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Abstract

Enhanced weathering has gained attention as a promising CO, removal (CDR) practice, but
previous life cycle analyses rely on theoretical assumptions that differ substantially from
experimental observations and overlook the risks of heavy metal emissions. Here, we draw on
data from existing empirical studies to conduct a prospective life cycle assessment of multiple
enhanced weathering scenarios. Our results indicate that experimental weathering rates lead to
delayed climate benefits, with a median 11-year lag between rock application and the onset of
net CDR for inland scenarios starting in 2030. This carbon payback period results from the initial
peak in greenhouse gas emissions associated with the rock supply chain and processing
activities. Furthermore, our probabilistic analysis indicates that basalt-derived zinc emissions
could pose a greater toxicological risk than nickel release from dunite in the long term,
potentially offsetting the health co-benefits of CDR and challenging the prevailing assumption
that basalt is a safer feedstock. These findings suggest that the commercialization of CDR credits
should be preceded by a thorough evaluation of near-term net climate benefits, and deployment
should prioritize non-agricultural areas until field trials can more comprehensively assess the

risks of food chain contamination.
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Introduction

Solely relying on emissions reductions will most likely be insufficient to limit global warming to
2 °C above pre-industrial levels. Scenarios assessed by the IPCC indicate that, in addition to deep
and rapid decarbonization efforts, CO, removal (CDR) from the atmosphere will most likely be
required to offset residual emissions and reverse a temporary temperature overshoot®. The
timing of CDR deployment is therefore critical, and delays are expected to compound the

technical and economic risks?.

To scale up CDR at the required pace, a portfolio of Negative Emissions Technologies or Practices
(NETPs) spanning a range of maturity levels is currently being developed?. Yet, previous studies
have identified a range of sustainability trade-offs across CDR methods, most notably regarding
health effects, planetary boundary transgressions, intensive resource demands, and the

opportunity costs of energy allocation*®.

The health and environmental implications of enhanced weathering remain under-researched
relative to other NETPs. This CDR approach accelerates natural weathering processes by grinding
rocks containing silicate minerals and spreading them over land surfaces. The rock materials
react with CO, in the presence of water (as illustrated by reaction R1 below, where Me represents
a divalent metal) and drive the transfer of additional atmospheric CO, to the water’. Runoff
transports the resulting alkalinity to the ocean, where the residence time of the sequestered

dissolved inorganic carbon is on the order of 10° years®°.

The potential co-benefits of enhanced weathering—chiefly, the mitigation of soil and ocean

81112 improvement of soil structure and water retention!®, and increased soil

acidification
fertility®*, which in turn augment biomass CDR¥™-render it attractive relative to other NETPs.
Furthermore, enhanced weathering could present a thermodynamic advantage over other CDR
methods; its energy demand—though highly scenario-specific and tied to variables such as grain
size, transportation distances and rock type—has been estimated to be lower (<4 GJ/t CO,*®) than

that of alternative NETPs such as direct air carbon capture and storage (<9 GJ/t CO,"/8),

However, experimental studies mimicking field conditions remain limited and report weathering
rates up to two orders of magnitude lower than previously estimated®*!*2° due to multi-factorial
constraints such as surface area, hydrology, biota and system feedbacks?'. Moreover, the CDR
potential of this NETP is highly dependent on site-specific conditions (such as temperature,
moisture, and acidity?>?®), and part of the removed CO, could be released back to the

atmosphere via the secondary precipitation of mineral carbonates if the system reaches



supersaturation (R2), or through the reaction of acidic species with the generated bicarbonate
ions (R3)%7%%, In addition to these geochemical uncertainties, it has been suggested that rock
weathering may not yield inorganic CDR within short timescales?’. Lastly, toxic heavy metals can
also be released as the rock particles dissolve?®=°, While experimental studies with basalt have
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not raised concerns about dangerously high heavy metal concentrations*' >, nickel levels above

regulatory limits have been found when olivine is used3*’.

Me,Si0, + 4C0, + 4H,0 — 2Me? + 4HCO3 + H,Si0, (R1)
Me?* + 2HCO5 — MeCO5 + CO, + Hy0 (R2)

Previous Life Cycle Assessment (LCA) studies quantifying the environmental impacts of enhanced
weathering overlook these issues. They rely on estimated CO, sequestration potentials® or

theoretical weathering rates*%’

instead of experimental data. Furthermore, most of them
disregard the risk of heavy metal leaching, with only one work* assessing the impacts of nickel

release following the application of olivine-rich rocks on coastal areas.

Despite all the uncertainties surrounding the performance of this NETP*4°, there has been a
surge in enhanced weathering start-ups selling CDR credits®®!. Thus, ascertaining the
implications of enhanced weathering for human health and the environment is critical to ensure

that it can be responsibly deployed®2.

Here, we investigate the greenhouse gas removal (GGR) efficiency of enhanced weathering and
its potential impacts on human health and ecosystems. Our analysis—grounded in reported
experimental results and a comprehensive accounting of unintended emissions—assesses how
applying rock particles with different compositions across various environments would affect

these outcomes.

Scenarios

We model 14 scenarios involving the application of rock particles on coastal and inland
(croplands and forestlands) areas, using weathering rates derived from theoretical®3,

%456 mesocosm3%>3¢ and field®' studies, which were normalized to a reference

laboratory
temperature of 15 °C. Given the varying experimental and environmental conditions across

studies (summarized in Table S3 of the Supporting Information), we aim to establish a
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representative range of performance indicators for enhanced weathering, rather than

conducting a direct comparative analysis of individual studies.

Our life cycle inventories comprise mining operations, rock transportation, comminution, and
spreading, as well as the emissions occurring as the rocks weather over the considered 100-year
time horizon. We focus on two rock types: basalt and dunite. Although each presents a distinct
set of metal concentrations (see Tables 1.1 and 1.2 of the Supporting Data®’), previous studies
assume that basalt poses fewer risks than dunite because of its lower nickel and chromium

content4>%>9,

In cropland scenarios, we consider the phosphorus released from rock particles to substitute for
an equivalent amount of synthetic phosphate fertilizers, thereby reducing fertilizer inputs while
keeping crop yields constant relative to the baseline without rock application. By contrast, we
assume that forest scenarios receive no industrial fertilizers; therefore, increased phosphorus
availability enhances biomass carbon uptake relative to the baseline. Notably, we do not consider
fertilization effects in the coastal scenarios given the many uncertainties regarding the efficiency
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and permanence of the carbon sequestration Further details on the scenarios’

characteristics and enhanced weathering models are in Section 3 of the Supporting Information.

Our models are aligned with climate change mitigation projections generated by the REMIND®3
3.5 integrated assessment model. We focus on scenario SSP2-PkBudg1000, which assumes a
middle-of-the-road shared socio-economic pathway (SSP2)®* and a peak carbon budget of 1,000
Gt CO.eq, limiting global warming to 1.7-2.0 °C by 2100. We also test the sensitivity of our results
to alternative climate trajectories based on Nationally Determined Contributions (SSP2-NDC)
and National Policy implementations (SSP1-NPi), which lead to a temperature increase of 2.0-

2.5 °C above pre-industrial levels.

Methods

We conduct an attributional® prospective® LCA using Brightway 2.5% and the premise®® 2.3.3
python library to adapt activities in the Ecoinvent® 3.11 database to scenario projections from

REMIND® 3.5.

The functional unit is defined as the gross geochemical removal of 100 Mt CO; in one year

through enhanced weathering reactions—excluding additional CDR from biomass fertilization
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effects to ensure a consistent cross-scenario comparison. Embedding the temporal dimension in
the definition of the functional unit is essential to reflect how weathering kinetics—and not
merely intrinsic alkalinity—determine the mass of rock required to achieve a given CDR target
within a specific timeframe. The proposed functional unit represents 26% of the total CDR
projected for 2030 in the selected reference mitigation scenario and falls within techno-

70,71

economic constraints’?’*, as detailed in Section 3.3 of the Supporting Information.

We calculate the time-dependent GGR efficiency of enhanced weathering (GGR7;, ) as the ratio
between the net amount of CO,eq removed (i.e., the difference between the atmospheric CO,
sequestered after reacting with silicate minerals and the CO.eq emitted throughout the rocks’
life cycle) and the total amount of CO, removed from the atmosphere via enhanced weathering
reactions t years after the rock particles are applied to the soil in year y—as shown in Equation
E1, where CDR;,, and GHGy ,, represent the gross amount of substance s within the set Jof
greenhouse gases that is either removed or emitted in year t after the year y of deployment
(assumed to be 2030 or 2050). The dynamic global warming potential (GW P ¢, estimated with
Equations SE1-5 in the Supporting Information and based on 7?) reflects that CDR near the end

of the 100-year time horizon prevents less warming than CDR at the beginning.

GGR, ., = 25'26 Zse](chRs=COZ,t',y| - GHGs,t',y) : GWPs,t'
tly - ’=
Z§'=8|CDRS=C02,t’,y|

VteT,yeY (E1)

We quantify damage to human health and ecosystems relative to a baseline without CDR using
the hierarchist perspective of the ReCiPe 2016 method’®. Health impacts, aggregated over the
time horizon, are expressed in Disability-Adjusted Life Years (DALYs), representing the years of
healthy life lost due to disability or premature death. Ecosystem impacts are quantified as the

local species loss aggregated over space and time, expressed in species-year.

We assume a 50% release rate for phosphorus and metals from annually weathered rocks in our
base scenarios, while exploring the full range (0 to 100%) within our uncertainty analysis. We
estimate the health and ecosystem impacts averted by phosphorus fertilization differently for
each scenario location. In cropland scenarios, these co-benefits are linked to the avoided
production of synthetic phosphate fertilizers, consistent with the avoided burden LCA method®.
In forest scenarios, prevented health and ecosystem impacts arise from the secondary CO,

sequestered by the phosphorus-induced biomass growth (1.6-6.7 kg C/kg P74).



CDR prevents health and ecosystem impacts linked to the averted rise in global temperatures>®.
These co-benefits (alongside those related to the substitution of industrial fertilizers in the
cropland scenarios) may be—partially or entirely—offset by the health and ecosystem impacts
associated with the resources used and pollutants emitted throughout the enhanced
weathering systems and their underlying supply chains. Hence, we define net health and
ecosystem damage as the balance between the impacts generated and avoided by CDR
(equations SE6 and SE7 in the Supporting Information); positive values imply that undesired
impacts outweigh co-benefits, and negative values indicate that prevented impacts are greater

than detrimental side-effects.

We use Equation E2 to calculate MT,{feC, i.e., the human toxicity effects of metal emissions to
environmental compartment ec (seawater, agricultural soil, or forest soil, depending on the
scenario location) due to the annual weathering of rock n (DALY/year). Here, RM; represents
the mass of rock n that weathers annually (kg/year), Cs,, is the concentration of substance s
within the set ME of metals in rock n (kg/kg), fs e denotes the fraction of metal s emitted to
environmental compartment ec, and TFfeC and TFSAQC; are the carcinogenic and non-carcinogenic
toxicity factors for metal s, respectively, provided by the ReCiPe 2016 method”® (DALY/kg).
Toxicity factors account for the environmental persistence and bioavailability of the emitted

metals. Notably, long-term metal intake is primarily driven by dietary ingestion’, as detailed in

Section 2.2 of the Supporting Information.

MTY,. = z RM2 - Cyn - five - (TES,c + TFNS) Vn € N, ec € EC (E2)
SEME

To estimate the probability distributions of the human toxicity impacts associated with metal
emissions, we perform 10,000 Monte Carlo simulations in which RM;, Cs , and f; o are sampled
from uniform distributions, which avoids introducing unsupported assumptions by treating all
values within the plausible range as equally likely. f; .. changes between 0 and 1 to account for
metal mobilization driven by possible fluctuations in soil pH and redox potential’®, RM; varies
between the minimum and maximum values estimated across the inland scenarios modeled for

each rock type, and Cj ,, takes values within the ranges reported in the literature®*’=°,

Figure 1 outlines the methodological sequence followed in this study. Additional data and
assumptions underpinning our models are described in Section 3 of the Supporting Information.

Life cycle inventories are compiled in the Supporting Data®’.
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Fig. 1. Data flow and integrated methodological framework used for the prospective life cycle
assessment of the enhanced weathering scenarios.



Results

Delay in climate benefits

Figure 2 illustrates how the GGR efficiencies of our scenarios improve as the rocks progressively
weather over time, increasing CDR. GGR efficiencies are dictated by the weathering rates, with
scenarios considering theoretical kinetic data achieving better outcomes than those based on
the slower rates reported in experimental studies. As expected, in the theoretical scenarios
assuming identical particle sizes and soil conditions, dunite outperforms basalt because of its
higher alkalinity content, which implies that less rock is required to achieve the same CDR
(Supporting Figure S2). We also observe lower GGR efficiencies for scenarios starting in 2030
(Figure 2a) relative to 2050 (Figure 2b), as the gradual adoption of decarbonization measures

increasingly reduces the carbon footprint of the activities involved in the rock supply chains.

a. Rock application in 2030 b. Rock application in 2050
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Fig. 2. Evolution of greenhouse gas removal (GGR) efficiencies over 100 years, considering
experimental?3236:54-56 3nd theoretical®® data for the application of dunite and basalt on coastal and
inland environments. The shaded areas represent the uncertainty in the results. a Single rock application
in 2030. b Single rock application in 2050.

In the inland scenarios modeled after experimental results, initial CDR is insufficient to offset
greenhouse gas emissions associated with rock extraction, transportation, and processing,
which are assumed to occur in the year that the rock particles are applied to the soil. Indeed,

these experimental scenarios only attain positive GGR efficiencies (removing more CO,eq than



is emitted) 2-14 years after the rock application (central values), with the exact timing depending
on the scenario and year of deployment. If the least favorable parameters are considered, it

takes up to 34 years for rock particles applied in 2030 to achieve net CDR.

323656 achieve modest GGR

While the inland scenarios based on experimental data from
efficiencies by the end of the 100-year time horizon (0.44-0.60, central values), the scenario
considering data from a field trial with basalt® yields higher GGR efficiencies (0.71-0.79), similar
to those of the scenario relying on theoretical basalt weathering rates. Indeed, this is the only
scenario based on experimental data that achieves complete weathering within 100 years
(Supporting Figure S3 and Table S4). This discrepancy could be attributed to differences in the
methods used to quantify weathering rates; studies 32356 determined these rates based on
alkalinity concentrations in the effluent of the experimental set-ups, whereas 3! relies on the

residual cation content measured in soils. This soil-based technique assumes that all cation

losses lead to CDR, overlooking cation uptake by plants and formation of secondary minerals®Z.

The coastal enhanced weathering scenario based on >* does not show a significant delay in the
climate benefits, achieving GGR efficiencies of 0.73-0.84 at the end of the 100-year time horizon.
By contrast, the coastal scenario modeled after >® attains worse results (positive GGR efficiencies
2-9 years after the rock application, reaching values of 0.50-0.62 after 100 years), although it
outperforms the inland scenarios using the same rock type. This could be in part due to the
advantageous conditions of the simulated coastal environments, where dunite particles were

directly subjected to agitation in seawater, omitting the initial transport phase.

The theoretical scenarios attain the highest GGR efficiencies for each rock type (0.73-0.96 at the
end of the studied period). Notably, GGR efficiencies in the dunite theoretical scenarios stabilize
shortly after the initial peak in emissions because weathering happens quickly. Here, 100% of
dunite grains have weathered 14 years after being applied, while basalt reaches this point 70
years after the rock application (Supporting Figure S3 and Table S4). Conversely, the GGR
efficiency curves for the scenarios based on experimental data present a slight decline after
reaching their maximum values. The reason is that the denominator of the GGR efficiency
(Equation E1) grows faster than the numerator because the dynamic global warming potential

progressively decreases over time, becoming 0 at the end of the time horizon.

Results for enhanced weathering scenarios aligned with alternative climate change mitigation
pathways (Supporting Figure S4) follow the same patterns but exhibit variability in GGR

efficiencies relative to SSP2-PkBudg1000 (Figure 1). Specifically, efficiencies decrease by up to



20% at the end of the studied period under the SSP1-NPi scenario, whereas they increase by up
to 18% under the SSP2-NDC pathway. The latter enforces more aggressive decarbonization
targets, thereby reducing the upstream greenhouse gas emissions associated with rock

processing and transport.

Health and ecosystem co-benefits offset by life cycle emissions

Here we evaluate how human health and ecosystem quality are affected by the gross removal of
100 Mt CO, in 2030 (Figure 3a) and 2050 (Figure 3b). We assume a regime of consecutive annual
deployments, where rock particles are initially applied in 2030, and the amount of rock
weathered the previous year must be subsequently applied to maintain a constant CDR rate
(details in Section 3.1 of the Supporting Information). Hence, the bulk of the rock processing
activities occur in 2030, which is reflected in the worse environmental performance of the

analyzed scenarios in the initial year.

In 2030, health and ecosystem impacts correlate inversely with GGR efficiencies, with the most
efficient scenarios yielding the lowest overall damage. Inland scenarios based on mesocosm and

323656 cause the most harmful effects during the initial year of

laboratory experiments
deployment (2.4-10°-3.6-10° DALYs and 5.4-103-7.9-10% species-year), which are comparable in
magnitude to 0.8-1.2% of the damage caused by COVID-19 in 20218 and to the loss of 0.3-0.5%
of the world’s terrestrial species in one year’. Notably, only the theoretical dunite scenarios
avert net health and ecosystem damage during the first year of rock application. In these cases,
the CDR co-benefits are enough to counterbalance the undesired consequences of resource use

and pollutant emissions on human health and ecosystems.

Conversely, in 2050 all scenarios prevent net ecosystem impacts (between 2.0-10% and 2.6-102
species-year), with the basalt scenarios exhibiting the worst outcomes. Only the three scenarios
considering basalt spreading on croplands generate net health damage (<1.6-10° DALYs).

Notably, basalt exhibits a wider variance than dunite across application environments.

The poorer performance of basalt scenarios in 2050 can partially be explained by basalt’s lower
alkalinity content, which entails that larger amounts of rock must be weathered to achieve the
same annual CDR as dunite, leading to higher upstream impacts. This scenario ranking deviates
from that of 2030, where the best-performing inland scenarios based on experimental results

corresponds to the basalt dataset with the highest temperature-normalized alkalinity dissolution
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rate (derived from 3!), whereas the dunite scenario with the lowest dissolution rate (data from

%) is the most damaging.

Equations SE12-14 in the Supporting Information explain these divergent trends. While the
amount of rock that must be applied in the initial year of deployment is inversely proportional
to the alkalinity dissolution rates, in subsequent years the amount of rock that has been
weathered—and must therefore be reapplied to maintain a constant annual CDR—is inversely
proportional to the rock’s alkalinity concentration. We note that health and ecosystem impacts
projected for alternative mitigation pathways (Supporting Figure S5) follow the same trends,

varying between -14% and +7% compared to the climate mitigation scenario considered here.

100 Mt gross CDR in 2030 100 Mt gross CDR in 2050
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Fig. 3. Human health and ecosystem impacts of removing 100 Mt CO: (gross) in 2030 and 2050,

|31,32,36,54—56

considering experimenta and theoretical®® data for the application of dunite and basalt on

coastal and inland (forestlands and croplands) environments. a Rock application in 2030 for the first
time. b Consecutive rock application in 2050.

Figure 4 displays the disaggregated health impacts of two representative inland scenarios based
on data from mesocosm experiments for basalt®? and dunite®®, with results tied to the unique
experimental conditions of each study. In the initial year of rock application (2030), >99% of the
undesired health impacts in both scenarios arise from the greenhouse gases, particulate matter

and toxic substances emitted throughout the rock supply chains and processing activities—over
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64% of which are linked to rock transportation (road transport distances of 180-250 km&2). In the
selected scenarios, the health impacts of removing 100 gross Mt CO; with basalt (Figure 4a) and
dunite (Figure 4d) in 2030 amount to 3.1-10° (2.2-10%, 4.4-10%) and 3.6-10° (1.9-10°, 8.4-10°)

DALYs, respectively.

After the initial year of rock application—when most of the rocks are mobilized—health outcomes
are primarily determined by the potential metal release and the CDR co-benefits. Our results
challenge the common assumption that basalt is safer than dunite, showing that the metals
contained in basalt could lead to greater health problems. Zinc emissions from basalt grains
applied to croplands can cause significant non-carcinogenic toxicity effects, leading to net health
damage in 2050: 7.6-10% (-8.4-10%, 3.3-10°) DALYs due to the removal of 100 gross Mt CO; (Figure
4b). Dunite can also emit zinc in lower amounts, but nickel-conducive to carcinogenic toxicity
impacts—poses a greater health risk with this rock. Nevertheless, the health co-benefits of CDR
could offset the toxicity effects of metal release from dunite, preventing net damage; the health
impacts of removing 100 Mt CO; by applying dunite to croplands in 2050 amount to -2.6-10* (-
8.0-10% 4.4-10%) DALYs (Figure 4e).

Spreading rock grains in forests is less hazardous to humans because of the lower risk of metals
entering the food supply chain. The gross removal of 100 Mt CO; in 2050 with basalt applied to
forestland can also avert net health damage, i.e., -5.9-10%(-8.9-10%, -2.8-10%) DALYs (Figure 4c),
similar to the net impacts prevented with dunite: -6.9-10* (-8.0-10%, -5.4-10%) DALYs (Figure 4f).
By contrast, if nickel is released into coastal environments at high rates such as those reported
in >*, the associated toxicity effects could offset as much as 91% of the health co-benefits of CDR

in the initial year of deployment (Supporting Figure S6).

As Supporting Figure S7 shows, the damage to ecosystem quality due to metal release is
negligible in the experimental inland scenarios, where >66% of detrimental ecosystem impacts
are attributed to global warming and land use associated with rock transportation and quarry
operations. The difference in ecosystem damage between croplands and forestlands is driven
primarily by the distinct fertilization effects of phosphorus release in these environments.
Conversely, the ecotoxicity effects of nickel emissions could play a more important role in marine
environments, offsetting up to 87% of the CDR ecosystem co-benefits of the coastal enhanced

weathering scenarios in 2030 (Supporting Figure S6).
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Initial rock application Consecutive rock application

a. Inland, mean, 2030 b. Cropland, 2050 c. Forestland, 2050
5
0.3 1 0.3
2 5
o g%
w . 0.2 1 0.2
g = -
5 57 —
e ] 4 p
& g 0.1 . 0.1
2 -
8 [} —
o 2 i 0.0 0.0
b = Y T
g- E ] - . = ﬁ *
;) @ i ~0.1 1 —0.1 —t—
g o =m0 i — —— T .
a
\ﬁo 5 d e, f
—
* 0.3 1 0.3
e o
t S 4
2 O ; —— | 02 0.2 1
£ T -
= P a
£ 9]
- [= 1 - 1
& 5 5 — 0 0
£ £ 27
e <
© 0.0 1 0.0
E £ - & ¢
Z S }
3 __ == i .
o - - —0.1 A —0.1 1
. T T T T T T T T T T T T T T
GW PM CT NCT Other GW PM CT NCT Other GW PM CT NCT Other

Midpoint impact categories

No CDR baseline Electricity B Fertilization effects Cd emissions BV emissions
» Net damage EEN Transport E 7n emissions As emissions B Other metal emissions
HEEl Quarry operations Rock spreading Ni emissions I Ba emissions Hm Removed CO;

Fig. 4. Human health impacts of removing 100 Mt CO: (gross) in 2030 and 2050, considering initial rock
application in 2030 and consecutive applications in subsequent years. Data from 3236, Error bars
represent the uncertainty in the results. Impacts disaggregated by the contribution of i) unit processes
and direct emissions, and ii) environmental mechanisms: global warming (GW), fine particulate matter
formation (PM), carcinogenic toxicity (CT), non-carcinogenic toxicity (NCT), and others (tropospheric
ozone formation, stratospheric ozone depletion, ionizing radiation, and water consumption). a Basalt
application to cropland/forestland (mean), 2030. b Basalt application to cropland, 2050. ¢ Basalt
application to forestland, 2050. d Dunite application to cropland/forestland (mean), 2030. e Dunite
application to cropland, 2050. f Dunite application to forestland, 2050.
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Basalt entails higher toxicity risks than dunite in the long term

Potential metal release to agricultural soils introduces significant uncertainty into the human
toxicity assessment (Figure 4). To address this knowledge gap in the long-term fate of metals, we
conduct Monte Carlo simulations characterizing the probability distribution of toxicity impacts

associated with metal emissions from basalt and dunite applied to croplands (Figure 5).

a. Basalt b. Dunite
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Fig. 5. Probability distributions of toxicity-driven human health impacts from metal emissions to
agricultural soil, calculated with the hierarchist perspective of the ReCiPe 2016 method. Data represent
Monte Carlo simulation results for the annual removal of 100 Mt CO2 (gross) using a Basalt. b Dunite.

We find that deploying basalt and dunite to remove 100 Mt CO; entails a 66% likelihood that
associated metal emissions would lead to health impacts exceeding 1.2-10° and 4.0-10* DALYs,
respectively. The median health toxicity effects linked to metal release from basalt are 1.7-10°
DALYs (66% likelihood: 6.6-10%-2.9-10° DALYs, Figure 5a), 3.5 times the impacts associated with
dunite, i.e., 4.9-10* DALYs (66% likelihood: 2.8-10%-7.1-10* DALYs, Figure 5b). Although the toxicity
effects of basalt are more dispersed than those of dunite (coefficients of variation: 0.58 and 0.43,
respectively), the low overlap between the likely toxicity ranges of the two rocks highlights the

higher risks of basalt.

The probability distribution of basalt’s toxicity effects is virtually flat shaped across a wide range
of values, consistent with the underlying uniform distributions. Since uniformly distributed
variables are combined multiplicatively (equation E2), combinations of high values reinforce one
another, producing large outcomes. This amplification stretches the right tail of the distribution

and generates the observed positive skewness.

By contrast, the dunite distribution follows a highly symmetric and unimodal shape, indicating
that outcomes near the median are significantly more likely than extreme values. Although the

metal emissions from dunite follow uniform distributions (Supporting Figure S8), its aggregate
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toxicity effects are dominated by two metals—nickel and zinc—with different characterization
factors, whereas basalt’s toxicity is mainly driven by zinc (Figure 4). Hence, the combination of
distinct toxicity contributors in dunite leads to a probability distribution converging toward a

Gaussian shape, consistent with the central limit theorem?®?,

The metal-induced toxicity effects depicted in Figure 5 are calculated using characterization
factors that reflect impact mechanisms based on current scientific consensus and a 100-year
time horizon. Nevertheless, metal toxicity impacts are highly dependent on the selected
timeframe®. As shown in Supporting Figure S9, alternative value choices—regarding time

horizons and acceptable degrees of scientific evidence—yield different results.

Notably, if a precautionary framework based on an infinite time horizon is adopted, the toxicity
impacts of both rocks increase by one order of magnitude. By contrast, under a 20-year techno-
optimistic perspective, the human toxicity impacts of dunite and basalt are one and three orders

of magnitude lower than in the consensus-based perspective, respectively.

Under the optimistic perspective, basalt is preferable to dunite. The reason is that nickel poses
a greater risk than zinc via inhalation and drinking water consumption—the only human exposure
routes considered in the short term. Conversely, over longer timelines where exposure via food
intake is accounted for, the bioaccumulation of zinc in food products causes basalt’s integrated

toxicity score to overtake that of dunite.

Discussion

Our analysis reveals the potential risks of relying on enhanced weathering forimmediate climate
benefits. Notably, inland scenarios based on experimental weathering rates show a median 11-
year lag between the initial rock application in 2030 and the onset of net CDR. Although the
estimated delay remains sensitive to the uncertainties inherent in the weathering rate
measurement techniques used in the considered experimental studies, our results suggest that
representative weathering rates may be insufficient to offset the peak in greenhouse gas
emissions associated with the rock supply chain and processing activities within climate-relevant
timeframes. Such delays in net CDR imply that enhanced weathering should not be viewed as
an emergency intervention to rapidly shorten the duration of a temporary temperature

overshoot, as the initial carbon debt could lead to additional warming in the near term.
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While these kinetic barriers could be bridged—via optimal grain size®, site selection®, irrigation®,
pH management®8¢, or the integration of biological accelerators such as mycorrhizal fungi®’—the
potential health risks associated with metal leaching remain a concern. Our probabilistic analysis
reveals that the long-term toxicity effects of basalt applied to croplands—primarily driven by zinc
emissions—are greater than those of the dunite needed to achieve the same CDR and could
counteract the health co-benefits of negative emissions. Thus, these findings challenge the

notion that basalt is safer because of its lower nickel content.

Even if new research suggests that harmful metals are largely retained in the soil over meaningful
timescales, their eventual release remains sensitive to future perturbations in the soil pH and
redox conditions’®. These changes are driven by an interplay of physicochemical and biological
processes’®® that are difficult to monitor and regulate at scale—such as atmospheric deposition
and the resulting soil acidification, or soil respiration, which alters CO, and oxygen levels in pore
water. Consequently, it is essential to include potential metal emissions in life cycle and risk
assessments. Future studies should investigate potential mixed-metal ‘cocktail effects’ to

determine whether concurrent metal releases compound cumulative toxicity®°.

Despite these uncertainties, the likelihood of trace-metal mobilization triggered by redox shifts
could be reduced by avoiding areas with low pH buffering capacity®® and poorly drained soils®.
However, given the complexity of soil biogeochemistry and based on these preliminary results,
it may be advisable to adopt a precautionary approach by prioritizing non-agricultural areas for
enhanced weathering trials. This could mitigate the projected risk of toxic heavy metals entering

the food supply chain, thereby minimizing the potential for human exposure.

Our findings highlight that a robust monitoring, reporting, and verification framework,
underpinned by field-scale evidence, remains essential to safeguard the integrity of carbon
markets. Until kinetic lags and heavy metal dynamics are better understood, the sale of CDR
credits from enhanced weathering may be premature. In the interim, investments should target
pilot deployments designed to resolve these uncertainties and lay the scientific foundation for a

safe and sustainable CDR industry.
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The data supporting these findings are available in the Supporting Information and the

Supporting Data® (https://doi.org/10.5281/zenodo.16094445).
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1. Nomenclature

We define these main sets:
D :={d | d € Enhanced weathering datasets}
E = {e | e € Endpoint impact categories}

EC := {ec | ec € Environmental compartments}
L :={l | | € Locations}

M :={m | m € Midpoint impact categories}

N :={n | n € Rock types}

S :={s | s € Elementary flows}

T :={t | t € Number of years after the rock application}

TP :={t’ | t* € Number of years after pulse emission}

Y :={y | y € Years of rock application}

We also define the following subsets:

J :={s | s Greenhouse gases}
ME :={s | s Metals}

Table S1. Parameters and variables used to estimate
the greenhouse gas removal efficiency and health and ecosystem impacts.

Symbol Description Unit

a’ CO:2 fraction that remains in the atmosphere for an infinite -
number of years after a pulse emission

ad CO: fraction transferred to carbon sink g an infinite number of -
years after a pulse emission.

AGWP%’2 Absolute global warming potential of CO2 over a 100-year W-year/m?/kg
period

AGWP:’Z’ Absolute global warming potential of greenhouse gas s emitted ~ W-year/m?/kg
or removed in year t and quantified over period TH'

Cop Fraction of greenhouse gas s that remains in the atmosphere tP —
years after being emitted

CDRe.;,  Gross amount of CO2 removed from the atmosphere in year t kg/functional unit?
after deployment in year y

CF%,IsI,)ec,t Characterization factor quantifying the impacts of elementary unit of midpoint
flow s emitted to environmental compartment ec occurring t  impact®/unit of
years after rock application in terms of midpoint impact elementary flow®
category m

Dan’Ye” Factor converting midpoint impact m to endpoint impact e unit of endpoint

impact®/unit of
midpoint impact®
GGRn,, Greenhouse gas removal efficiency t years after deployment in  —

yeary

2 Functional unit: gross geochemical removal of 100 Mt CO2 in one year.
b Unit depends on the midpoint impact category (e.g., kgPMa.sfor fine particulate matter formation).
¢ Unit depends on the type of elementary flow (e.g., m? for land).

4 Unit depends on the endpoint impact category (e.g., DALY for human health).
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Symbol Description Unit

GHG..,, Grossamount of greenhouse gas s emitted to the atmosphere kg/functional unit?
in year t after deployment in year y

GWP, Global warming potential of greenhouse gas s emitted in yeart  kgCOzeq/kg

I Endpoint impact e in year y unit of endpoint

impactd/functional
unit?

NR, o1y Amount of natural resource s extracted from environmental unit of elementary
compartment ec in year t after rock application in year y flow/functional

unit®

Pgecty Amount of pollutant s (excluding greenhouse gases) emitted to  unit of elementary
environmental compartment ec in year t after rock application ~ flow/functional
inyeary unit?

PEFse..,  Amount of elementary flow s prevented from being exchanged  unit of elementary
with environmental compartment ec in year t after rock flow/functional
application in year y unit?

Qsecity Amount of elementary flow s emitted to environmental unit of elementary
compartment ec in year t after rock application in year y flow¢/functional

unit?

RF Radiative forcing of greenhouse gas s W/m?/kg

t Number of years after deployment year

t? Number of years after pulse emission year

79 Lifetime of CO2 perturbation in carbon sink g year

T Lifetime of greenhouse gas s in the atmosphere year

TFge,_. Toxicity factor quantifying the carcinogenic toxicity effects of DALY/kg
metal s emitted to environmental compartment ec

TFYE, Toxicity factor quantifying the non-carcinogenic toxicity effects ~ DALY/kg
of metal s emitted to environmental compartment ec

TH Time horizon year

TH' Time horizon spanning from the year of the emission to the year

final year of TH
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Table S2. Parameters and variables used in
the enhanced weathering models.

Symbol Description Unit
A Considered time interval year
CALK Alkalinity concentration in rock n mol/kg
CDR;jn ¢ CO2 removed during year t after a single rock application, kg
dependent on the type of data d, location / and rock n
CDRFY Functional unit: gross amount of CO2 removed via enhanced kg/year
weathering reactions within one year
Ea, Activation energy for the weathering of rock n J/mol
P, Theoretical CO2 removal potential of rock n kgCO2/kg rock
MMC02 €O molecular mass kg/mol
R Universal gas constant J/mol/K
RMg'l’n Mass of rock that must be initially applied to the soil, kg
dependent on the type of data d, location / and rock n
RM;‘}M Mass of rock applied annually after the initial year of kg/year
deployment, dependent on the type of data d, location / and
rock n
RMSYY, Amount of rock weathered from the time of application until kg
the end of year t, dependent on the type of data d, location /
and rock n
RMZ,’Zn‘t Remaining unweathered rock t years after application, kg
dependent on the type of data d, location / and rock n
spy Number of seconds in a year s/year
SSA;, Specific surface area, dependent on the type of data d and m?/kg
rock n
TR Reference temperature used for the normalization of rock K
weathering and alkalinity dissolution rates in this study
Tg',’n Temperature reported in the literature for rock weathering K
and alkalinity dissolution rates, dependent on the type of data
d, location / and rock n
w CO2 removal efficiency factor (moles of CO2 removed per mole —
of alkalinity released)
WR::I;:TR Alkalinity dissolution rate at 15 °C, dependent on the type of mol/m?/s
" data d, location / and rock n
wR o Alkalinity dissolution rate reported in the literature at mol/m?/s
din temperature T° for type of data d, location / and rock n
ROCK R Rock weathering rate at 15 °C, dependent on the type of data  kg/m?/s
ain d, location / and rock n
:‘I’C"TO Rock weathering rate reported in the literature at temperature  kg/m?/s
,Ln

T?, dependent on the type of data d, location / and rock n
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2. Methods

Here we describe how we estimated the greenhouse gas removal efficiency and the health and
ecosystem impacts.

2.1 Greenhouse gas removal efficiency

The greenhouse gas removal efficiency defined in Equation E1 of the main manuscript is
estimated with the time-dependent Global Warming Potential (GWP) of greenhouse gas s
emitted or removed in year t, expressed in kg CO,eq per kg of gas (GW P ;, Equation SE1).

GWP;, is derived from the methodology proposed in * to estimate dynamic characterization
factors for variable time horizons. With this method, the greenhouse gases emitted (or removed)
t years after the initial deployment will only contribute to (or prevent) global warming during a
time horizon TH' contained within the studied 100-year time horizon (TH), estimated as TH' =
TH —t.

GW P is computed as the ratio between the absolute GWP of greenhouse gas s emitted or

removed in year t and quantified over period TH' (AGWPSTf’, Equation SE2), and the absolute
GWP of CO, over a 100-year period (AGW P/, Equation SE3), both expressed in W-year/m?/kg.
These are calculated with the radiative forcing of the specific greenhouse gas (RF;, in W/m?/kg,
taken from 2) and the share of CO, (Equation SE4) and other greenhouse gases (Equation SE5)
that remains in the atmosphere t? years after a pulse emission (C.»). The parameters needed
to estimate C;,p (ag, a4, T4 and ;) are taken from

A TH'
GWPy =——r Vs€JteT (SE1)
T AGWP,
2
, tP=TH-t
AGWP{{ = f RF, - Coup-dtP VSEJtET (SE2)
tP=0
tP=TH
AGWngZ = f RP_:; ° Csltp ° dtp Vs = COZ (SE3)
tP=0
3 "
Cs_tp=a°+2a9-e_ﬁ Vs=C0,tPeTP (SE4)
g=1
_t?
Csep=e Ts Vs#CO0,tPeT? (SE5)

Figure S1 illustrates how the dynamic dimension of the greenhouse gas emissions is accounted
for in a hypothetical scenario where 1 tonne (t) carbon dioxide removal (CDR) and 0.5 t COeq
occur at t = 0, and 0.5 t CO; are additionally removed after 25 years. The curves in the figure
represent the instantaneous radiative forcing of the CDR and emission pulses, i.e., the global
warming impacts (expressed in W-year/m?) are estimated as the sum of the colored areas
between the curves and the x axis, which are negative for CDR and positive for CO, emissions.
As the figure shows, the prevented impacts of the second CDR pulse are only quantified for the
last 75 years of the considered 100-year timeframe and are therefore lower than the prevented
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impacts of the pulse emission of the same magnitude occurring at the beginning of the time

horizon.
No CDR baseline

1.5 4 — 11t COzeq
o 0.5 t CDR
5 0.5 t CDR (delayed)
S 1.0 -
G>J ~
s £
- = 05
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3O
>
E 0.0 4
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£ -0.5

TH—>
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Year
Fig. S1. Instantaneous radiative forcing due to Carbon Dioxide Removal (CDR) and greenhouse gas
pulse emissions. The areas under the curves represent the global warming impacts (in W-year/m?) over
a 100-year time horizon (TH).

2.2 Health and ecosystem impacts

We estimated the impacts of our scenarios on human health and ecosystems with the ReCiPe
2016* impact assessment method, which establishes a linear relationship between the damage
to these endpoint areas of protection and the elementary flows (natural resources and
emissions) in the life cycle inventories.

We calculated the impacts at the midpoint level-those related to environmental mechanisms
such as particulate matter formation or land use—by multiplying the amount of elementary flow
s exchanged with the environment due to the rock application in year y (Qsecty) by the
elementary flow’s characterization factor for midpoint impact category m (CF,",{”’S’,)EC,t). Notably,
when the health and ecosystem damage linked to the global warming midpoint impact category

are quantified, the characterization factor CFi 5, . equals the GW P, defined in Equation SE1.

Consistent with our goal of quantifying the impacts of CDR in year y (2030 or 2050), we only
consider the elementary flows happening during that year, i.e., the initial year of the considered
time horizon (t = 0). Since CDR happens progressively as rock particles weather, emissions
occurring after the initial year of rock application are allocated to subsequent CDR.

We applied a factor DF,EfZD to transform midpoint impacts into impacts on the endpoint area of

protection e (damage to human health or ecosystems). As Equation SE6 indicates, we calculate

IEND

ey »asthe sum of the endpoint impacts

the endpoint impacts of the CDR occurring in year y,
quantified over the selected time horizon.
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IeE:JI\’]D = Z Z Z Qs,ec,t,y ' CFrrA;I,IsRac,t ’ DFrg,IgD Vt=0,e€Ey€eY (SE6)

S€S eceEC me€M

The elementary flows Qgec:, (defined in Equation SE7) are those exchanged with the
environment throughout the rock supply chains, and include the removed CO; (CDR; ¢c=qir, 1,y ),
greenhouse gas emissions (GHGg ec=qir,t,y), Other pollutants (Psc.,) and natural resources
(NRs e t,y), plus the elementary flows prevented from being emitted or extracted as a result of
the fertilization effects associated with the released phosphorus. Note that the values of the
elementary flows removed or prevented (CDR ¢c—gir,t,y and PEFg . ,,) are <O0.

Qs,ec,t,y = CDRs,ec=air,t,y + GHGs,ec=air,t,y + Ps,ec,t,y + NRs,ec,t,y + PEFs,ec,t,y (SE7)
Vs€S, eceEC,teT,yeY

The ReCiPe 2016 impact assessment method handles uncertainty by defining three cultural
perspectives that group different sources of uncertainty and value choices. While the main
manuscript focuses primarily on the hierarchist middle-ground perspective, toxicity impacts
calculated for alternative perspectives are provided in the Supporting results section. Cultural
perspectives are defined as follows:

— Individualist (20-year time horizon). It quantifies short-term impacts based on a very high
level of evidence and technological optimism regarding human adaptation. Humans are only
exposed to metals through drinking water and air.

— Hierarchist (100-year time horizon). The considered timeframe and plausibility of impact
mechanisms are based on the scientific consensus. It considers all exposure routes.

— Egalitarian (infinite time horizon). It reflects the most precautionary approach for damage
modeling, considering all exposure routes.

The metal toxicity factors TFS,. and TF\% in Equation E2 of the main manuscript are calculated
as the product of CFpih, . - and DE;;%P for the human health (H) endpoint and the carcinogenic
(C) and non-carcinogenic (NC) toxicity midpoint impact categories, respectively (Equations SE8
and SE9).

TESe = CFYD, .- DEERP Vs e ME,ece ECm=C,e=H,t=0 (SE8)
TENG = CF)MP, .- DEEXP Vs € ME,ec e ECCm=NC,e=H,t =0 (SE9)

The characterization factors provided by the ReCiPe 2016 method to quantify human toxicity and

ecotoxicity are derived from the USES-LCA 2.0° model and the USETOX® database. These global

toxicity factors are directly proportional to the product of fate, exposure, and effect factors,
described below.

— Fate factors represent the environmental persistence of a substance, quantified as the
marginal change in the dissolved steady state concentration in an environmental
compartment due to a marginal emission change’.

— Exposure factors account for the fraction of a substance in a given environmental
compartment that is bioavailable. Human exposure occurs through inhalation or oral uptake
(via food or drinking water) and varies across geographical scales. Regional exposure factors
are ultimately aggregated into a global, population-weighted average. Notably, dietary
ingestion dominates human metal intake in the long term; it accounts for 98.7% and 86.7%
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(median) of the intake fractions when metals are emitted to agricultural and natural soils,
respectively. For metal emissions to seawater, exposure through food represents 100% of
the intake fraction’. Specifically, metals accumulate in food products through three
mechanisms: 1) crops take up metals from soil, 2) livestock ingest metals in feed, and 3) fish
absorb metals from contaminated waters’. For ecosystems, exposure factors represent the
dissolved fraction of a substance, which is assumed to be bioavailable®.

Effect factors quantify the toxicity effects of the emitted substance, derived from human and
ecological toxicity data®.
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3. Enhanced weathering models

Next, we summarize the key equations and variables, data sources, and main assumptions and
limitations of our models.

3.1 Equations and variables

The enhanced weathering life cycle inventories are estimated with two sets of data (d):
experimental (exp) and theoretical (th), differentiating between the rock type n (basalt or
dunite) and the location / of the rock application (inland or coastal).

We used the Arrhenius equation to calculate the alkalinity dissolution and rock weathering rates

ALK, R ROCK. R )
at a reference temperature T of 15 °C (WR,,,” and WR,, T, expressed in mol/m*/s and
ALK -0

kg/m?/s, respectively) based on the alkalinity dissolution and rock weathering rates (WRd In
ROCK
and WRd’l’n To) reported in the literature for temperature T¢2[,n, and considering activation

energy (Eay) values of 5-10* J/mol for basalt® and 6.09-10* J/mol for dunite®® (Equations SE10
and SE11). The temperature-normalized results are compiled in Tables 1.3 and 1.4 of the
Supporting Data®'.

Ea,(1 1
ALK ALK _—'<__—>
WR, T =WR, e B\ Tam) vdeexplelneN (SE10)
ROCK, _%<L_L)
ROCK R~ 70
WR,,. ™ =WR,, ™-e ®\T" Tan) vdethlelneN (SE11)

To calculate the mass of rock that must be initially applied to the soil (RMgll'n) in the inland and
coastal enhanced weathering scenarios based on experimental data, we used Equation SE12,
where CDRFU represents the functional unit (i.e., the amount of CO, removed within one year,
expressed in kg/year), SSAg , is the rock specific surface area (SSA, m?/kg), spy is the number
of seconds in a year, and MM¢92 is the CO, molecular mass (kg/mol).

Previous studies have found that the dissolution of the silicate minerals is the rate limiting step
of the weathering reactions!?; hence, we assumed that the dissolved minerals can immediately
react with the dissolved CO,. We adjusted the stoichiometric CDR (one mole of atmospheric CO,
reacts with one mole of alkalinity released from the rock) with a CDR efficiency factor (w) of
0.775 (typically between 0.7 and 0.85)® to account for the conversion of some bicarbonate
anions to carbonate anions, which occurs under conditions of excess alkalinity and releases part
of the sequestered CO,. While prior studies estimate the fraction of rock dissolved with the

|12,14

shrinking core model*~*, it has been criticized for considering perfect spherical particles rather

than highly irregular grains, thereby underestimating the SSA and leading to longer dissolution
times!>'®. Hence, we opt for considering a constant SSA, consistent with previous analyses®>*’.
In the scenarios based on theoretical data, we estimated RMg‘l,n with Equation SE13, dividing
the annual CDR target by the product of the rock fraction that is weathered in one year and the
theoretical rock CDR potential B, (kgCO,/kg rock), which is based on the rock chemical
composition and accounts for the CDR efficiency factor.
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|CDRFY|

RMgll, = Vd=exp,lELNEN (SE12)
"t WRLTT . SSAqy - spy - w - MMCO2
o |CDRFY|
RMd,l,n = ROCK.r v d = th,l € L,n EN (SE13)
WRy ., " " SSAan - spy - Py

We use Equation SE14 to estimate the amount of rock that must be applied every year after the
initial deployment (RM,‘i“ll’n) to maintain a constant annual CDR rate. Since the amount of
alkalinity dissolved is directly proportional to the SSA, maintaining a constant CDR rate requires
keeping the total rock surface area constant over time. Hence, we assume that the annual rock

application equals the mass of rock that weathered during the previous year, estimated with
ROCK R . . ROCKT . . .
WR,,, = - For scenarios based on experimental data, WRd,l,n is calculated with Equation

SE15 based on the alkalinity concentration in the rock, CAX (mol/kg).

ROCK

RMZy, = RM3 - WRy, 7 - SSAqpn-spyVdE€D,I€LNEN (SE14)
WRALKTR
ROCK
WRdln " = Ciill? vd = exp'l ELNEN (SE15)
n

To calculate the dynamic CDR profile resulting from a single rock deployment, we use Equations
SE16-SE21. These equations describe how as the initially applied rock gradually weathers, the
remaining rock available for weathering decreases, thereby lowering the annual CDR.

The amount of CO, removed during year t after the rock application (CDR ; ,, +, €xpressed in kg)
is initially O (Equation SE16). In subsequent years, CDR ; ,,  is directly proportional to the mass
of rock that weathers in that specific year, as estimated by Equations SE17 and SE18 for scenarios
based on experimental and theoretical datasets, respectively.

Calculating the latter requires previously computing the cumulative amount of rock weathered
from the time of application until the end of year t (RMgfl’f‘n/’,t, in kg). This value is set to 0 initially
(Equation SE19) and calculated for subsequent years using Equation SE20, which considers the
weathering rates reported in the literature and the remaining amount of rock unweathered at
the end of the preceding year. The mass of rock that remains unweathered in year t after the

rock application (RM§}, ;, in kg) is calculated with Equation SE21.

CDRyint =0 VdeD,l€EL,nEN,t=0 (SE16)

UN ALK_R co
CDRyine = RMgyne—1-WR,,, -SSA-spy-A-w-MM""2 (SE17)

Vd=exp,lEL,NEN,t>0
— CUM _ cuM —
CDRd,l,?’l,t — PTL M (RMd,l,Tl,t RMd,l,n,t—l) V d — th,l E L,n E N,t > O (SE18)
RMEYM, =0 vdeD,leLneN,t=0 (SE19)
ROCKTR

RMG{3 e = RMg e - WRy, "+ SSA-spy - A+ RMG{}, (SE20)
vdeD,lelLneN,t>0

RMYY, .= RM3,,— RM§{¥,vdeD,leL,neN,teT (SE21)
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3.2 Scenario parameters

Table S3 summarizes the key characteristics of the studies upon which the enhanced weathering
scenarios were modeled. The parameters derived from these works are described in further
detail below.

We modeled two coastal enhanced weathering scenarios based on the total alkalinity dissolution

rates derived from laboratory experiments!®!®

where olivine particles were added to the
seawater and subjected to continuous rotation movements to simulate the weathering
conditions in coastal environments. In 8, experiments were conducted at 17 °C, and olivine
particles had an SSA of 0.295 m?/g and a median size (pso) of 143 um, with the size below which
80% of particles fall (pso) =200 um. We calculated the amount of dunite applied considering that
olivine makes up 90%2° of the rock, and an alkalinity content of 20.02 mol/kg dunite®®. In the
coastal enhanced weathering scenarios based on experimental data from 8, we assume that all
the nickel contained in the applied dunite is released in the year following rock application,

consistent with the high nickel dissolution rates reported.

In the scenarios modeled after the experiments described in *°, which were conducted at 15 °C,
Pso is 136+1 um, pgo equals 18642 um, and the SSA is 0.9+0.1 m?/g. The olivine share in dunite
was 90.54%, and the alkalinity content was 23.31 mol/kg dunite. We also considered the nickel
dissolution rates provided in both studies!®*°, and assessed how uncertainties in alkalinity and
nickel dissolution rates!®!° (compiled in Tables 1.3 and 1.5 in the Supporting Data'?) affected our
results. In both coastal enhanced weathering scenarios, we considered an application rate of 22
kg/m?, as in %°. This corresponds to the largest application rate across the experimental studies
simulating inland conditions. It was selected under the assumption that coastal scenarios permit
higher application rates because wave action and tidal transport accelerate the movement of
rock particles into the marine environment.

The inland scenarios deploying dunite are based on a mesocosm?® study conducted at =15 °C
and a laboratory?! experiment at 19 °C. Weathering rates were estimated from the amount of
magnesium initially contained in the rock that is dissolved during the experiments. In the
scenario modeled after 2°, we derive data from the experimental setup based on fine dunite
grains with a 90% olivine content and a magnesium-related alkalinity concentration of 22.04 mol
per kg dunite, considering an application rate of 22 kg/m? to the soil. The rock particle data are
as follows. Dominant particle size class: 25.5 um, pso: 43.5 um, SSA: 12.1 m?/g (range: 11.8-12.5
m?/g). For the uncertainty analysis, we estimate the range of alkalinity dissolution rates based
on the reported alkalinity concentrations at the outlet of the experimental setup.

In the inland scenario based on data from %, the application rate is 12.9 kg/m?. The dominant
particle size class is 125-212 um for dunite particles with an SSA of 3.04+0.03 m?/g, and we
estimate a pso of 368 um. We assume that 90% of the dunite content is olivine, consistent with
20 The alkalinity content associated with magnesium is 21.31 mol per kg dunite. Our uncertainty
analysis considers the reported range of alkalinity dissolution rates. We assume 0.1 g P,0s per

kg of rock across all the dunite scenarios?®21,

The experimental basalt scenarios are based on data from 2 and %, both considering a rock
application rate of 5 kg/m?. The alkalinity dissolution rates of the basalt scenarios are compiled
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in Table 1.3 of the Supporting Data'l. In the scenarios modeled after data from soil core
experiments?? at an average temperature of 12 °C, the mass of basalt needed is computed with
the alkalinity dissolution rates—estimated from the calcium, magnesium and sodium released in
the experiments—and the rock alkalinity content (10.4 mol/kg). Here, the dominant particle size
class is 63-250 um (pso= 250 um), the SSA is 9.23 + 0.076 m?/g, and the P,0s concentration is 9 g
P,0Os per kg of basalt. We analyzed the influence of the reported uncertainty in the alkalinity
release rate on our results.

The basalt particles in the scenario considering results from a field trial®® present a grain size pso

of 267 pum and an SSA of 1.02+0.014 m?/g?*. Since this study does not provide alkalinity
dissolution rates, we derived them from the reported CDR over a four-year period at an average

temperature of 10.9 °C*. We used a value of 5.25-102 kg CO, per kg basalt to solve Equation

SE12 for WRgiIflT (range considered for the uncertainty analysis: 3.35-10%-7.15-10% kg CO, per

kg basalt). The alkalinity (calcium and magnesium) content in the applied rock is 7.37 mol per kg
of basalt, whereas the P,0s concentration is 1.98 g P,Os per kg of basalt?.

In the theoretical scenarios, we took the rock weathering rates (and their corresponding
uncertainty ranges) estimated in > (Table 1.4 in the Supporting Data!) . We considered the
application of 15 kg/m? of rock particles with a uniform size of 25 pm and estimated the SSA
(1.28 m?/g) with the power function provided by °. We selected this particle size because it
corresponds to the lower end of the dominant class sizes across the experimental studies. Since
smaller particles present higher SSAs, leading to higher CDR rates, the theoretical scenarios serve
as a high-performance benchmark against which the experimental scenarios can be measured.
The assumed CDR potential P, of dunite and basalt is 0.95 and 0.3 kg CO, per kg of rock,
respectively®®, while the considered P,0s concentration in the theoretical scenarios is 0.1 g per
kg of dunite 202 and 2.36 g per kg of basalt?.

We calculated the electricity demand for the rock crushing and grinding operations using the
correlation between the particle size and the energy consumption provided in **. We assumed
an average road transportation distance of 215 km (range: 180-250 km)?’, based on scenarios
linking rock extraction sites and croplands in the United Kingdom. Finally, our inventories do not
include land occupation or transformation elementary flows in the foreground system because
croplands, forestlands and coastal areas continue providing the same services as prior to the
rock deployment.
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Table S3. Main characteristics of the source studies used for the enhanced weathering scenarios.
Data gaps (in italics) were taken from other studies or assumed (a) by the authors.

Experimental data

Theoretical data

Dunite (D) Basalt (B) D/B
Coastal Inland Inland
Laboratory Laboratory | Mesocosm Laboratory | Mesocosm  Field -
Montserrat  Flipkens Amann Renforth Vienne  Beerling Strefler
et al. etal. etal. etal. etal. etal. et al.
(2017)%8 (2023)%° (2020)%° (2015)% (2022)2  (2024)% (2018)
Temperature
7 (°C) 17 15 15 19 12 10.9% 25
pso (Lm) 200 186 435 368 250 267 25 (a)
pso (Lm) 143 136 - - - - 25 (a)
Dominant
class (um) - - 25.5 125-212 63-250 - 25 (a)
SSA (m?/g) 0.295 0.9 12.1 3.04 9.23 1.02 1.28
Alkalinity 25.40 (D),
(mol/kgrock) 20.02 23.21 22.04 21.31 10.4 7.37 8.02 (B)
P20s 0.1%°21 (D),
(g/kg rock) 0.1%021 0.1%021 0.1 0.1 9 1.98 2.36%% (B)
Application
rate (kg/m?) 22% 22% 22 129 5 5 15
Initial pH 7.9-8.2 8.2 6.6 7.5¢ 7.72 6.1 7
Soil - - Sandy Calcareous  Loamy Silt -
properties laom loam

¢ pH of the control effluent solution used as proxy.
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3.3 Main assumptions and limitations

The functional unit—defined as the gross removal of 100 Mt CO, in one year—accounts for 26%
and 6% of the 2030 and 2050 CDR targets, respectively, within the selected climate change
mitigation scenario (SSP2-PkBudgl1000, projected with the REMIND 3.5 integrated assessment
model?®%).

While this value represents a conservative fraction of the theoretical global potential of
enhanced weathering (0.35-2.00 Gt CO, per year by 2050, according to previous techno-
economic analyses33!), other CDR methods are more likely to scale up faster since they are
currently better understood and present higher maturity levels®2. Hence, the functional unit
represents an ambitious yet realistic benchmark.

Ideally, the performance of enhanced weathering trials deploying dunite and basalt should be
assessed under equal experimental conditions to enable a fair comparison. This was not possible
due to the limited body of experimental results reported in the literature. However, the scenarios
based on experimental data allowed us to illustrate the performance gap between the
theoretical and experimental weathering rates (discussed in the main text).

To estimate the metal emissions to the soil (inland scenarios) and seawater (coastal scenarios),

33-35 and took those of dunite from

we considered the metal concentrations in basalt reported in
20 (Tables 1.1 and 1.2 in the Supporting Data®!). Although some experiments simulating inland
enhanced weathering conditions found slower dissolution rates for certain elements relative to
the alkaline metals driving CDR?*23¢, they did not quantify the accumulation of metals in the
soil surface, which could be substantial®’. Furthermore, metals can potentially be released due
to changes in the soil pH or redox conditions®3°, hard to control in an open field. Thus, our
uncertainty analysis considered that metals are released from the weathered rocks at rates
ranging between 0% (total retention) and 100% (complete mobilization), allocating the impacts

of the elementary flows occurring on a given year to that year’s CDR.

Moreover, while we consider global toxicity factors, metal bioavailability is highly dependent on
the soil conditions®’, and therefore the application of rock particles to specific locations could
lead to varying toxicity effects based on site-specific parameters. Toxicity outcomes are also
sensitive to assumptions regarding human adaptation; for instance, factoring in the deployment
of advanced water potabilization technologies highly efficient at metal removal could decrease
the human intake fractions via drinking water.

Our models do not account for the potential emission of fine particulate matter that could occur
during grinding processes!®. However, because the dominant particle size class considered in our
scenarios is significantly larger (225 um) than the hazardous threshold considered by the ReCiPe
2016 method (£2.5 um), we expect the potential contribution of fine particulates to the total
health effects of our scenarios to be minimal.

On the other hand, we consider that the release of phosphorus contributes to biomass
fertilization. However, our model does not account for the potential implications of concurrently
applying nitrogen fertilizers and rock particles to the soil; while the latter could partially abate
the fertilizer-derived N,O emissions, the weathering could be driven by HNO; instead of the
dissolved CO,, undermining the CDR efficiency***2. Furthermore, enhanced weathering could
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lead to additional CDR—not quantified here due to data limitations—through an increase in soil
organic carbon®** or improved soil structure and water retention®. Another limitation of our
models is that they do not reflect the potential co-benefits of counteracting soil and ocean
acidification®, as the ReCiPe 2016* impact assessment method lacks characterization factors to
guantify the alkalinity-induced neutralization effects of enhanced weathering.

Finally, our inventories are based on global market activities, which implies that the deployment
of enhanced weathering in specific locations could lead to different results due to differences in
the inventory activities such as the electricity mixes.
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4. Supporting results

Here we present additional results to complement the discussion in the main manuscript. Figure
S2 shows the time-dependent global warming impacts of our scenarios expressed per t of rock
deployed. Figure S3 displays the fraction of rock particles weathered over time following the
initial application.

a. Rock application in 2030 b. Rock application in 2050

Global warming impacts (tCOzeqg/t rock)

.0+ T T T T T T T T T
2030 2050 2070 2090 2110 2130 2050 2070 2090 2110 2130 2150

Year Year
== Dunite, inland, theoretical data (Strefler et al.,, 2018) —— Dunite, inland, lab data (Renforth et al., 2015)
- =+ Basalt, inland, theoretical data (Strefler et al., 2018) ~—— Dunite, inland, mesocosm data (Amann et al., 2020)
——— Dunite, coast, lab data (Montserrat et al., 2017) —— Dunite's theoretical CDR potential
—— Dunite, coast, lab data (Flipkens et al., 2023) —-— Basalt's theoretical CDR potential
—— Basalt, inland, field data (Beerling et al., 2024) CDR=CO;eq

— Basalt, inland, mesocosm data (Vienne et al., 2022)

Fig. S2. Evolution of global warming impacts associated with the deployment of 1000 kg of rock at
the beginning of the 100-year time horizon, considering experimental*®20-2347 gnd theoretical'®
data for the application of dunite and basalt on coastal and inland environments. The shaded areas
represent the uncertainty in the results. a Single rock application in 2030. b Single rock application
in 2050.
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Fraction of rock particles weathered

0 10 20 30 40 50 60 70 80 90 100
Year

— =+ Dunite, inland, theoretical data (Strefler et al., 2018)

==+ Basalt, inland, theoretical data (Strefler et al., 2018)

—— Dunite, coast, lab data (Montserrat et al., 2017)

—— Dunite, coast, lab data (Flipkens et al., 2023)

—— Basalt, inland, field data (Beerling et al., 2024)

— Basalt, inland, mesocosm data (Vienne et al., 2022)

—— Dunite, inland, lab data (Renforth et al., 2015)

Dunite, inland, mesocosm data (Amann et al., 2020)

Fig. S3. Fraction of rock particles weathered over 100 years following a single initial application,
considering experimental'®23 and theoretical®> data for the application of dunite and basalt on
coastal and inland environments. The shaded areas represent the uncertainty in the results.

Table S4 shows the number of years required to achieve complete weathering in each scenario.

Table S4. Number of years required to achieve complete weathering in each scenario.
Scenario Years to achieve
complete weathering
Dunite, inland, theoretical data (Strefler et al., 2018)% 14

Basalt, inland, theoretical data (Strefler et al., 2018)% 70

Dunite, coast, lab data (Montserrat et al., 2017)1® 113 (91, 147)
Dunite, coast, lab data (Flipkens et al., 2023)%° 561 (442, 716)
Basalt, inland, field data (Beerling et al., 2024)%3 91 (64, 148)
Basalt, inland, mesocosm data (Vienne et al., 2022)?? 249 (231, 270)
Dunite, inland, lab data (Renforth et al., 2015)% 824 (288, 2350)

Dunite, inland, mesocosm data (Amann et al., 2020)% 1115 (746, 2099)
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Figures S4 and S5 illustrate the greenhouse gas removal efficiencies and endpoint (human health
and ecosystem) impacts, respectively, for enhanced weathering scenarios aligned with

alternative climate change mitigation pathways.

Rock application in 2030

b. Rock application in 2050
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—==+ Basalt, inland, theoretical data (Strefler et al., 2018)
~— Dunite, coast, lab data (Montserrat et al., 2017)
—— Dunite, coast, lab data (Flipkens et al., 2023)

+ CDR=CO,eq

2130 2050 2070 2090 2110 2130 2150
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—— Basalt, inland, field data (Beerling et al., 2024)
—— Basalt, inland, mesocosm data (Vienne et al., 2022)
- Dunite, inland, lab data (Renforth et al., 2015)
~— Dunite, inland, mesocosm data (Amann et al., 2020)

Fig. S4. Evolution of greenhouse gas removal (GGR) efficiencies over 100 years, considering
experimental'®2® and theoretical'® data for the application of dunite and basalt on coastal and
inland environments. The shaded areas represent the uncertainty in the results. a Single rock
application in 2030, inventory data aligned with SSP2-NDC scenario. b Single rock application in
2050, inventory data aligned with SSP2-NDC scenario. ¢ Single rock application in 2030, inventory
data aligned with SSP1-NPi scenario. d Single rock application in 2050, inventory data aligned with

SSP1-NPi scenario.
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Fig. S5. Human health and ecosystem impacts of removing 100 Mt CO; (gross) in 2030 and 2050,
considering experimental'®23 and theoretical'® data for the application of dunite and basalt on
coastal and inland (forestlands and croplands) environments. a Rock application in 2030 for the

first time, inventory data aligned with SSP2-NDC scena
inventory data aligned with SSP2-NDC scenario. ¢ Rock
with SSP1-NPi scenario. d Consecutive rock application

NPi scenario

rio. b Consecutive rock application in 2050,
application in 2030, inventory data aligned
in 2050, inventory data aligned with SSP1-
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Figure S6 depicts the breakdown of health and ecosystem impacts for a coastal enhanced
weathering scenario, while Figure S7 shows the disaggregated ecosystem impacts of two inland
enhanced weathering scenarios.

a. Year 2030, initial rock application b.Year 2050, consecutive rock application
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Fig. S6. Health and ecosystem impacts of removing 100 Mt CO; (gross) in 2030 and 2050 through
coastal enhanced weathering, considering initial rock application in 2030 and consecutive
applications in subsequent years. Data from '8, Error bars represent the uncertainty in the results.
Impacts disaggregated by the contribution of i) unit processes and direct emissions, and ii)
environmental mechanism leading to health—global warming (GW), fine particulate matter
formation (PM), carcinogenic toxicity (CT), non-carcinogenic toxicity (NCT), and others (tropospheric
ozone formation, stratospheric ozone depletion, ionizing radiation, and water consumption)—and
ecosystem impacts—GW, land-use change (LUC), photochemical ozone formation (POF), ecotoxicity
(TOX), terrestrial acidification (ACID) and others (water consumption and eutrophication). a Health
impacts of dunite application, 2030. b Health impacts of dunite application, 2050. ¢ Ecosystem
impacts of dunite application, 2030. d Ecosystem impacts of dunite application, 2050.

43



Initial rock application
a. Inland, mean, 2030

Consecutive rock application

b. Cropland, 2050

C.

Forestland, 2050

80 1
.
—

60

40 A

207 -
=
B B

Basalt (Vienne et al., 2022)

-2

0

80 A

60 -

40 A

20 A
-

Ecosystem impacts (x10? species-year per 100 Mt gross CDR)

Dunite (Amann et al., 2020)

o e —

- = —&

GW LUC POF TOX ACIDOther

No CDR baseline
« Net damage
HEEl Quarry operations

Electricity
I Transport

Rock spreading

GW LUC POF TOX ACIDOther
Midpoint impact categories

B Fertilization effects
EEl Zn emissions
Cu emissions

Cr emissions
Ni emissions
I Ba emissions

LUC POF TOX ACIDOther

BV emissions

B Other metal emissions

M Removed CO;

Fig. S7. Ecosystem impacts of removing 100 Mt CO; (gross) in 2030 and 2050, considering initial

rock application in 2030 and consecutive applications in subsequent years. Data from 2%22, Error

bars represent the uncertainty in the results. Impacts disaggregated by the contribution of i) unit
processes and direct emissions, and ii) environmental mechanisms: global warming (GW), land-use

change (LUC), photochemical ozone formation (POF), ecotoxicity (TOX), terrestrial acidification

(ACID) and others (water consumption and eutrophication). a Basalt application to
cropland/forestland (mean), 2030. b Basalt application to cropland, 2050. ¢ Basalt application to
forestland, 2050. d Dunite application to cropland/forestland (mean), 2030. e Dunite application to

cropland, 2050. f Dunite application to forestland, 2050.

44



Figure S8 shows the probability distribution of the most impactful metal emissions, derived from
the Monte Carlo simulation results. The probability distributions of zinc emissions from basalt
(Figure S8a) and dunite (Figure S8c), alongside nickel emissions from dunite (Figure S8d), exhibit
a uniform-like, flat-topped shape. By contrast, the probability distribution of nickel emissions
from basalt (Figure S8b) features a sharp peak at lower emission values that tapers off into a
long right-hand tail.

This distinct shape arises because the literature-reported concentration range for nickel in basalt
(72-280 g/t rock) is significantly wider than that of zinc (Tables 1.1 and 1.2 in the Supporting
Data), compounding with the other variable parameters in Equation E2 of the main manuscript
during the Monte Carlo simulations to mathematically skew the resulting product distribution.

a
0.025

0.020 A

---- Median
~~~ 66% probability interval
---- 66% exceedance probability

Basalt

0 100 200 300 400 500 0 200 400 600 800 1000 1200

c
0.015

Probability distribution
a

Dunite

0 10 20 30 40 50 60 0 1000 2000 3000 4000
Zn emissions (g per gross t CDR) Ni emissions (g per gross t CDR)

Fig. S8. Probability distributions of selected metal emissions. Data represent Monte Carlo
simulation results for a Zinc emissions from basalt. b Nickel emissions from basalt. ¢ Zinc emissions
from dunite. d Nickel emissions from dunite.
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Finally, Figure S9 illustrates the probability distributions of the human toxicity impacts from
metal emissions, assuming basalt and dunite application to agricultural soils. The impacts are
calculated with the individualistic and egalitarian perspectives of the ReCiPe 2016 method.

Notably, under the individualistic perspective—where exposure via food intake is omitted—the
distributional trends observed in Figure 5 of the main manuscript are reversed. Specifically, the
concurrent impacts of nickel and other metals in basalt yields a symmetric, single-peaked shape
consistent with the central limit theorem® (Figure S9a). Conversely, dunite’s toxicity impacts
become predominantly driven by nickel alone, flattening its profile into a plateau-like shape in
accordance with the underlying uniform probability distributions (Figure S9b). The inclusion of
all exposure routes results in similarly shaped probability distributions across both the
egalitarian (Figures S9c and S9d) and hierarchist (Figure 5) frameworks.
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Fig. S9. Probability distributions of toxicity-driven human health impacts due to metal emissions
from basalt and dunite to agricultural soil, calculated with the individualist and egalitarian
perspectives of the ReCiPe 2016 method. Data represent Monte Carlo simulation results for the
annual removal of 100 Mt CO; (gross). a Basalt, individualist perspective. b Dunite, individualist
perspective. c Basalt, egalitarian perspective. d Dunite, egalitarian perspective.
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