Computing repurposes discarded smartphones as cloud
microservice nodes and introduces Computational Carbon Intensity
as a metric that measures lifetime carbon per unit of useful com-
pute [31]. At hyperscale, GreenSKU designs cloud servers around
energy-efficient cores, old DRAM repurposed via CXL, and reused
SSDs, reducing emissions per core by 28% relative to currently-
deployed Azure servers [32]. A health impact analog is direct. CTUh-
per-compute-year tracks the same quantity these systems already
amortize.

Extending SSD or HDD lifetime raises device failure rates, and
the resulting erasure-coding overhead can erase the embodied-
emissions savings [18]. Partial-failure tolerance is the systems-side
answer. A GPU with one dead SM or a server with one failed DIMM,
kept in service rather than retired, recovers compute-years that
would otherwise be spent on new hardware. Both lifetime extension
and partial-failure tolerance are existing systems research questions
on the carbon side [4]. Manufacturing’s share of cancer toxicity
(94.5%) far exceeds its share of climate impact (5.5%) [7], so these
interventions shift health impacts more than they shift carbon.
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Table 2: GHG Protocol carbon scopes mapped to a proposed
three-scope health impact framework, with documented im-
pact sources at each level.

Carbon (GHG Proto- Health (proposed)
col)

Scope 1  On-site  combustion On-site particulate matter, water-
(diesel, gas) contaminant concentration [15, 27,

29]

Premature deaths and asthma cases

from grid-sourced fine particulate

matter and nitrogen oxides [10]

Scope 3 Supply chain (manufac- Worker and community exposure
turing, EOL) across mining, fabrication, and re-

cycling [5, 7, 13]

Scope 2 Purchased electricity

4.4 Measurement Infrastructure

The interventions above assume a measurement layer that has
not been built. Health aware scheduling requires signals. Health
impact signals require attribution, which requires disclosure. Four
primitives are needed.

Material composition disclosure is foundational. Without it, no
workload can be connected to the materials it was built from. A
per-SKU elemental requirement, like a nutrition label on a cereal
box, would expose that link and let supply-chain health impacts be
attributed back to specific extraction regions. Apple’s Full Material
Disclosure program shows the data can be gathered at consumer-
electronics scale, mapping 1,900 materials in iPhone Air [3]. No ana-
log exists in the large-scale computing supply chain at all. Defining
the schema is a systems research problem, including which materi-
als, at what granularity, and across which supply-chain tiers. The
legal mandate is a policy question. Researchers specify what goes
in it. Where full disclosure is not provided, impact could instead
be approximated from the few materials that dominate it rather
than the complete bill, sidestepping the proprietary detail vendors
guard.

Health impact accounting needs spatial resolution. CTUh [24]
reports one value per emission. Han et al. [10] resolve operational
pollutants spatially. The manufacturing phase has no equivalent
notion [7].

Digital lifecycle passports close the loop from mineral source to
decommission. End-to-end tracking lets hardware carry its own
provenance through deployment and disposal [33]. The EU Battery
Regulation 2023/1542 [6] mandates digital product passports for
EV and industrial batteries with phased rollout from 2027. The
mechanism exists at policy scale. Extending it to Al hardware is a
regulatory and engineering question, not a conceptual one.

Three-scope health reporting parallels the GHG Protocol. Table 2
maps each carbon scope to its health analog, with the documented
impact sources at each level. The breakdown can be added to pre-
viously recommended model cards [19], the per-model reporting
artifact already used to disclose intended use, evaluation condi-
tions, and fairness considerations. Han et al. [10] propose extending
model cards to carbon and public health, and the three-scope health
structure fits the same fields.

Dorota Kopczyk and Abhishek Chandra

5 A Call to Action

Sustainable computing has made real progress tracking carbon. This
paper maps documented human health impacts across the large
scale computing hardware lifecycle and identifies the measurement
infrastructure needed to change that. We call for research into
health impact aware systems and for the systematic health impact
accounting those systems must optimize against.

We identify four research directions. Define Comparative Toxic
Units for humans (CTUh) as a standard health impact metric and
extend it beyond GPUs to the full server stack. Section 4.1 outlines
what such a metric could look like. We develop per-SKU mate-
rial composition disclosure standards enabling supply-chain health
attribution and show a future vision in Section 4.4, inspired by
ingredient labels and Apple’s work in consumer electronics. We
build spatially-aware health impact signals into schedulers and pro-
curement frameworks. Han et al’s health-informed load balancing
(Section 4.2) shows this for operational air pollution. Extending the
same framing to water pollution and embodied impacts and pro-
curement remains open. Finally, we propose to close the end-of-life
attribution gap through digital lifecycle passports and three-scope
health reporting in model cards and sustainability disclosures. The
EU Battery Regulation offers an existence proof at the policy level.
Table 2 sketches the GHG-Protocol-to-health-impact mapping.

Much of this work is interdisciplinary, requiring inputs from
epidemiologists, engineers, and public health researchers. Systems
researchers are not positioned to produce the health evidence, but
we are positioned to define the measurement primitives, build the
attribution infrastructure, and integrate health impact signals into
the design constraints that govern hyperscale computing.

Disclaimer

This paper is not an argument against data centers or Al nor against
any company or facility we name. Our aim is to surface human
health as an under-measured dimension of sustainable computing
and to motivate the systems research that would track and reduce
it. We take no position on any specific project, which would need
its own detailed, context specific evaluation. The figures here are
illustrative, meant to demonstrate method and motivate measure-
ment.
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