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Abstract Removing carbon dioxide (CO2) from the atmosphere is required for mitigating cli-
mate change. Large-scale direct air capture combined with injecting CO2 into geological for-
mations could retain carbon long-term, but demands a substantial amount of energy, pipeline
infrastructure, and suitable sites for gaseous storage. Here, we study Earth system impacts of
modular, sun-poweredprocess chains, which combinedirect air capturewith (electro)chemical
conversionof the capturedCO2 into liquidor solid sinkproducts andsubsequentproduct storage
(sDACCCS). Drawing on a novel explicit representation of CO2 removal in a state-of-the-art
Earth system model, we find that these process chains can be renewably powered and have
minimal implications for the climate and carbon cycle. However, to stabilize the planetary tem-
perature two degrees above pre-industrial levels, CO2 capturing, conversion, and associated
energy harvest demand up to 0.46% of the global land area in a high-efficiency scenario. This
global land footprint increases to 2.82% when assuming present-day technology and push-
ing to the bounds of removal. Mitigating historical emission burdens within individual coun-
tries in this high-removal scenario requires converting an area equivalent to 40% of the Eu-
ropean Union’s agricultural land. Scenarios assuming successful technological development
could halve this environmental burden, but it is uncertain to what degree they could materi-
alize. Therefore, ambitious decarbonization is vital to reduce the risk of land use conflicts if
efficiencies remain lower than expected.

Introduction

Current andpledgedefforts to reducegreenhousegasemissions are insufficient to achievenet-
zeroCO2 emissions in2050and theParisAgreement’s target in2100 [1, 2]. To avoid exceeding
future carbon emission budgets, climate change mitigation scenarios heavily rely on artificial
carbon dioxide removal (CDR) from the atmosphere [3]. Proposed CDR approaches on land
include but are not limited to forestation, bioenergy production with carbon capture and se-
questration (BECCS), changing agricultural practices, enhancing mineral weathering, and dif-
ferent process chains which combine direct air capture (DAC) and subsequent carbon storage
[4]. They differ in resource and cost efficiency, technological readiness, and environmental im-
plications [5, 6]. Environmental consequences includepressure on land resources, biodiversity,
and food, exacerbated by a growing population [7]. Therefore, a portfolio of CDR measures is
most likely to emerge with continuously improving operability and scalability [8].

Removing CO2 in the projected order of 10 gigatonnes per year or more [3, 6] will demand
natural and economic resources [9]. CO2 fixation based on natural processes, such as foresta-
tion, BECCS, or enhanced weathering, is associated with high land and resource demand [8,
9, 10]. Biomass plantations also increase the use of freshwater and fertilizers and can offset
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Figure 1 | The concept of sun-powered direct air capture, CO2 conversion, and sink product storage
(sDACCCS). Here, we assume photovoltaics to power the DAC process stage. Solar energy also drives
the electrochemical conversion of captured CO2. The conversion into a permanently storable, carbon-
rich, and low-energy sink product either takes place in an integrated, photoelectrochemical device or
the solar absorber and electrolysis are separated.

their mitigation potential through biogeochemical and -physical effects [11, 12]. Given their
constraints, meeting large-scale CDR targets exclusively with nature-based CDR is impossi-
ble within the planetary boundaries [6, 11, 12]. These deficits make large-scale CO2 fixation
with purely technological DAC attractive. DAC is often understood to deliver CDR as part of a
process chain that injects the captured CO2 gas into bedrock or abandoned oil and gas fields
[4, 13]. However, process chains complementing DAC with (electro)chemical CO2 conversion
into sink products and storage of the products were also proposed (DACCCS) and could be
solar-powered (sDACCCS, Figure 1) [14, 15]. Carbon-rich but low-energy liquids or solids like
formate or oxalate are particularly suitable for long-term CDR because they are easy to store
and maximize removed carbon per unit of energy invested [14].

DAC process chains promise higher land use efficiencies than, for example, biomass-based
CDR, which may omit adverse climatological and biogeochemical effects [9]. Still, they are
technologically immature, cost-intensive, and energy-demanding [5, 6, 16]. Environmental
consequences, including land cover change, are often assumed to be low [16, 17]. The conse-
quences are, however, poorly constrained fromanEarth systemperspective, especially for pro-
cess chains requiring energy for CO2 conversion [6, 18, 19]. Also, the number of safe storage
sites is limited [6], and process chains building on direct gas injection for carbon storage could
increase the profitability of fossil fuel exploitation [13, 20, 21]. Here, proposed process chains
targeting carbon-rich solid or liquid sink products for permanent storage by (electro)chemically
converting the captured CO2 provide an alternative [14, 15]. This approachwould avoid incen-
tivizing hydrocarbon fuels because it maximizes the carbon and not the energy content in the
sink products and expands the scope of suitable storage sites beyond sealed geological reser-
voirs.
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Uncertainty dimension Spread covered by simulation experiments
CDR share in mitigation min – As implicitly contained in SSP 1-2.6 [29, 30] max – Pushing the limits of DAC deployment [cf. 6]
Deployment location Eql – Delocalized across suitable locations Prop – Localized according to emission burden [31]
Technological efficiency hE – Highly efficient, hoped-for technologies [14, 32, 33, 34] lE – Present-day process chain [35, 32, 33, 34]

Control experiment Description Purpose
Pathway control Only implicit CDR Evaluate implications of explicit CDR
Control Equilibrium simulation starting from 2015 emissions Estimate internal model variability

Table1 |Covering theuncertaintyspacewithscenarios for sDACCCSdeployment. All CDRexperiments
and the pathway control simulation target SSP1-2.6 [29, 30] and are CO2 emission-forced.

Converting captured CO2 into carbon-rich but low-energy sink products can be achieved
with electrochemistry. The energy for the electrochemical CO2 conversion can either be sup-
plied externally, for example through photovoltaics, or by a solar absorber that integrates with
the catalytic conversion reaction [14, 15]. At present, industrial-scale electrolysis would al-
ready be available for producing sink products out of CO2 and high conversion efficiencies have
generally been demonstrated [22]. However, integrated, photoelectrochemical designs with a
solar absorber in direct contact to the electrodes offers great benefits for conversion efficien-
cies [14, 15] and are actively developed on a lab scale. Conversion efficiencies promise more
efficient use of land resources thannatural photosynthesis, but have not been scrutinized in any
scenario experiments. Aside from the sink product design thatmaximizes safeCO2 removal per
unit of energy invested, sDACCCS can operate off the energy grid and neither requires the suit-
able sites and legal framework for gas injection nor extensive infrastructure for CO2 transport.
This modularity could facilitate fast scale-up. However, combining DAC-based process chains
with a carbon-freeenergy supply is crucial for carbon-negativity, nomatter if they achieve long-
term carbon removal by storing CO2 gas or a sink product [23, 24, 25, 26]. Including this en-
ergy harvest in the assessment of DAC-based technology is essential because the technology
could, otherwise, be carelessly perceived as a high-gain, low-side effect promise for reaching
net-negative greenhouse gas emission budgets and offsetting residual emissions [27, 8, 19].

Modular DACCCS process chains could be a strategic addition to future CDR portfolios.
However, their requirements for natural resources and monetary investments are uncertain
[6]. Incorporating potential pitfalls like non-CO2 effects within the Earth system into the de-
sign of CDR portfolios is equally important [28], especially if risks arise from CDR approaches
falling short of high expectations. However, large-scale Earth system impacts of DACCCS in-
cluding the required renewable energy harvest have not yet been assessed. Therefore, we ex-
amine implications of exemplary DACCCS process chains targeting a solid sink product within
anEarth systemmodel. We investigateCO2 capture and conversion into formate (HCO−

2 ) along
two technological pathways, one building on present-day and one on hoped-for technology.
To keep the scenarios comparable, we assume solar energy to drive the capturing and con-
version stages in both of them. This on-site energy harvest is included in the sDACCCS pro-
cess chains’ land demandwithout relying on grid electricity. To include pathway dependencies
andachieve comparabilitywithotherEarth systemsimulations,weconductmodel experiments
with a time-dependent CDR target, emission forcing, and land use scenario.

Our simulations cover three pivotal uncertainty dimensions for Earth system implications
sDACCCS: (i) reliance on CDR, (ii) spatial deployment, and (iii) technological efficiency (Table 1;
further details on the scenario design in the methods section). Side effects typically scale with
the need for CDR, the first uncertainty dimension. Our simulation ensemble covers a low and
a high level of explicit CDR forcing, which both result in a net emission forcing compatible with
the extended shared socioeconomic pathway [29, 30] (SSP) 1-2.6. Given the Earth system’s
heterogeneity, the localization of CDR can be relevant for its Earth system implications. Here,
two stylized burden-sharing scenarios span the uncertainty space of potential sDACCCS de-
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ployment locations. Finally, the energy efficiency of any terrestrial CDR process chain influ-
ences its land use efficiency [9, 25]. In our experiments, sDACCCS efficiencies either corre-
spond to a present-day technology state employing DACwith industrial-scale electrolysis or a
state combining DAC with integrated photoelectrochemical CO2 conversion. Both technology
scenarios assume solar energy to power the whole sDACCCS process chain.

We examine the impact of sDACCCS on climate, land carbon stocks, and land cover at re-
gional and global levels, utilizing a state–of–the–art Earth systemmodel (ESM). To our knowl-
edge, the framework, asdescribed in the subsequentmethods section, is thefirst explicit, inter-
active, and dynamic representation of a purely technological CDR approach in an ESM [cf. 12,
18, 36]. The implementation allows us to explicitly simulate first-order interactions of sDAC-
CCS with the climate and carbon cycle, including those induced by solar energy harvest, phys-
ical surface modifications, and land use change. In emission-driven experiments spanning the
three uncertainty dimensions identified above (Methods), we dynamically adjust the CDR cover
in space and time in response to actual CO2 removal. We can hereby establish a first estimate
for the climatic impact and land footprint of the different sDACCCS process chains and sce-
narios up to the year 2200. Within the limitations of our model, we find no significant and
persistent non-CO2 effects on the climate and terrestrial carbon cycle (Results, Discussion).
However, depending on technological progress and spatial layout, the land conversions asso-
ciated with sDACCCS (Results) could co-determine if societies want to implement such highly
efficient but costly CDR approaches (Discussion).

Methods

Weemploy amodified version of theMax Planck Institute forMeteorology Earth systemmodel
v1.2 (MPI-ESM) [37, 38] to quantify interactions of sDACCCS within the Earth system. MPI-
ESM is specifically calibrated to the anthropogenic warming [37] and contributes to IPCC’s
physical science basis through the coupled model intercomparison project (CMIP) phases 4–
6 [39, 37, 18, 40]. The simulated land carbon cycle agrees well with observations [37] and its
response to CO2 forcing is close to the CMIP5 and 6 multi-model means [40]. MPI-ESM con-
tains submodelsof theatmosphere [41, 42], landsurface [38], oceanandsea icedynamics [43],
andmarine biogeochemistry [44]. Its landmodel JSBACH3.2 is themain interface for incorpo-
rating land-based sDACCCS process chains as it provides radiative, momentum,moisture, and
gas exchangewith the atmosphere. Further, the landmodel parameterizes vegetation compe-
tition, photosynthetic productivity, vegetation–climate interactions, and anthropogenic land
use change. Representing sDACCCS inMPI-ESMalso requiresminor adjustments to the land–
atmosphere coupling but they are restricted to passing additional variables between submod-
els and coupling explicit CDR to the atmospheric balances. We use a horizontal grid spacing of
approximately 200 km for atmosphere and land (T63 spectral truncation) and about 150 km for
the ocean [37].

The representationof sDACCCSprocess chainswithin JSBACHhasfiveprimarygoals: (i) pre-
dict their land use requirements under different irradiation conditions, (ii) simulate their im-
pacts on the surface balances that are associated with changes in the physical surface proper-
ties, (iii) parametrize theCO2 sequestrationunder technological uncertainty, (iv)model changes
in sDACCCS land cover and consequences for land-stored carbon interactively and explicitly
based on SSP-derived scenarios, and (v) minimize the interference with existing process mod-
els toensure consistencybetweensimulationswith andwithout sDACCCS.Therefore, ourmain
extensions to JSBACH comprise (Figure S1):

• a new land cover class and type which represent sDACCCS in JSBACH’s surface tiling
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scheme (Supplementary Information (SI))

• an implicit handling of sDACCCS on the unvegetated fraction of land when computing
grid cell-averaged surface properties (SI)

• a zero-dimensional parametrization of the CO2 withdrawal through sDACCCS

• a dynamic scheme for deploying sDACCCS on the land surface based on the simulated
potential withdrawal and spatiotemporal CDR targets

• amended rules for anthropogenic land cover change,whichprioritize agricultural landuse
transitions over those through sDACCCS (SI) and cover changes in carbon and nitrogen
pools.

Parameterizing CO2 withdrawal through sDACCCS

The working principle of sDACCCS process chains is to store solar energy in the molecular
bonds of liquid or solid carbon-rich products [14]. A solar absorber excites charge carriers
through the photoelectric effect. The catalyzed reduction of carbon dioxide molecules subse-
quently consumes these electrons, either in an integrated device as suggested byMay and Re-
hfeld [14] and covered in our high efficiency (hE) technology scenario or in an industrial-scale
electrolysis as assumed in the low efficiency (lE) scenario. Solar energy powers CO2 capture
(hE, lE) and electrolysis (lE).

A zero-dimensional model parameterizes these sDACCCS process chains (Figure S5), by
deducing the CO2 withdrawal from the incident irradiation along a sequence of process steps
which consecutively reduce theamountof energyavailable forCO2 fixation (SI). Fromourmodel’s
perspective, the lE and hE technology pathways differ by conversion efficiencies along the pro-
cess chain (all parameters in SI). Thus, by reducing the conversion efficiency, we account for
system losses and solar energy harvesting. We choose formate as an exemplary sink product
because it has a high, but not optimal solar–to–carbon (STC) efficiency and can form a min-
eral that is easy to store [14]. Products like oxalate would beat the STC efficiency of formate
substantially [14]. Thus, we deliberately assume a moderate upper bound for the maximum
removal efficiency of sDACCCS. For the radiative balance, we draw on the radiation scheme
of the ECHAM6.3 atmosphere model, but include the thermal cooling effect that results from
CO2 fixation in an integrated process chain.

Irradiation is the only climatic variable directly driving CO2 sequestration and storage in our
model. For hE, assumingnoeffect of temperatureon the catalyzed reaction’s efficiency ismoti-
vated by the large uncertainties of system efficiencies. In the case of lE, we assume electrolysis
temperatures can be controlled. Because technological developments are currently uncertain,
we neglect the effect of temperature on the CO2 capturing stage. Further, we assume conver-
sionefficiencies to level offaccording toa sigmoid curveat low localCO2 surface concentrations
(SI).

CDR land cover dynamics

Biophysical interactions and feedbacks in the Earth system, such as effects of vegetation com-
position and land carbon uptake, depend on the CO2 concentration. Therefore, precisely con-
trolling theeffectiveCO2 emission forcing is essential formaintainingconsistencyamongsDAC-
CCS simulations and control experiments. However, achieving the same effective forcing, ir-
respective of individual spatiotemporal CDR targets, is challenging because the explicit CO2

removal itself responds to climate variability, land availability, and the spatial layout. If only
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spatially resolved CDR area changes from theoretical calculations were prescribed, the net
emission forcing between experiments and different realizations of the same experiment could
drift apart. Therefore, we develop a scheme, which dynamically determines fractional changes
in sDACCCS cover based on spatial deployment weights and global SSP-derived CDR targets.
The scheme simultaneously accounts for every grid cell’s CO2 withdrawal potential in response
to climate variability and land use constraints, corrects previous offsets to the targeted CDR
pathway that are due to variability, and determines the necessary land cover change to meet
the spatiotemporal CDR targets (SI, Figure S3).

BecauseCO2 removal throughsDACCCS is explicit inourmodel,weadaptMPI-ESM’s spatially-
resolved emission forcing such that the net forcing remains in line with the respective SSP.
Starting from a forcing baseline, we rescale all grid cells with a positive emission flux according
to their relative contribution to the global emissions (Figure 2a, SI). Greenhouse gases besides
CO2 are concentration-forced and always follow SSP3-7.0. In experiments beyond 2100, we
extend the modified CO2 emission forcing and other greenhouse gas forcings as described by
Meinshausen et al. [30]. In all simulations, non-sDACCCS land use forcing [45] follows Sce-
narioMIP [46] protocols along SSP3-7.0. Different SSP land use forcings could result in in-
compatible CDR scenarios, because some of them implicitly contain biomass plantations and
forestation for CDR purposes. By applying the same forcing baseline in all experiments and not
varying land use requirements for any other land cover than sDACCCS, we isolate its effects on
the Earth system.

Scenario design

Our study’s simulation experiments cover three uncertainty dimensions. The shared socioe-
conomic pathways [29] (SSPs) and their extensions to 2500 [30] estimate the need for CDR,
the first of these dimensions. These pathways provide self-consistent storylines concerning
energy demand, warming target, carbon pricing, land use, and the emission budget [29]. Al-
though the SSPs underestimate alternatives to CDR [48], we let emission forcings effectively
follow SSP 1-2.6 (Figure 2a, b). SSP1-2.6 is compatible with limiting global warming below
2°C at a probability > 67% [3]. Because the SSPs do not define spatially explicit DAC targets,
this pathway is a globally evolving control for our experiments. To capture a large spread of
CDR reliance under the same emission pathway, we further utilize SSP3-7.0, which is close to
the world’s current emission pathway. Our low-sDACCCS scenario (min, Table 1) corresponds
to the amount of carbon capture and storage implicitly contained within SSP 1-2.6 [29]. In a
second scenario (max), we suppose CO2 emissions to be halfway between the SSP 3-7.0 and
SSP 1-2.6 pathways and allocate the excess carbon budget entirely to sDACCCS. While not
corresponding to a self-consistent SSP, this scenario allows a test of the Earth system’s sensi-
tivity to sDACCCS process chains if theworldwere locked in on enormous amounts of CDRdue
to a deferred achievement of net-zero emissions [49]. Reaching∼ 40GtCO2 yearlywithdrawal
at the end of this century, max is also a potential upper bound for DAC-like CDR [6].

The share of investments, tradeoffs, and gains of large-scale CDR among countries still has
to be established [50] while taking appropriate burden sharing [51, 31], technology-specific
requirements and land availability (Figure 2c) into account [6]. Here, two burden-sharing sce-
narios cover this uncertain spatial CDR layout. The Eql scenario targets equally dispersed de-
ployment of sDACCCS across grid cells, marking the extreme case of minimized CDR burden
per land area (Figure S9). On the other hand, in the prop scenario, we demonstrate the impli-
cations of distributing future CDR across countries based on their historical emission burden
[31, 51] (Figure 2d, Figure S9).

7



   c    d

0

20

40

60

80

CO
2 

em
is

si
on

s
[G

t C
O

2 
yr

1 ]

explicit CCS

1
2

   a

2050 2100 2150
time

0

10

20

30

40

ex
pl

ic
it 

CD
R

[G
t C

O
2 

yr
1 ]

min

max

scale-up constant

   b SSP1-2.6 min SSP3-7.0 max

0 25 50 75 100
unconstrained land cover [%]

0.0 0.5 1.0 5.0 10.0
Prop CDR weight [ ]

Figure 2 | The projected need for CDR andmodeling constraints for solar energy-driven direct air cap-
ture, CO2 conversion, and sink product sequestration (sDACCCS). a, Net CO2 emissions in SSPs 1-2.6
and 3-7.0 (solid lines) with derived forcing scenarios for the explicit CDR simulations (dashed). Formin,
we choose SSP1-2.6 as the baseline and add the implicit forcing through carbon capture and storage
from the SSP scenario database [29]. In the max experiments, we reduce SSP3-7.0 emissions by half
of the difference to SSP1-2.6. b, Global, explicit CDR targets resulting in a net forcing compatible with
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sustained CO2 removal. c, Present-day spatial constraints to sDACCCS deployment [47, 45] (Scenario
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All stages of DACCCS process chains contribute to their overall efficiency. For sDACCCS,
this includes capturingambientCO2, converting it into a safely storable sinkproduct, transport-
ing and storing the product, and energy provisioning [14, 52]. In this study, we assume that
photovoltaics provide all necessary external energy and include it in the modeling. Present-
day DAC facilities combined with industrial-scale electrolytic CO2 reduction and photovoltaics
(lE) would already be available for producing carbon sink products [53]. However, lE has less
than optimal conversion efficiencies and is uneconomical. This technology stage still provides a
baseline scenario of unrealized technological expectations (3.5% sDACCCS chain efficiency in-
cluding system losses, SI). In contrast, prospective photoelectrochemical CO2 reduction which
integrates a solar absorber with the catalytic CO2 reduction [15] (hE) represents a more effi-
cient CO2 conversion pathway (7.1% chain efficiency, SI). Although derived from specific pro-
cess chains, one can interpret the uncertainty range spanned by the lE and hE scenarios more
widely for any sun-powered DAC chain because the overall chain’s efficiency is their single
modeling constraint.

Confidence intervals

Togauge the significanceof anomalies amongdifferentCDRexperiments andbetween simula-
tionswith andwithout explicit CDR representation, we estimate the range of simulated climate
variability. The internal model variability is small compared to this climate variability. We ini-
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tialize a control simulation with the same 2015 state as all other experiments in our study and
run it until 2500. For variability estimates, we report the 95% interquartile range computed
from the standard deviation of annual (global carbon stocks, land cover transformations) and
three-decadalmeans (climatic variables, regional anomalies) within the time period from2260
to 2499 (both years included). Within this period, the control simulation is close to a dynamic
equilibrium. We determine confidence ranges after all data processing steps. Thus, we ensure
to include non-linear effects of processing operations on uncertainties, for example, when ag-
gregating data over a region.

Results

This section presents our results on potential sDACCCS effects on climate, carbon cycle, and
land use in topical segments for each aspect.

Negligible implications for climate of large-scale sDACCCS

A central argument for removing CO2 throughDAC process chains are presumedminor effects
on climate, in particular compared to implications of large-scale biomass production [6]. Our
experiments confirm that large-scale sDACCCS, which includes solar energy harvest, neither
causes additional global climate change (Figure 3) nor substantially shifts regional climate (Fig-
ure 4).

The response of the globalmeanCO2 concentration and surface air temperature (Figure 3a,
e) indicates that none of the three uncertainty dimensions results in a different global climate in
the periods of DAC scale-up (anomalies to the pathway control experiment reported for 2069-
2099) and constant CDR (2110-2139). Slight differences during CDR scale-down are due to
model limitations after 2170 (SI). All experiments fall within the range of the pathway con-
trol experiment and meet CDR targets accurately (Figure 3b–d). This suggests that the spa-
tial sDACCCS configuration has a negligible impact on global climate. Thus, it is not per se
necessary to represent DAC explicitly in space when considering only the global climate re-
sponse. However, spatially explicit sDACCCS induces significant changes in surface balances
in some IPCC regions (Figure 4a–g). In the extreme case of highly localized CDR cover on the
Arabian Peninsula (ARP* region, Figure 4b) within the hEmaxProp experiment, sDACCCS in-
creases the excess downwelling radiation at the surface by 32% (43% in lEmaxProp) through
changes in surface albedo (Figure 4a, b). In hEmaxProp, localized sDACCCS also significantly
reduces the local CO2 surface concentration by up to 6.0 ppm in central North America (CNA,
1.4% of the mean), 3.3 ppm in northern and central Europe (NCE, 0.8%), and 1.8 ppm over the
Arabian Peninsula (ARP, 0.4%). Except for the Kazakh Steppe and parts of Siberia, impacts
on the regional surface energy balance through sDACCCS deployment, as well as interactions
with the surface moisture balance (Methods), do not lead to significant local changes in sur-
face air temperature, soil moisture (Figures 4d–g, S17–S18), cloud cover, and precipitation
(not shown). Only a few changes stand out against the expected internal variability, such as
increased soil moisture in NCE (Figure 4g). Even when technological efficiencies remain low
and the CDR deployment is pushed to the upper limit (lEmaxProp), climate implicationsmostly
stay within or close to the range of variability (Figure 4b–g, SI).
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with respect to 95% of variability in the control experiment are in italics. b, c, Mean sDACCCS realized
in hEmaxProp and hEmaxEql experiments during the period of constant CDR. Selected IPCC reference
regions [54] (SI) are indicated. Stars highlight subregions ARP* and NCE*. d–g, Mean anomalies in
pCO2 along the atmospheric column (corrected for global pCO2 anomaly, d), radiative forcing (e), sur-
face air temperature (k), and soil moisture content (f) for the hEmax experiment compared to the path-
way control experiment in selected regions during the time period of constant CDR.Hatchings in gmask
insignificant data with respect to the two-sided 95th percentile of pCO2 variability in the control exper-
iment and indicate 95% of interquartile ranges of respective variables in the control experiment in e–g.
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Small but spatially heterogeneous implications of large-scale sDACCCS for the car-
bon cycle

Many land regions comprise vast vegetated and agricultural lands. Establishing large-scale
sDACCCS could decrease land-stored carbon and biospheric carbon uptake, diminishing the
net CO2 removal potential of sDACCCS. However, our simulation results suggest that while
the effects on carbon stocks are globally and regionally significant, they do not substantially re-
duce the removal potential. sDACCCS causes most land cover degradation in the scale-up pe-
riod (Figure S30), reducing land-stored carbon compared to the baseline experiment (Figure 5
a-d). This dynamic is reflectedbydecreasednatural CO2 uptakeduring the scale-upphase (Fig-
ure 5e, f). During the time of constant CDR, vegetation carbon stocks and associated biomass
litter partially recover in the hEmax experiments globally and inmost regions (Figure 5a, d; SI).
In the lEmax experiments, this recovery overcompensates previous losses (Figure 5b, SI). At
the same time, soil carbon stocks diminished through sDACCCS deployment only show little
signs of recovery throughout the scenario (Figure 5a, b). Since the baseline and CDR exper-
iments share the same emission pathway (Figure 2a; Methods), overcompensated losses in
vegetation-stored carbon during periods of constant CDR and CDR scale-down are not a re-
sult of changing climate and vegetation growth. Instead, sDACCCS shifts dominant vegetation
types in all phases of CDR deployment, which explains the overcompensation (SI). Total global
average losses in land-stored carbon between 4.4GtC (lEminProp) and 12.9GtC (lEmaxEql) by
2100 are in the same order ofmagnitude as sDACCCS’ simulated annual removal (17.5GtC/yr
in lEminProp, 41.1 GtC/yr in lEmaxEql), but two orders of magnitude smaller than cumulated
removals (705 GtC in lEminProp, 1966 GtC in lEmaxEql; Figure 2c, d).

Regionally, land carbon is not equally distributed on the land surface [55, 56]. Therefore,
the implications of sDACCCS for the carbon cycle depend on the spatial scenario. Our simula-
tions show that minimizing its environmental impact is not only a matter of global localization
versus delocalization of sDACCCS. For example, the localized prop scenario results in a higher
carbon stock decrease in the CNA and EAS regions than the delocalized eql scenario, which
in turn impairs carbon stocks in the NSA region more substantially (Figure 5c-f). This effect
propagates to the global scale, with more pronounced vegetation carbon stock anomalies (in
reference to baseline) in eql experiments during the period of CDR scale-up andmore substan-
tial soil carbon decline in prop simulations from 2090 onwards (Figure 5a, b).
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Potential for land use conflicts

Land is apivotal, but limited resource for foodproduction, CO2 buffering, andbiodiversity. Land
conversion inducedbyharvestingenergyandprocessingCO2 throughsDACCCSprocess chains
varies between 0.46% (hEminEql) and 2.82% (lEmaxProp) of global land area (Figure 6a, Fig-
ure S29), with the technological efficiency as a central parameter for these land conversions.
For example, CDR covers 3.46 million km2 in lEmaxProp, but only 1.69 million km2 (1.38%
of global land area converted) in hEmaxProp, which is in the range of the global urban land
area (1.91 million km2 in 2015 [57]). Compared to the strong effect of efficiency parameters,
the localization of sDACCCS is less relevant on a global scale. Increasing the sDACCCS effi-
ciency from lEmaxProp to hEmaxProp causes 44% less grasslands to be replaced (64% less
between lEminProp and hEminProp). Conversely, grassland conversion in simulations with lo-
calized CDR (Prop) and delocalized deployment (Eql) under the same global CDR scenario only
shifts between 7% (hEmax) and 50% (hEmin). Similarly, the higher efficiency of hE process
chains can prevent up to 43% (maxEql) of agricultural lands from conversion, while the spread
between different localizations is 38% at most (lEmax). At the same time, land cover of trees
and shrubs increases in simulations with the lower lE efficiency.

While technological efficiency dominates net land conversions globally, the spatial deploy-
ment impacts land use regionally. Considering the core of northern and central Europe (NCE*)
in the low-efficient lE max (max) simulations as an example (Figure 6b, c), sDACCCS covers
17.6% of the region in lEmaxProp during the constant CDR period. As many central European
countries have a high historical emission burden, the lEmaxEql experiment only converts 2.4%
of land in NCE* for CDR. The implications of the historical burden-sharing scenario become
more evident when putting these land cover adjustments into perspective. In the lEmaxEql ex-
periment, NCE* loses grass- and agricultural land only slightly above the Earth system’s inter-
nal variability. Forests and shrubs dynamically adjust in the same order. In contrast, in lEmax-
Prop, converted grasslands alone correspond to the equivalent of 37%of theEuropeanUnion’s
agricultural areaduring the constantCDRperiod. Since agricultural landsmakeup∼48%of the
region’s entire area [58], this would constitute a significant intervention into the land system.
Converted pastures and croplands add the equivalent of another 13%. Roughly doubling the
sDACCCS chain’s efficiency (hEmax) would approximately halve the pressure of sDACCCS on
regional land resources with the equivalent of 2.4% of the EU’s agricultural lands converted to
CDR in eql and 20% for emission burden sharing (Figure S31). Because of their historical emis-
sion burden, similar regional effects apply to central North America, Japan, South Korea, and
parts of the Arabian Peninsula (Figure 6c, d). These solid regional effects of sDACCCS cover on
land resources indicate that unmatched technological expectations in a high-CDR world could
likely lead to target conflicts between CO2 removal and land resources, ecosystem services,
and food production.

Discussion and conclusion

Our study targets unquantified implications of DAC-based process chains on climate, carbon
cycle, and land cover identified in IPCC assessments [18, 6]. Leveraging a novel explicit and dy-
namic representation of land-based CDR in a comprehensive Earth systemmodel, we present
simulations of solar energy-powered process chains targeting solid or liquid carbon sink prod-
ucts throughdirect air capture, CO2 conversion, and sequestration (sDACCCS). The simulations
indicate that large-scale sDACCCS does not substantially offset its climate change mitigation
potential by impacting regional surface climate or carbon stocks beyond global-scale effects of
CDR on the Earth system [59]. The Kazakh Steppe and adjacent parts of Siberia are an excep-
tionwhere solar energy harvest for sDACCCS increase surface temperature by∼1K. Theminor
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Figure 6 | Land cover transformation resulting from sDACCCS deployment. a, Mean global changes in
area and land cover fraction in the period of constant CDR compared to the pathway control simulation
for the max (max) lE and hE experiments. The share from CDR cover on bare land is also shown sepa-
rately. b, Land conversions over time in the NCE* region, as indicated in c, when comparing lEmaxProp
to the pathway control experiment. Shading indicates the time period of constant CDR. Color ranges at
the edges of the zero-axis represent the range of intererannual variability in the unforced control exper-
iment. c, Total land cover change on potentially vegetated land in the lEmaxProp experiment during the
constant CDR time period (see Figure S32 for land cover change on unvegetated land). A star marks the
NCE* region. d, Reduced land conversion in the experiment with higher sDACCCS efficiency (hEmax-
Prop) compared to c. Hatchings represent the three-decadal 95% interquartile ranges of the control
simulation, where applicable (see Methods).

climatic effects contrast the significant ramifications suggested for some large-scale biomass-
based CDR [11, 12]. Further, they are orders of magnitude smaller than studies of exascale
solar harvest might suggest [60, 61, 62]. These studies find substantial climatic shifts induced
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by solar farms, but only when pushing photovoltaics beyond demand and localizing facilities
predominantly in deserts [60, 61], where albedo effects are most potent. Climate change due
to sDACCCS cover does not have to be confined to the deployment location, but could be due
to atmospheric teleconnections. However, while our simulations show signs of remote climate
variations (Figures S17–S18), they barely exhibit significant climate shifts in any region, mak-
ing offsite consequences unlikely.

Especially if DAC-based technologies cannot meet expectations, there would still be sub-
stantial land conversions in a high-CDR world if solar energy harvest is included in the assess-
ment, as previously suggested based on theoretical calculations [63, 19]. These results un-
derline the importance of research efforts into land use-efficient DACCCS process chains. The
efficient hE chain, forwhichwe assumed rather conservative efficiencies (Methods) and not the
most ideal sink products [14], could constitute such an approach. However, the risks of relying
extensively on DAC-type process chains also become evident. For example, land conversions
in central Europe which are equivalent to 18% of regional agricultural area (high-CDR world,
high efficiency, localized sDACCCS) would constitute a remarkable local intervention into al-
ready pressured regions. Underwhelming technological performance could raise this toll to
orders of 37%. Hence, reaching a high efficiency both for sDACCCS technology and energy
supply canmake the difference between an acceptable CDR burden and one exceeding limited
land resources [7, 64, 25].

As a consequence of CDR deployment, our simulations reduce agricultural land use and
thus emissions through grazing and crop harvest (Figure 5e-g). In some focus regions, these
reduced land use emissions offset CO2 emissions associated with deploying sDACCCS. While
thedecrease in agricultural land is simply a consequenceof themodel’s landuse scheme (Meth-
ods, SI), this observation highlights that more efficient food production and plant-based diets
would not only decrease land use emissions, but could free up space for CDR deployment [65].

The effect of spatial deployment on global land conversion is almost negligible. However, it
co-determines regional land conversions and the potential to lose land-stored carbon. Differ-
ent distributions of DAC, conversion facilities, and associated energy harvest among countries
could shift environmental impacts between regions. Previous studies already show how the
spatial configuration of growing biomass for CDR could affect carbon stocks, land cover, and
climate [66]. Thus, burden-sharing should go beyond politico-economical dimensions and cli-
mate change impacts and also account for CDR’s entire environmental burden.

DAC-like technological progress is uncertain and impossible to extrapolate. Reliable real-
world efficiency data is scarce, limiting the accuracy of CDR process models to first-order ap-
proximations. In addition, spatial constraints are incomplete and future CDR burden sharing
is vague. Therefore, our scenario design spreads a range of uncertainty, but whether it covers
future technological and political-economic development is unknown. Therefore, we interpret
our simulations as storyline experiments, not predictions. As hopes for CDR grow, the story-
lines can provide indications whether DAC and sDACCCS could benefit the climate and envi-
ronment.

Our CDR extension exclusively represents DAC-based process chains, including CO2 con-
version to a sink product, and assumes solar energy to drive the CO2 reduction. Extending
modeling capabilities to assess DAC process chains with several renewable energy sources at
a time and alongside natural photosynthesis-based approaches [12] and synergies is required
to guide the evaluation of CDR portfolios. For instance, our model overestimates the net loss
of grasslands in temperate climates because it does not account for the fact thatmeadows typ-
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ically fill the space between the absorbers, creating habitats for insect pollinators as a positive
side effect [67]. Experiments with interactive land use scenarios could help optimizing adverse
and beneficial side effects of CDR approaches in space and time. Finally, generating evidence
from amodel ensemble could corroborate our results.

We demonstrate that the net CO2 removal potential of sDACCCS does not suffer substan-
tially from reduced carbon stocks and biospheric carbon uptake due to land conversion. How-
ever, the removal potential of sDACCCS is subject to other constraints over its life cycle. En-
vironmental consequences could arise from provisioning resources, constructing and main-
taining sDACCCS installations, handling the sink product, and dismantling CDR devices, all of
which require life cycle assessment [26, 68]. Other constraints not represented in Earth system
models are economic costs, energy and resource demands, and the geological storage poten-
tial and resulting permanence of CO2 storage, all of which depend on the chosen sink product
[14]. Constraining them requires dedicated inventories and modeling.

Our study provides novel evidence indicating that, within the scope and limitations of our
modeling approach, DAC-based process chains targeting liquid or solid products by converting
the captured CO2 cause negligible impacts on climate. Also, these sDACCCS process chains do
not induce carbon emissions from the biosphere that would substantially offset their removal
potential. At the same time, our results suggest that associated land conversions could lead to
substantial target conflicts in a world overly reliant on CDR. In such aworld, the risks for target
conflicts areparticularly high if technological efficiencies fall short of expectations, but persist if
highly efficient carbon fixation would be available. Minimizing adverse consequences requires
high technological efficiency, keeping the overall CDR need low through plausible emission
reductions, and limiting excessive expectations onCDR. Therefore, reducing the reliance on yet
unrealized technological advancements is vital in light of the growing evidence of all lifecycle
costs of CO2 removal.

SupplementaryMaterial

Further information on the methods used throughout our study is available as Supplementary
Information. This supplement contains comprehensive descriptions of the sDACCCS repre-
sentation in MPI-ESM, model validation, scenario design, and robustness testing.

Data and Code availability

MPI-ESM is licensedunder theMPI-ESMSoftwareLicenseAgreement, a free, non-commercial,
and personalized license and can be obtained at https://code.mpimet.mpg.de/projects/mpi-
esm-license. Extensions to represent sDACCCSprocess chains inMPI-ESMcan bemade avail-
able separately upon request. Code reproducing the figures of the manuscript and the supple-
mentary material will be made available on GitHub (https://github.com/paleovar/) and, along
with relevant model output, on Zenodo.
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Supplementary Information to “Land conversions not cli-
mate effects are the dominant consequence of sun-driven
CO2 capture, conversion, and sequestration” by M. Adam
et al.

In this Supplementary Information (SI), we describe the representation of sDACCCS in MPI-
ESM step by step (Section S1) and discuss technology assumptions (Section S2), scenario de-
sign (Section S3), and model validation (Section S4). Furthermore, we include figures supple-
menting the results of the main manuscript (Figures S9–S32).
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S1 Details of the sDACCCS representation in MPI-ESM

CDR land cover on vegetated and bare land

JSBACH sub-divides every grid cell into tiles (see references Reick et al. [67] and Reick et al. [68]
for any details on JSBACH). Each tile is associated with a type of land cover, with changing tile
(cover) fractions resulting from natural or anthropogenic land cover change. Supported cover
types include different plant functional types (PFTs), unvegetated (bare) land, and glaciers,
assuming a well-mixed domain within the grid cell [67]. To represent sDACCCS land cover
on the vegetated fraction of land, we expand the lookup table defining every land cover type’s
parameters and introduce a new land cover class. This class allows to exclude sDACCCS from
calculations dedicated to vegetation and to compute CDR-specific processes exclusively on the
sDACCCS tile. On unvegetated land, the pre-existing version of JSBACH cannot separate bare
soil into different tiles, as it does for vegetated land. However, one could deploy sDACCCS on
bare land where plants cannot grow because bioclimatic conditions exceed their capabilities.
As an additional complication, JSBACH implicitly accounts for bare land when computing
land surface properties like albedo for the vegetated land fraction. To accommodate these
constraints within our modeling goals, we represent sDACCCS implicitly on the bare fraction.
With this extension of JSBACH’s tiling concept, the overall sDACCCS land cover fraction in a
grid cell, 𝑓𝖢𝖣𝖱, consists of the cover fractions 𝑐𝑣𝖢𝖣𝖱 on vegetated land and 𝑐𝑏𝖢𝖣𝖱 on bare land

𝑓𝖢𝖣𝖱 = 𝑐𝑣𝖢𝖣𝖱 𝑓𝑣,𝗆𝖺𝗑 + 𝑐𝑏𝖢𝖣𝖱 𝑓𝑏 (21)

Here, 𝑓𝑏 = 1 − 𝑓𝑣,𝗆𝖺𝗑 denotes the fraction of bare land, and 𝑓𝑣,𝗆𝖺𝗑 the potential vegetation
extent.

sDACCCS land cover class

We implement the sDACCCS land cover class (Figure S1i-ii) with masks 𝜄𝑘 building on JS-
BACH’s land cover lookup table. These masks help to separate processes taking place on CDR
tiles and on vegetation tiles (𝜄𝑣 ∨CDR) from those exclusively involving sDACCCS (𝜄CDR) or veg-
etation tiles (𝜄𝑣). Based on the 𝜄𝑘, we exclude sDACCCS chains from processes like carbon al-
location through photosynthesis, vegetation dynamics, dynamic phenology, and disturbances.
Calculations involving both vegetation and CDR tiles include (bio-)physical surface properties,
radiative balances, soil hydrology, and land use transitions. Processes exclusive to sDACCCS
CDR cover are the CO2 withdrawal through (photo-)electrochemical reduction, fill-up of the
sink product pool, and coupling of the CDR cover to the spatiotemporal target.

Land surface properties

Through solar energy harvest and CO2 capturing facilities, large-scale sDACCCS would alter
the surface albedo and the surface roughness lengths. Changes in these properties can modify
the absorption of shortwave radiation, the back-scattering of short- and longwave radiation,
and the transport of heat and momentum through the atmospheric boundary layer. In this
study, we assume an effective albedo of 0.27 for sDACCCS tiles, similar to previous studies
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on the climatic effects of photovoltaics within general circulation models [69]. As roughness
lengths we assume 1𝗆, the same as JSBACH does for tropical deciduous and extra-tropical
trees. This assumption is motivated by the expected size of DAC facilities and large-scale solar
parks.

sDACCCS land cover could be deployed both on vegetated and bare land. However, JS-
BACH’s tiling scheme [68, 67] focusses on resolving different surface types on the vegetated
fraction of land. Therefore, treating the bare land’s properties implicitly in many computations
is handy in the default model, while it complicates representing sDACCCS as an additional
surface cover on unvegetated land. To still account for CDR on unvegetated land implicitly,
we modify JSBACH’s albedo and roughness schemes to account for the implicit sDACCCS
cover on the bare fraction of land. This approach allows to represent CO2 withdrawal on bare
land, land use through sDACCCS, and impacts of CDR on the surface energy balance (Fig-
ure S1). At the same time, we can keep JSBACH’s default schemes, for example, for vegetation
dynamics. However, bare land neither contains a soil model nor soil carbon stocks. Thus, CDR
land use transitions only impact existing carbon stocks on the vegetated fraction of a grid cell.

Surface albedo

For each tile, JSBACH distinguishes between cover area and vegetation canopy area [67]. The
canopy fraction can be smaller than or equal to the tile cover fraction. Without changing the
tile fraction, this approach allows handling dynamically changing leaf area and the subsequent
effect of exposing bare soil on the tiles’ albedo. For CDR cover, we assume that (i) sDACCCS
on bare soil does not get exposed through canopy gaps, (ii) sDACCCS cover is not subject to
canopy gaps that are not already covered by its effective albedo (iii) the turnover of soil organic
matter does not change the soil albedo on sDACCCS-covered land, (iv) tree stems do not affect
the albedo of sDACCCS, and (v) sDACCCS does not impact the other tiles’ surface properties.

JSBACH represents gaps in the canopy which expose bare soil on the vegetated fraction
of land (Figure S2) with the “sky view factor” [68] 𝜅𝑘, 𝑘 ∈ 𝐾 = {𝖫𝖢𝖳𝑖 | 𝜄𝑣𝑖 = 𝖳𝖱𝖴𝖤 ∨ 𝜄CDR𝑖 =
𝖳𝖱𝖴𝖤}, 𝑖 = 1, 2, … , 𝑁𝖫𝖢𝖳. For vegetation, 𝜅𝑘 is a function of the dynamic leaf area index Λ𝑘
[68]. Respecting (i), 𝜅𝑘 differs between vegetation and CDR cover

𝜅𝑘 = {
1 − 𝑓𝑣, 𝜄CDR𝑘 = 𝖳𝖱𝖴𝖤
1 −

[
𝑓𝑣 ⋅ (1 − 𝑒 − Λ𝑘∕2)

]
, else

(22)

where 𝑓𝑣 is the potentially vegetated cover fraction and we assume 𝜄𝑣 ∨CDR = 𝖳𝖱𝖴𝖤 here in the
first place. JSBACH’s sky view factor that includes the shading effect of tree stems for forest
vegetation [68], 𝜅𝗌𝗍𝖾𝗆, 𝑘, remains untouched, following (iii) and (iv)

𝜅𝗌𝗍𝖾𝗆, 𝑘 = 𝜅 −
[
1 − 𝑓𝑣 ⋅ (1 − 𝑒−1∕2 (Λ𝑘+Ξ𝑘))

]
(23)

To now account for the implicit CDR cover on bare land, we split the contributions of sDAC-
CCS on bare soil from the remaining bare land whose exposed fraction increases through
canopy gaps. Thus, the “background albedo”, a tile’s albedo prior to considering snow cover
and tree stems, is

𝛼𝑏𝑔𝑘 =
⎧

⎨
⎩

(1 − 𝜅𝑘)𝛼𝑐,𝑘 + (𝜅𝑘 − 𝑓𝑏CDR)𝛼soil, 𝜄𝐹𝑘 = 𝖳𝖱𝖴𝖤
(1 − 𝜅𝑘)𝛼𝑐,𝑘 + (𝜅𝑘 − 𝑓𝑏CDR)𝛼soil

+𝛼CDR ⋅ 𝑓𝑏CDR ,
else

(24)

Here, 𝛼𝑐,𝑘 denotes the canopy albedo of a land cover type’s effective CDR albedo, 𝛼soil the
albedo of unvegetated land, and 𝜄𝐹𝑘 the mask for forest PFTs. Other than in JSBACH’s default
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scheme, 𝛼𝑏𝑔𝑘 distinguishes between forested land and non-forest cover. This design choice sim-
plifies applying (iv). Incorporating snow cover on the vegetation canopy and on sDACCCS, as
well as tree stems results in the albedo 𝛼𝑘 for tile 𝑘 on the vegetated fraction of land (Figure S2)

𝛼𝑘 =

⎧
⎪
⎪
⎪

⎨
⎪
⎪
⎪
⎩

𝗆𝖺𝗑
[
(𝜅𝑘 − 𝜅𝗌𝗍𝖾𝗆, 𝑘 − 𝑓𝑏𝖢𝖣𝖱)(𝑐𝗌𝗇𝛼𝗌𝗇 + (1 − 𝑐𝗌𝗇)𝛼𝗌𝗈𝗂𝗅)

+ 𝜅𝗌𝗍𝖾𝗆, 𝑘
(
𝑐𝗌𝗇𝖼𝛼𝗌𝗇𝖼 + (1 − 𝑐𝗌𝗇)𝛼 𝗌𝗈𝗂𝗅

)

+ (1 − 𝜅𝑘)
(
𝑐𝗌𝗇𝖼𝛼𝗌𝗇𝖼 + (1 − 𝑐𝗌𝗇𝖼)𝛼

𝑏𝑔
𝑘
)
, 𝛼𝑏𝑔𝑘

]

+ 𝑓𝑏𝖢𝖣𝖱
(
𝑐𝗌𝗇𝛼𝗌𝗇 + (1 − 𝑐𝗌𝗇)𝛼𝖢𝖣𝖱

)
,

𝜄𝐹𝑘 = 𝖳𝖱𝖴𝖤

𝗆𝖺𝗑
[
𝑐𝗌𝗇𝛼𝗌𝗇𝖼 + (1 − 𝑐𝗌𝗇)𝛼

𝑏𝑔
𝑘 , 𝛼

𝑏𝑔
𝑘

]
, else

(25)

In Equation (25), 𝛼𝗌𝗇 and 𝛼𝗌𝗇𝖼 denote the snow albedo on ground and on the canopy, 𝑐𝗌𝗇 and
𝑐𝗌𝗇𝖼 are the respective cover fractions. Again, (i) and (iv) result in separate terms for the con-
tributions of sDACCCS on the fraction of bare land and on exposed soil itself. Equations (24)
and (25) incorporate the unvegetated land into the albedo of vegetated tiles. Then, as in the
default model [68], the aggregated albedo of a land grid box is

𝛼 =
∑

𝑘∈𝐾
𝑐𝑘𝛼𝑘 (26)

Surface roughness

In JSBACH, contributions of the surface type 𝑧𝗌𝗎𝗋𝖿0𝑚
and the underlying orography 𝑧𝗈𝗋𝗈0𝑚

make up
the effective roughness length for the turbulent transport of momentum [68] 𝑧0𝑚

𝑧0𝑚 =
√
(𝑧𝗌𝗎𝗋𝖿0𝑚

)2 + (𝑧𝗈𝗋𝗈0𝑚
)2 (27)

The turbulent heat transport only depends on the surface roughness of the land cover, 𝑧𝗌𝗎𝗋𝖿0ℎ
.

In both cases, the parameters for the surface roughness lengths have to be aggregated from
the tile level to the grid cell resolution. JSBACH employs the concept of a blending height
[70] to achieve this downscaling [68]. The reasoning behind this concept is that surface heat
and momentum fluxes originating from multiple surface types cannot be distinguished above
a certain blending height 𝑙𝑏. Similar to the albedo calculations, JSBACH handles bare soil
implicitly when computing a grid cell’s roughness length. We expand this approach for the
implicit sDACCCS fraction on unvegetated land. The effective bare fraction 𝑓𝑏𝑗 on a vegetated
tile 𝑗 and the effective fraction of implicit CDR that is deployed on bare soil 𝑓𝖢𝖣𝖱𝑗 are

𝑓𝑏𝑗 = (1 − 𝑓𝑣) ⋅ 𝑐𝑗 ⋅ (1 − 𝑐𝑏𝖢𝖣𝖱)

𝑓𝖢𝖣𝖱𝑗 = (1 − 𝑓𝑣) ⋅ 𝑐𝑗 ⋅ 𝑐𝑏𝖢𝖣𝖱
(28)

where the prefactor 1 − 𝑓𝑣 spreads the implicit bare and sDACCCS-covered land fraction
across all vegetated tiles, assuming a well-mixed domain [67]. 𝑐𝑏𝖢𝖣𝖱 again denotes the frac-
tion of sDACCCS cover on bare land and 𝑐𝑗 the cover fraction of the respective tile 𝑗. Then, we
can treat 𝑓𝑏𝑗 and 𝑓𝖢𝖣𝖱𝑗 separately when aggregating the surface roughness with the blending
height approach. The roughness length for heat transport follows as [68, 70]

𝑧𝗌𝗎𝗋𝖿0ℎ
= 𝑙𝑏 exp{ − (

∑𝑁𝑣
𝑡𝑖𝑙𝑒𝑠

𝑗=1

∑
𝑖∈{𝑗, 𝑏𝑗 ,𝖢𝖣𝖱𝑗}

∑
{𝗌𝗇, 𝗇𝗌𝗇}

𝑓𝑖
(
𝗅𝗇(𝑙𝑏∕𝑧𝑖0ℎ)

)2)
−1∕2

} (29)

with grid cell cover fractions 𝑓𝑖 and blending height 𝑙𝑏 = 100𝗆. The sum over {𝗌𝗇, 𝗇𝗌𝗇} sym-
bolizes that the surface roughness for heat transport changes if snow covers a surface (𝗌𝗇)
compared to when it does not (𝗇𝗌𝗇). An analogous calculation yields the roughness length for
turbulent momentum transport. For 𝑧𝗌𝗎𝗋𝖿0𝑚

, the only difference lies in the fact that JSBACH does
not differentiate between snow-covered and snow-free surfaces [68].
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CDR land cover dynamics

Two stages make up our CDR deployment scheme. First, we translate the global SSP-based
CDR target into a spatially explicit target change of fractional sDACCCS area (Figure S3).
Subsequently, we integrate these anticipated area changes into JSBACH’s land use transition
scheme. The transition scheme combines a set of priority rules for land conversion with a series
of transition matrices converting between cover types. It resolves land use change including
cyclic (“secondary”) transitions at annual time scale and interpolates them linearly onto a daily
resolution.

First stage – Converting spatiotemporal targets into anticipated changes in sDACCCS

We initially determine the globally integrated mismatch between the cumulated CDR target
�̃� and cumulative simulated withdrawal through sDACCCS, �̃� (Figure S3). With a second-
order Taylor expansion of this mismatch, we incorporate offsets from internal variability over
time while smoothly changing sDACCCS cover a smooth effective forcing. The condition is
supposed to hold after sDACCCS has been deployed over the course of year 𝑖 while the com-
putation takes place at the beginning of it, i.e. at the end of year 𝑖 − 1.

0
!
= 𝑇(𝑡) −𝑊(𝑡)

= 𝑇𝑖 −𝑊𝑖 + 𝜕𝑡𝑇|𝑖 − 𝜕𝑡𝑊|𝑖 +
𝜕2𝑡 𝑇|𝑖 − 𝜕2𝑡𝑊|𝑖

2 + 𝜎(∆𝑡3)
(30)

To solve Equation (30) for the residual CDR deployment, denoted ∆𝑖, we reformulate it in
terms of the annual target removal rates 𝑇𝑖 and actual (simulated) rates 𝑊𝑖. To account for the
linear interpolation of land cover changes over a year [68] which leads to a systematic lag of
the 𝑊𝑖 behind the 𝑇𝑖, we further introduce target removal rates 𝑇∗𝑖−1∕2 that lag the 𝑇𝑖 by half
a year. Based on the 𝑇∗𝑖−1∕2, we can eventually avoid a systematic bias in Equation (30). With
these adjustements, the cumulative removal is

�̃�𝑖 =
∑

𝑗≤𝑖
𝑇𝑗 = �̃�∗𝑖−1∕2 +

𝑇∗𝑖+1∕2 + 𝑇∗𝑖−1∕2

2 (31)

with cumulative target removal at the middle of the previous simulation year �̃�∗𝑖−1∕2 =
∑

𝑗≤𝑖−1∕2 𝑇
∗
𝑗 .

The second term in Equation (31) reflects the linear interpolation of land cover changes. Simi-
larly, we obtain an expression for the first derivative

𝜕𝑡�̃�|𝑖 = 𝑇𝑖 =
𝑇∗𝑖+1∕2 + 𝑇∗𝑖+1∕2

2 (32)

and the second derivative
𝜕2𝑡 �̃�|𝑖 = �̃�∗𝑖+1 − 2�̃�∗𝑖 + �̃�∗𝑖 (33)

Inserting the definition (31) into Equation (33) yields an expression that is independent of the
subsequent cumulative target

𝜕2𝑡 �̃�|𝑖 =
1
2(𝑇

∗
𝑖+3∕2 + 𝑇∗𝑖+1∕2 − 3𝑇∗𝑖−3∕2 + 𝑇∗𝑖−3∕2) (34)

Then, the expressions (31)-(34) can all be computed from the global CDR scenario. For the
realized, piece-wise linear cumulative CDR, we obtain

�̃�𝑖 =
∑

𝑗≤𝑖
𝑊𝑗 (35)
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Its first derivate can be expressed as a the sum of last year’s CO2 removal and the residual
sDACCCS deployment

𝜕𝑡�̃� =𝑊𝑖 =𝑊𝑖−1 + ∆𝑖 (36)

and the second derivative can be discretized analogously to Equation (33)

𝜕2𝑡 �̃� = �̃�𝑖+1 − 2�̃�𝑖 + �̃�𝑖−1 ≃ �̃�𝑖+1 − 2�̃�𝑖 + �̃�𝑖−1 (37)

where we assume �̃�𝑖+1 → �̃�𝑖+1. Solving for ∆𝑖 yields an expression

∆𝑖 = ∆𝑖
(
�̃�𝑖, 𝜕𝑡�̃�𝑖

(
𝑇∗𝑖+1∕2, 𝑇

∗
𝑖−1∕2

)
, 𝜕2𝑡 �̃�𝑖

(
𝑇∗𝑖+3∕2, 𝑇

∗
𝑖+1∕2, 𝑇

∗
𝑖−1∕2, 𝑇

∗
𝑖−3∕2

)
, �̃�𝑖, 𝜕2𝑡 �̃�𝑖

(
�̃�𝑖+1, �̃�𝑖, �̃�𝑖−1

))
(38)

To improve numerical stability, we test different linearization coefficients for the different or-
ders in (38) and eventually draw on 1∕2 for the zeroth and first order term, and 1 for the second
order term. Thus, we emphasize smoothness of the CDR pathway. For many parts of the
deployment scheme it is irrelevant if ∆ >= 0 or ∆ < 0 (index dropped in the following). There-
fore, the scheme’s steps apply to both cases, CDR establishment and dismantling, if not stated
otherwise.

The withdrawal potential 𝜓𝑖𝑗 of every grid cell (𝑖, 𝑗) ∈
{
(1, 1), (1, 2),… , (𝑛𝗅𝗈𝗇, 𝑛𝗅𝖺𝗍)

}
translates

the spatiotemporal sDACCCS target into anticipated changes of sDACCCS land cover (Fig-
ure S3). However, the target change in CDR ∆𝑖 is an extensive quantity. Thus, 𝜓𝑖𝑗 has to be
scaled by the corresponding maximum CDR cover fraction to obtain the CDR in relation to
changes in the cover fraction. The maximum CDR cover is 𝑓𝗆𝖺𝗑 − 𝑓𝜖 with the technical lower
limit to the grid cell cover fraction 𝑓𝜖 [68]. Therefore, the relative potential withdrawal 𝜓𝑟𝑖𝑗 is

𝜓𝑟𝑖𝑗 =
𝜓𝑖𝑗

𝑓𝗆𝖺𝗑 − 𝑓𝜖
(39)

Correcting for natural land cover dynamics 𝛿 (see below), the anticipated change in sDACCCS
grid cell fraction is

∆𝑓𝑖𝑗 =
(∆ + 𝛿) ⋅ 𝑤𝑐

𝑖𝑗

𝜓𝑟𝑖𝑗
(40)

As the concluding step of the first stage of sDACCCS deployment (Figure S3), we iteratively
spread the CDR deployment ∆𝑟 = ∆𝑖 + 𝛿 across all cells that are (i) involved in the deployment
process in the sense of a contribution weight 𝑤𝑐

𝑖𝑗 > 0 (see below), (ii) can support a growing
(decreasing) CDR fraction because they have not reached the upper (lower) CDR fraction limit
up to the current year, and (iii) have not reached the upper (lower) CDR limit in a previous
step of the current iteration. The result of the iteration is the realizable fractional change in
sDACCCS cover ∆𝑓𝑖𝑗 and also covers numerical inaccuracies that occur from normalizations.
The realized change can only be determined following the natural and anthropogenic land
cover dynamics.

The iteration takes place as long as ∆𝑟 > 𝛿𝗍𝗈𝗅 and the criterion 𝑛𝗂𝗍𝖾𝗋 < 𝑛𝗂𝗍𝖾𝗋,𝗆𝖺𝗑 for a finite loop
is fulfilled. Here 𝛿𝗍𝗈𝗅 is a tolerance parameter, 𝑛𝗂𝗍𝖾𝗋,𝗆𝖺𝗑 denotes the maximum number permitted
iterations, and 𝑛𝗂𝗍𝖾𝗋 is the iteration counter. At the start of the iteration, the globally realizable
CDR target ∆𝗂𝗍𝖾𝗋 = 0. Drawing on (13), (i)-(iii) translate into

∆𝑓𝑖𝑗 = 𝗆𝗂𝗇 [∆𝑓 +
∆𝑟 ⋅ 𝑤𝑐

𝑖𝑗

𝜓𝑟𝑖𝑗
, ∆𝑓𝗆𝖺𝗑𝑖𝑗 ]

∀ (𝑖, 𝑗) ∈
{
(1, 1), (1, 2), … , (𝑛𝗅𝗈𝗇, 𝑛𝗅𝗈𝗇) |∆𝑓𝑖𝑗 < ∆𝑓𝗆𝖺𝗑𝑖𝑗

}
(41)
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in the iteration step. To guarantee 𝑊𝑖 ≥ 0 and �̃�𝑖 ≥ 0, the maximum change in sDACCCS
cover fraction ∆𝑓𝗆𝖺𝗑𝑖𝑗 depends on the sign of the global change in CDR deployment

∆𝑓𝗆𝖺𝗑𝑖𝑗 = {
𝗆𝖺𝗑

[
𝑓𝗆𝖺𝗑𝑖𝑗 − 𝑓𝑖𝑗, 0

]
, ∆𝑟 > 0

𝗆𝖺𝗑
[
𝑓𝑖𝑗 − 𝑓𝜖, 0

]
, else

(42)

The 𝑓𝗆𝖺𝗑𝑖𝑗 account for additional land availability constraints due to inaccessible terrain, fresh-
water cover, nature conservation, and settlements (Section S3). After each iteration step, the
remaining CDR change gets updated as

∆𝗂𝗍𝖾𝗋 =
𝑛𝗅𝗈𝗇∑

𝑖=1

𝑛𝗅𝖺𝗍∑

𝑗=1
∆𝑓𝑖𝑗 ⋅ 𝜓𝑟𝑖𝑗 (43)

Consequentially,
∆𝑟 = ∆ + 𝛿 − ∆𝗂𝗍𝖾𝗋 (44)

following each iteration step. Note that 𝜓𝑟𝑖𝑗 (Equation (39)) does not have to be updated in the
iteration as 𝑓𝗆𝖺𝗑 and 𝑓𝜖 are fixed parameters. The model component handles the technical case
𝑓𝑖𝑗 < 𝑓𝜖 implicitly as changes in cover fractions only take place on CDR tiles with 𝑓𝑖𝑗 ≥ 𝑓𝜖. This
condition implies that sDACCCS deployment and potential destruction can only ever happen
on a grid cell if that cell gets initialized with 𝜄𝖢𝖣𝖱𝑖𝑗 = 𝖳𝖱𝖴𝖤.

While being spatially explicit and flexible to forward and backward conversions of land
area to sDACCCS cover, this deployment scheme cannot compensate transient contribution
weights that start out as 𝑤𝑐

𝑖𝑗 ≠ 0 and turn zero over time. The scheme will only remove the for-
merly installed sDACCCS cover from a cell when the 𝑤𝑐

𝑖𝑗 ≠ 0, as is evident from Equation (41).
This behaviour can cause inconsistency with the contribution map. The issue is, however, only
relevant if one wants to prescribe that CDR is not deployed anymore in a specific area where
this was possible before, which is not the case in our study.

Second stage – determining contributions of vegetated and unvegetated land to sDACCCS
cover

We translate every grid cell’s anticipated change in sDACCCS cover fraction into land use
transitions. On the vegetated fraction of land, this is realized through JSBACH’s transition
scheme. For bare land, we directly compute the new implicit CDR fraction from the anticipated
change in cover fraction in Equation (40). We determine contributions of the vegetated and
unvegetated land cover to sDACCCS cover, assuming that neither bare nor vegetated land
is preferred for sDACCCS deployment. Formally, this assumption results in relatively equal
contributions of the vegetated and bare land fraction, represented in the conditions

𝑐𝑣𝖢𝖣𝖱
!
= 𝑐𝑏𝖢𝖣𝖱 ⇔

𝑓𝑣𝖢𝖣𝖱
𝑓𝑣

!
=

𝑓𝑏𝖢𝖣𝖱
1 − 𝑓𝑣

(45)

Here, 𝑓𝑣 is the vegetated fraction, 𝑐𝑏𝖢𝖣𝖱 and 𝑐𝑣𝖢𝖣𝖱 are the cover fractions of sDACCCS on bare
and vegetated land, and 𝑓𝑏𝖢𝖣𝖱 and 𝑓𝑣𝖢𝖣𝖱 denote the respective grid cell cover fractions of the
two contributions. Without dynamic vegetation, sDACCCS cover fractions on vegetated and
bare land would directly result from (14)

∆𝑐𝑣 = ∆𝑓 and ∆𝑐𝑏 = ∆𝑓 (46)

This simple conversion from a change in grid cell fraction to a change in tile cover fraction is
valid because

∆𝑓 = ∆𝑓𝑣 + ∆𝑓𝑏 = 𝑓𝑣∆𝑐𝑣 + (1 − 𝑓𝑣) ∆𝑐𝑏 = 𝑓𝑣∆𝑓 + (1 − 𝑓𝑣) ∆𝑓 (47)
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However, as 𝑓𝑣 changes with shifting bioclimatic conditions [68], changes in sDACCCS cover
at the same time cause a small but accumulating systematic imbalance between 𝑐𝑏𝖢𝖣𝖱 and 𝑐𝑣𝖢𝖣𝖱
(Figure S4). In addition, land use transitions can be partially unfulfilled due to the priority
rules (see below), the conservation criterion of transition matrix elements [68], and numer-
ical inaccuracies, causing imbalances between 𝑐𝑏𝖢𝖣𝖱 and 𝑐𝑣𝖢𝖣𝖱. To prevent inconsistent CO2
withdrawal within the year of occurring imbalances, we adjust the fraction of sDACCCS on
bare land. This corrects the CO2 withdrawal for an expanding/shrinking vegetated fraction
but cannot respect condition (14). This is because JSBACH reads and computes agricultural
land use transitions ahead of shifts in natural vegetation extent, which also fixes the timing of
sDACCCS cover change. Then, at the beginning of the subsequent year(s), we correct past im-
balances between sDACCCS cover on vegetated and bare land by adjusting anticipated cover
changes. Drawing on Figure S4, the necessary adjustment to maintain the anticipated sDAC-
CCS cover within the year of imbalances is

∆𝑓𝑏𝖽𝖾𝗌 = (𝑐𝑏𝖢𝖣𝖱 − 𝑐𝑣𝖢𝖣𝖱) ⋅ ∆𝑓
𝑣 (48)

which adds to (15). Here, ∆𝑓𝑣 = 𝑓𝑣𝑖 − 𝑓𝑣𝑖−1 is the shift in vegetation extent from the previous
year 𝑖 − 1 to 𝑖.

To re-adjust previous relatively unequal contributions between vegetated and bare land,
the model adds (removes) a relatively higher share of sDACCCS on the under-represented
(over-represented) land type while sDACCCS cover is increasing (shrinking) in three steps.
First, we diagnose the imbalance between the relative cover fractions on vegetated and bare
land as

𝜈 = 1
2 −

𝑐𝑏𝖢𝖣𝖱
𝑐𝑏𝖢𝖣𝖱 + 𝑐𝑣𝖢𝖣𝖱

(49)

This term is zero for no mismatch in the relative cover fractions, positive for 𝑐𝑏𝖢𝖣𝖱 < 𝑐𝑣𝖢𝖣𝖱, and
negative for 𝑐𝑏𝖢𝖣𝖱 > 𝑐𝑣𝖢𝖣𝖱. The point of view chosen here is that of the sDACCCS cover on bare
land. Note, however, that

−𝜈 = 1
2 −

𝑐𝑣𝖢𝖣𝖱
𝑐𝑏𝖢𝖣𝖱 + 𝑐𝑣𝖢𝖣𝖱

(50)

Thus, it is irrelevant if 𝜈 is defined in terms of the relative imbalance of 𝑐𝑏𝖢𝖣𝖱 or 𝑐𝑣𝖢𝖣𝖱. The
imbalance between sDACCCS cover fractions translates into fractional mismatches covered
area on bare and vegetated land

𝜈𝑓𝑏 = 𝜈 ⋅ (𝑐𝑏𝖢𝖣𝖱 + 𝑐𝑣𝖢𝖣𝖱) ⋅ (1 − 𝑓𝑣,𝗆𝖺𝗑) (51)

𝜈𝑓𝑣 = −𝜈 ⋅ (𝑐𝑏𝖢𝖣𝖱 + 𝑐𝑣𝖢𝖣𝖱) ⋅ 𝑓𝑣,𝗆𝖺𝗑 (52)

In a second step, the anticipated change in sDACCCS area ∆𝑓 (Equation (41)) can be corrected
for these mismatches. To achieve this correction, compare each grid cell’s 𝜈𝑓𝑏 and 𝜈𝑓𝑣 with the
anticipated land use transitions. One can capture the compensation in these balancing terms:

Case 1: On grid cells with growing sDACCCS area (∆𝑓 > 0) grow the area more on the rela-
tively under-represented surface type:

∆𝑓𝑏,𝖻𝖺𝗅 =
⎧

⎨
⎩

𝗆𝗂𝗇
[
𝑓𝑏𝖢𝖣𝖱,𝗆𝖺𝗑 − 𝑓𝑏𝖢𝖣𝖱, 𝗆𝗂𝗇

[
∆𝑓, 𝜈𝑓𝑏

]]
, 𝜈 > 0

0, else
(53)

∆𝑓𝑣,𝖻𝖺𝗅 =
⎧

⎨
⎩

𝗆𝗂𝗇
[
𝑓𝑣𝖢𝖣𝖱,𝗆𝖺𝗑 − 𝑓𝑣𝖢𝖣𝖱, 𝗆𝗂𝗇

[
∆𝑓, 𝜈𝑓𝑣

]]
, 𝜈 < 0

0, else
(54)
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Case 2: On grid cells with shrinking sDACCCS area (∆𝑓 < 0), shrink the area more on the
relatively over-represented surface type:

∆𝑓𝑏,𝖻𝖺𝗅 = {
𝗆𝖺𝗑

[
∆𝑓, 𝜈𝑓𝑏

]
, 𝜈 < 0

0, else
(55)

∆𝑓𝑣,𝖻𝖺𝗅 = {
𝗆𝖺𝗑

[
∆𝑓, 𝜈𝑓𝑣

]
, 𝜈 > 0

0, else
(56)

Here, the limits guarantee that (i) the balancing does not exceed the actual fractional sDACCCS
cover change that is supposed to be realized within the current year (applies to forward and
backward transitions) and (ii) that it does not exceed growth limits (forward transitions only).
The lower bound for backward transitions is already included in the definition of ∆𝑓 (see
Equation (41)). Compensating the mismatches 𝜈𝑓𝑏 and 𝜈𝑓𝑣 thus only takes place if the sDACCCS
area changes in the current annual step of land use transitions. If the sDACCCS area is constant
for several years, no re-balancing between sDACCCS on vegetated and bare land will take
place, avoiding repeated secondary transitions for CDR deployment. Here we assume that
CDR facilities would not be relocated for re-balancing.

Finally, after accounting for the imbalance between vegetated and bare land, the sDACCCS
deployment that remains to take place at relatively equal fractions on both land types is

∆𝑓𝑟𝑒𝑠 = ∆𝑓 − ∆𝑓𝑣,𝖻𝖺𝗅 − ∆𝑓𝑏,𝖻𝖺𝗅 (57)

Based on definitions (53) to (56), at most one of ∆𝑓𝑣,𝖻𝖺𝗅 and ∆𝑓𝑏,𝖻𝖺𝗅 is non-zero in a grid cell.
Thus, the changes in cover fraction which have to be realized on bare and vegetated land, ∆𝑐𝑏
and ∆𝑐𝑣 are,

Case 1: Forward transition:

∆𝑐𝑏 = 𝗆𝗂𝗇
[
𝑓𝑏𝖢𝖣𝖱,𝗆𝖺𝗑 − 𝑓𝑏𝖢𝖣𝖱, ∆𝑓𝑟𝑒𝑠 + ∆𝑓𝑏,𝖻𝖺𝗅

]
⋅ 1
1 − 𝑓𝑣

(58)

∆𝑐𝑣 = 𝗆𝗂𝗇
[
𝑓𝑣𝖢𝖣𝖱,𝗆𝖺𝗑 − 𝑓𝑣𝖢𝖣𝖱, ∆𝑓𝑟𝑒𝑠 + ∆𝑓𝑣,𝖻𝖺𝗅

]
⋅ 1
𝑓𝑣

(59)

Case 2: Backward transition:

∆𝑐𝑏 =
∆𝑓𝑟𝑒𝑠 + ∆𝑓𝑏,𝖻𝖺𝗅

1 − 𝑓𝑣
(60)

∆𝑐𝑣 = −1 ⋅
∆𝑓𝑟𝑒𝑠 + ∆𝑓𝑣,𝖻𝖺𝗅

𝑓𝑣
(61)

The negative sign in Equation (61) reflects that entries in the transition matrices are always
positive.

Second stage – translating anticipated changes in sDACCCS cover into land use transitions

On bare land, ∆𝑐𝑏 directly translates into an updated implicit sDACCCS cover fraction on a
daily time scale

𝑐𝑏𝖢𝖣𝖱, 𝑑+1 = 𝗆𝖺𝗑
[
𝗆𝗂𝗇

[
𝑐𝑏𝖢𝖣𝖱, 𝑑 + ∆𝑐(𝑑)𝑏 , 𝑐𝑏𝖢𝖣𝖱,𝗆𝖺𝗑

]
, 𝑐𝜖

]
(62)

where ∆𝑐(𝑑)𝑏 is the linearly interpolated daily change in CDR cover fraction and the index 𝑑
refers to the daily stepping. The purpose of the minimum cover fraction 𝑐𝜖 ≪ 0 and the limits
employed in Equation (62) is a measure of JSBACH to ensure numerical stability.
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On vegetated land, the deployment scheme takes two more steps to integrate into JS-
BACH’s transition scheme [67, 68]. First, we determine anticipated transition matrix elements
𝑇 𝑘 ⊳𝖢𝖣𝖱 from other land cover types 𝑘 to sDACCCS cover and elements 𝑇 𝖢𝖣𝖱⊳𝑘 for the oppo-
site case. Exploiting the area conservation for all land cover types 𝑘, 𝑙,

∑
𝑘𝑙 𝑇𝑘𝑙 = 1, the antici-

pated matrix elements are

Case 1: Forward transition:

𝑇 𝑘 ⊳𝖢𝖣𝖱 = 𝗆𝗂𝗇
[
∆𝑐𝑣 ⋅ 𝑓𝑣𝑘∕𝑓𝑣, 1 −

∑
𝑘≠𝑙, 𝜄𝖢𝖣𝖱𝑙 = 𝖥𝖠𝖫𝖲𝖤

𝑇 𝑘 ⊳ 𝑙
]

(63)

𝑇 𝖢𝖣𝖱⊳𝑘 = 0 (64)

Case 2: Backward transition:

𝑇 𝖢𝖣𝖱⊳𝑘 = ∆𝑐𝑣 ⋅ 𝑓𝑣𝑘∕𝑓𝑣 (65)
𝑇 𝑘 ⊳𝖢𝖣𝖱 = 0 (66)

The mask 𝜄𝖢𝖣𝖱𝑙 excludes CDR land cover from the summation in Equation (68). With this sum-
mation, we prioritize land use transitions of the agricultural land use scenario over CDR de-
ployment.Following Reick et al. [68]’s line of argument and their notation, we determine the
realisable annual transition matrix elements 𝑇 𝑘 ⊳ 𝑙 from the potential ones 𝑇 𝑘 ⊳ 𝑙. Here, the
𝑘, 𝑙 ∈

{
𝖫𝖢𝖳𝗏𝖾𝗀

}
denote the land cover types. The notation 𝑘 ⊳ 𝑙 represents the matrix element

converting from type 𝑘 to 𝑙. For agricultural land use the 𝑇 𝑘 ⊳ 𝑙 stem from a pre-defined pro-
tocol [67, 68, 71]. However, the sDACCCS cover couples dynamically to a CDR target and the
climatological state of irradiation. Thus, the 𝑇 𝑘 ⊳ 𝑙 with 𝜄CDR𝑘 = 𝖳𝖱𝖴𝖤 ∨ 𝜄CDR𝑙 = 𝖳𝖱𝖴𝖤 have to be
computed annually, at the step of JSBACH’s land cover change.

Exploiting the area conservation [68]
∑

𝑖𝑗 𝑇𝑖𝑗 = 1, the realisable transition elements 𝑇 𝑘 ⊳ 𝑙 for
forward transitions are

Case 1: Forward transition:

𝑇 𝑘 ⊳𝖢𝖣𝖱 = ∆𝑐𝑣 ⋅ 𝑓𝑣𝑘∕𝑓𝑣 (67)

𝑇 𝑘 ⊳𝖢𝖣𝖱 = 𝗆𝗂𝗇
[
𝑇 𝑘 ⊳𝖢𝖣𝖱, 1 −

∑
𝑘≠𝑙, 𝜄𝖢𝖣𝖱𝑙 = 𝖥𝖠𝖫𝖲𝖤

𝑇 𝑘 ⊳ 𝑙
]

(68)

𝑇 𝖢𝖣𝖱⊳𝑘 = 0 (69)

where Equation (68) gives priority to agricultural land use transitions. The backward transi-
tions, do not require such limits on the sDACCCS cover to prioritize the agricultural land use
protocol. Therefore, the matrix elements converting from CDR-covered to other land are

Case 2: Backward transition:

𝑇 𝖢𝖣𝖱⊳𝑘 = 𝑇 𝖢𝖣𝖱⊳𝑘 = ∆𝑐𝑣 ⋅ 𝑓𝑣𝑘∕𝑓𝑣 (70)
𝑇 𝑘 ⊳𝖢𝖣𝖱 = 0 (71)

Second stage – priority rules

As the final step, we expand JSBACH’s prioritization rules 1–3 for land use transitions [67,
68]. These rules determine in which order natural land gets converted into agricultural land
and vice versa. Again prioritizing the agricultural land use scenario, we add rule 4 converting
natural lands to sDACCCS cover and rule 0 for the back-conversion. Here, natural lands consist
of contributions by forests (𝐹) and grasslands (𝐺), agricultural lands comprise pastures (𝑃) and
croplands (𝐶).
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Rule 4: 𝐹+𝐺 ,→ 𝖢𝖣𝖱 (forward transition, shrinkage of natural lands for sDACCCS)
To establish CDR land cover, convert the remainder of 𝐺 and 𝐹 land after expanding
agricultural lands based on rules 1 to 3 at equal proportion.

Rule 0: 𝖢𝖣𝖱 ,→ 𝐹 + 𝐺 (backward transition, shrinkage of sDACCCS cover)
Convert CDR-used land into F and G land based on their relative abundance while
respecting their potential natural extent.

In addition to rules 4 and 0, we amend the existing rules 1 to 3 because reducing CDR cover
for the benefit of natural land fills up a fraction of their potential natural extent. This share
of potential extent cannot be used for re-converting agricultural lands back into natural ones,
analogous to shrinking different types of agricultural lands as implemented by Reick et al. [68].
We derive the formal expressions implementing the new priority rules and the amendments
to existing rules in the following. The amended rules culminate in daily transition matrix ele-
ments that are applied to every tile of every land cover class.

Analogous to (10.14) – (10.18) of Reick et al. [68], our CDR model implements priority rule 4
with a scaling factor 𝜌. It scales 𝑇𝑁⊳𝖢𝖣𝖱 in relation to the remaining natural land cover fraction
after rules 1 to 3 have been applied

𝜌 = 𝑇𝑁⊳𝖢𝖣𝖱 ⋅ 𝑐𝑁 ⋅ [𝑐𝑁 − ∆𝐺 ⊳𝑃 − ∆𝐹 ⊳𝑃 − ∆𝐺 ⊳𝐶 − ∆𝐹 ⊳𝐶]−1 (72)

Here, the ∆𝐾 ⊳𝐿, 𝐾 ∈ {𝐺, 𝐹}, 𝐿 ∈ {𝑃, 𝐶} stand for the shares in natural vegetation cover which
have already been converted to agricultural lands in the current step. Then, rule 4 comes down
to

𝑇𝐺 ⊳𝖢𝖣𝖱 = 𝜌 ⋅ (1 − 𝑇𝐺 ⊳𝑃 − 𝑇𝐺 ⊳𝐶)
𝑇𝐹 ⊳𝖢𝖣𝖱 = 𝜌 ⋅ (1 − 𝑇𝐹 ⊳𝑃 − 𝑇𝐹 ⊳𝐶)

(73)

The calculations materializing Rule 0 follow the line of arguments set out by Reick et al. [68] on
rule 1 for shrinking agricultural lands. The conversion from sDACCCS cover to F and G lands
takes place at the same general relative factor 𝑎

𝑇𝖢𝖣𝖱⊳𝐺 𝑐𝑣𝖢𝖣𝖱 = 𝑎 (𝑐𝑝𝑜𝑡𝐺 − 𝑐𝐺)

𝑇𝖢𝖣𝖱⊳𝐹 𝑐𝑣𝖢𝖣𝖱 = 𝑎 (𝑐𝑝𝑜𝑡𝐹 − 𝑐𝐹)
(74)

with potential natural vegetation extents 𝑐𝑝𝑜𝑡𝐾 . These potentially available F and G lands also
constrain the transition matrix elements for the conversion from sDACCCS cover as

𝑇𝖢𝖣𝖱⊳𝐺 ≤
𝑐𝑝𝑜𝑡𝐺 − 𝑐𝐺
𝑐𝑣𝖢𝖣𝖱

𝑇𝖢𝖣𝖱⊳𝐹 ≤
𝑐𝑝𝑜𝑡𝐹 − 𝑐𝐹
𝑐𝑣𝖢𝖣𝖱

(75)

Together, Equations (74) and (75) result in

𝑎 ≤ 1
𝑐𝑣𝖢𝖣𝖱

(76)

On the other hand,

𝑇𝖢𝖣𝖱⊳𝑁 = 𝑇𝖢𝖣𝖱⊳𝐺 + 𝑇𝖢𝖣𝖱⊳𝐹

= 𝑎
𝑐𝑣𝖢𝖣𝖱

(𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁)
(77)
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Thus, in combination of Equations (74) and (77),

𝑎 = 𝑇𝖢𝖣𝖱⊳𝑁
𝑐𝑣𝖢𝖣𝖱

𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁
(78)

Combining conditions (76) and (78), the annual transition matrix elements for rule 0 are

𝑇𝖢𝖣𝖱⊳𝐺 = 𝗆𝗂𝗇[ 1
𝑐𝖢𝖣𝖱

,
𝑇𝖢𝖣𝖱⊳𝑁

𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁
] ⋅ (𝑐𝑝𝑜𝑡𝐺 − 𝑐𝐺) (79)

𝑇𝖢𝖣𝖱⊳𝐹 = 𝗆𝗂𝗇[ 1
𝑐𝖢𝖣𝖱

,
𝑇𝖢𝖣𝖱⊳𝑁

𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁
] ⋅ (𝑐𝑝𝑜𝑡𝐹 − 𝑐𝐹) (80)

From analogous reasoning, follow the amended calculations for rule 1 for shrinking agricul-
tural land

𝑇𝐶 ⊳𝐺 = 𝗆𝗂𝗇[ 1𝑐𝐶
,

𝑇𝐶 ⊳𝑁

𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁 − 𝑇𝖢𝖣𝖱⊳𝑁 𝑐𝑣𝖢𝖣𝖱
]

⋅ (𝑐𝑝𝑜𝑡𝐺 − 𝑐𝐺 − 𝑇𝖢𝖣𝖱⊳𝐺 𝑐𝑣𝖢𝖣𝖱)

𝑇𝐶 ⊳𝐹 = 𝗆𝗂𝗇[ 1𝑐𝐶
,

𝑇𝐶 ⊳𝑁

𝑐𝑝𝑜𝑡𝑁 − 𝑐𝑁 − 𝑇𝖢𝖣𝖱⊳𝑁 𝑐𝑣𝖢𝖣𝖱
]

⋅ (𝑐𝑝𝑜𝑡𝐹 − 𝑐𝐹 − 𝑇𝖢𝖣𝖱⊳𝐹 𝑐𝑣𝖢𝖣𝖱)

(81)

In addition to the default JSBACH model, rule 1 now accounts for the fraction of potentially
available natural lands which have already been “filled up” with re-converted CDR land due
to rule 0. This fill-up is expressed by the terms 𝑇𝖢𝖣𝖱⊳ {𝑁,𝐺,𝐹} 𝑐𝑣𝖢𝖣𝖱 in equations (81). Similarly,
the amendments to rules 2 and 3 for shrinking agricultural land consist of corrections to the
potential natural vegetation extent

𝑇𝑃⊳𝐹 = 𝗆𝗂𝗇[𝑇𝑃⊳𝑁 ,
𝑐𝑝𝑜𝑡𝐹 − (𝑐𝐹 + 𝑇𝐶 ⊳𝐹 𝑐𝐶 + 𝑇𝖢𝖣𝖱⊳𝐹 𝑐𝖢𝖣𝖱)

𝑐𝑃
] (82)

𝑇𝑃⊳𝐺 = 𝗆𝗂𝗇[𝑇𝑃⊳𝑁 − 𝑇𝑃⊳𝐹 ,
𝑐𝑝𝑜𝑡𝐺 − (𝑐𝐺 + 𝑇𝐶 ⊳𝐺 𝑐𝐶 + 𝑇𝖢𝖣𝖱⊳𝐺 𝑐𝖢𝖣𝖱)

𝑐𝑃
] (83)

Analogous to Reick et al. [68], the CDR model interpolates the realized land use transitions to
daily resolution and converts them into tile contributions

𝑇 (𝑑)
𝑘𝑗 ⊳𝖢𝖣𝖱𝑖

=
𝑇 𝑘 ⊳𝖢𝖣𝖱
𝑁𝑑

(84)

𝑇 (𝑑)
𝖢𝖣𝖱⊳𝑘𝑗

=
⎧

⎨
⎩

𝑇𝖢𝖣𝖱⊳𝑘

𝑁𝑑
⋅
𝑐𝑘𝑖
𝑐𝑘
, 𝑘 ∈ {𝑃, 𝐶}

𝑇𝖢𝖣𝖱⊳𝑘

𝑁𝑑
⋅
𝑐𝑝𝑜𝑡𝑘𝑖

−𝑐𝑘𝑖
𝑐𝑘

, 𝑘 ∈ {𝐹, 𝐺}
(85)

Here, the 𝑘𝑗 are different plant functional types of land cover class 𝑘. Following each step of
land cover change, we recompute the box cover fraction of sDACCCS as

𝑓𝖢𝖣𝖱 = 𝗆𝖺𝗑
[
𝗆𝗂𝗇

[
𝑐𝑣𝖢𝖣𝖱 ⋅ 𝑓𝑣 + 𝑐𝑏𝖢𝖣𝖱 ⋅ (1 − 𝑓𝑣), 1

]
, 2𝑐𝜖

]
(86)

which enters again into the model for CO2 sequestration.
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Transitioning from no-CDR simulation spin-ups to experiments with sDACCCS
representation

Integrating the components of our CDR model into ECHAM6.3 and JSBACH entails technical
extensions to these models, including model restart files and support code. They spread across
JSBACH’s entire call tree (Supplementary Figure S S6) and into the land coupling variables of
ECHAM6.3. Throughout a simulation, MPI-ESM writes restart files, typically at an interval of
one simulation year. These files contain all necessary state variables to re-initialize the model
from a previous simulation. Extending JSBACH with a land cover class for sDACCCS implic-
itly changes the format of restart files because the number of land cover types changes. To
re-initialize from a spun-up simulation without sDACCCS representation, our CDR compo-
nent comes with a transitioning mode. This mode runs for the first year of a simulation with
CDR. During this year, no sDACCCS can deploy on the land surface, but the sDACCCS land
cover type already exists in the model at a minimal technical fraction. This allows computing
relevant restart variables for CDR land cover without impacting the simulated Earth system
state. Only after this initial year of transition mode the CDR cover is allowed to change to
non-negligible cover fractions. Our CDR extension further comes with tools for setting up
CDR scenarios, pre-processing restart and input files, and post-processing CDR-specific out-
put variables.

Zero-dimensional model for CDR through sDACCCS chains

Along seven steps, the zero-dimensional model follows the process chain from incident irradi-
ation on a solar absorber to resulting CO2 withdrawal (Figure S9).

(i) Absorption of solar irradiation JSBACH provides a visible and a near-infrared spectral
band aggregated from the sixteen spectral bands of ECHAM6.3. We diagnose the effective
absorption coefficient 𝑎𝜉 , 𝜉 ∈ {𝗏𝗂𝗌, 𝗇𝗂𝗋} of a tile

𝑎𝜉 = (1 − 𝛼𝖢𝖣𝖱, 𝜉)(1 − 𝑐𝑠) + (1 − 𝛼s, 𝜉) 𝑐𝑠 (87)

with albedo 𝛼𝖢𝖣𝖱, 𝜉 of the solar absorber in the spectral band 𝜉 and snow cover fraction 𝑐𝑠. Thus,
the radiative forcing includes the shading effect of snow cover, assuming that snow-covered
solar absorbers can still operate with the fraction of irradiation that does not get reflected. The
absorbed fraction of the incident irradiation 𝐼𝗌𝗎𝗋𝖿𝖺𝖼𝖾 follows as

𝐼𝑎, 𝜉 = 𝑎𝜉 ⋅ 𝐼𝗌𝗎𝗋𝖿𝖺𝖼𝖾
[
𝖶∕𝗆𝟤

]
(88)

(ii) Effective energy flux The absorbed energy flux is subject to losses in the solar absorber
and along the process chain. We capture these losses with the system efficiency 𝜂𝗌𝗒𝗌. In ad-
dition, the amount of energy available to reduce CO2 depends on the spatial setup of solar
absorbers. We incorporate this constraint with a space factor 𝜇𝗌𝗉𝖺𝖼𝖾 = 0.25 which converts the
area of solar absorbers to the land use footprint of sDACCCS. We choose 𝜇𝗌𝗉𝖺𝖼𝖾 in the order of
typical space factors for photovoltaic devices [72, 69, 73], assuming that comparable spacing
would also apply to CO2 capturing facilities. Then, the effective irradiation flux available for
reducing CO2 molecules is

𝐼𝑒, 𝜉 = 𝐼𝑎, 𝜉 ⋅ 𝜂𝗌𝗒𝗌 ⋅ 𝜇𝗌𝗉𝖺𝖼𝖾
[
𝖶∕𝗆𝟤

]
(89)

(iii) Effective photon flux In a solar absorber, incident photons can be thought of as generat-
ing electron–hole pairs (𝑒−+ℎ+) based on the photoelectric effect. Subsequently, these electrons
can be used to reduce CO2 molecules in a catalytic reaction. The internal quantum efficiency
𝜂𝖰𝖤(𝜆) captures the yield efficiency for charge carriers resulting from the photoelectric effect in

13



response to incident photons of wavelength 𝜆 [74]. 𝜂𝖰𝖤(𝜆) differs, for example, between differ-
ent materials and setups used for a solar absorber [74]. The photon flux Φ𝜉 within a spectral
band [𝜆1, 𝜆2] incorporates this electron yield efficiency

Φ𝜉 =
1
ℎ𝑐

∫
𝜆2

𝜆1
𝖽𝜆 𝐹(𝜆) ⋅ 𝜂𝖰𝖤(𝜆) ⋅ 𝜆 (90)

Here 𝐹(𝜆) is the wavelength-dependent effective irradiation flux onto the solar absorber, 𝑐 is
the speed of light, and ℎ the Planck constant. Given the simple spectral setup of JSBACH
with two aggregated spectral bands and the uncertain technological details of sDACCCS, we
assume 𝜂𝖰𝖤(𝜆) as constant over a spectral band, 𝜂𝖰𝖤(𝜆) ≡ 𝜂𝖰𝖤, and employ a normalization
approach of the spectral irradiance (SI S1). Then, we obtain a scaling constant relating the
integrated spectral power 𝐼𝜉 to the photon flux in the respective spectral band

𝜇𝜉 = Φ𝜉∕𝐼𝜉
[
1∕(𝖶 ⋅ 𝗌)

]
(91)

One can interpret 𝜇𝜉 as the number of electrons excited per unit of integrated irradiance in the
spectral band 𝜉 (SI S1).

(iv) Solar energy demand of sDACCCS process chains For the high efficiency (hE) pro-
cess chain, 𝜇𝜉 would already correspond to the conversion efficiency from incident irradiation
to CO2 withdrawal flux if no further energy to capture atmospheric CO2 would be required.
However, the CO2 reduction cannot consume all available electrons because they also need
to drive the capturing process. For formate as a sink product, the DAC stage consumes about
one out of four available electrons (SI S2), assuming reported energy demands of existing DAC
facilities around 0.5 𝗄𝖶𝗁 per kilogramm of captured CO2 [75] and 32% yield efficiencies of fu-
ture photoabsorbers [76]. We incorporate this efficiency discount by modifying the conversion
efficiency, 𝜇𝖢𝖮𝟤∕𝑒− → �̃�𝗁𝖤𝖢𝖮𝟤∕𝑒− (SI S2). In addition to the solar energy needed for atmospheric CO2
capture, the low efficiency (lE) process chain demands energy for electrolysis. Assuming 80%
overpotential of an industrial-scale electrolysis cell in the order of CO2–to–carbon monoxide
reduction [cf. 77] and silicate photovoltaic cells (25% yield efficiency [76]), this process stage
demands 4.26 𝗄𝖶𝗁 per kilogramm of CO2 reduced to formate (SI S2). We incorporate this ad-
ditional energy demand in �̃�𝗅𝖤𝖢𝖮𝟤∕𝑒− (SI S2).

(v) CO2 sequestration flux Then, drawing on Equation (91) and on the energy flux available
to excite electron–hole pairs (Equation (89)), the CO2 sequestration flux 𝐹𝖢𝖮2, 𝜉 is given by

𝐹𝖢𝖮2, 𝜉 = 𝐼𝑒, 𝜉 ⋅ �̃�𝜉 ⋅ 𝜇𝑖𝖢𝖮2∕𝑒− ⋅𝑀𝖢𝖮2 ⋅ 1∕𝑁𝐴 ⋅ 𝜇𝑐
[
𝗄𝗀(𝖢𝖮𝟤)∕(𝗆𝟤 ⋅ 𝗌)

]
(92)

Here, 𝜇𝑖𝖢𝖮2∕𝑒− denotes the number of CO2 molecules reduced per electron and 𝑖 ∈ {𝗅𝖤, 𝗁𝖤}. The
factor 𝜇𝑐 calibrates sDACCCS’ land footprint to theoretical values from May and Rehfeld [73]
(SI S4). The molar mass of CO2, 𝑀𝖢𝖮2 , and the Avogadro constant 𝑁𝐴 convert the net count of
CO2 molecules into a mass flux. This mass flux constitutes the CDR forcing in the CO2 balance
of ECHAM6.3.

(vi) Carbon sink pool and potential withdrawal From the withdrawal fluxes of the two
spectral bands, 𝐹𝖢𝖮2, 𝗏𝗂𝗌 and 𝐹𝖢𝖮2, 𝗇𝗂𝗋 , we diagnose the net change in carbon sink product 𝑚𝖢
(here, expressed in units of 𝐶𝑂2, 𝑚𝖢𝖮𝟤). Given the area occupied by sDACCCS at time 𝑡 in a
grid cell with area 𝐴𝑡

𝖼𝖾𝗅𝗅, 𝐴
𝑡
𝖢𝖣𝖱 = 𝐴𝑡

𝖼𝖾𝗅𝗅 ⋅ 𝑓
𝑡
𝖢𝖣𝖱, the annual CO2 withdrawal is

𝑚𝖢𝖮𝟤 =
∑𝑡0+𝑁𝑡

𝑡=𝑡0
𝑚𝑡
𝖢𝖮𝟤

= 10−12 ⋅
∑𝑡0+𝑁𝑡

𝑡=𝑡0
(𝐹𝑡𝖢𝖮𝟤, 𝗇𝗂𝗋 + 𝐹𝑡𝖢𝖮𝟤, 𝗏𝗂𝗌) ⋅ 𝐴

𝑡
𝖢𝖣𝖱 ⋅ ∆𝑡

[
𝖦𝗍(𝖢𝖮𝟤)

]
(93)
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where 𝑡0 denotes the first time step of a simulated year, 𝑁𝑡 is the number of steps in that year,
and ∆𝑡 is a time step’s length. Drawing on Equation (93), we also obtain the climatological
CO2 withdrawal potential 𝜓𝜏𝑖 at the first time step of year 𝑖, 𝜏𝑖.

𝜓𝜏𝑖 =
1

𝑁𝖼𝗅𝗂𝗆

∑𝜏𝑖
𝜏=𝜏𝑖−𝑁𝖼𝗅𝗂𝗆

∑𝜏𝑖+𝑁𝑡
𝑡=𝜏𝑖

𝑚𝑡
𝖢𝖮𝟤

𝐴𝖢𝖣𝖱,𝗆𝖺𝗑

𝐴𝑡
𝖢𝖣𝖱

(94)

Here, 𝐴𝖢𝖣𝖱,𝗆𝖺𝗑 is the upper limit for the grid cell area occupied by sDACCCS, irrespective of
land availability constraints. We choose an averaging interval of 𝑁𝖼𝗅𝗂𝗆 = 15 𝗒𝗋, still allowing
for variability beyond that time scale. The climatological withdrawal potential translates a
CDR target into changes in sDACCCS cover fraction when computing land use transitions
(see below).

(vii) Thermal cooling from CO2 fixation The sDACCCS process chain converts solar energy
into energy stored in the chemical bonds of a carbon-rich sink product. Storing this product
away in an integrated process chains as in the hE scenario corresponds to a cooling of the
surface climate that is not captured in the energy balance of MPI-ESM. The ESM’s radiative
scheme would overestimate the long-wave surface forcing through thermalization of photons
that get absorbed by solar absorbers, if this effect of energy storage is not corrected for. As
a conservative estimate, we diagnose the heat flux due to CO2 fixation from the minimum
energy needed to drive the reduction of CO2 to formate, that is its Gibbs free energy of for-
mation ∆𝐺𝖢𝖮𝟤→𝖧𝖢𝖮𝖮𝖧 = 1.4 𝖾𝖵 = −135.08 𝗄𝖩∕𝗆𝗈𝗅 [78, 73]. We diagnose the thermal cooling from
constructing chemical bonds as

𝐻𝖻𝗈𝗇𝖽𝗌 =
𝐹𝖢𝖮𝟤 ⋅ ∆𝐺𝖢𝖮𝟤→𝖧𝖢𝖮𝖮𝖧

10−3 ⋅𝑀𝖢𝖮𝟤

[
𝖶∕𝗆𝟤

]
(95)

and couple 𝐻𝖻𝗈𝗇𝖽𝗌 into the surface energy balance of JSBACH

𝐶
𝜕𝑇𝗌𝗎𝗋𝖿
𝜕𝑡

= 𝑅𝗇𝖾𝗍 +𝐻𝗌𝖾𝗇𝗌𝗂𝖻𝗅𝖾 +𝐻𝗅𝖺𝗍𝖾𝗇𝗍 +𝐻𝗀𝗋𝗈𝗎𝗇𝖽 +𝐻𝖻𝗈𝗇𝖽𝗌 (96)

Here, 𝐶 denotes the (dynamic) heat capacity of the surface soil layer, 𝑇𝗌𝗎𝗋𝖿 is the surface tem-
perature, 𝑅𝗇𝖾𝗍 the net radiation, and 𝐻𝗌𝖾𝗇𝗌𝗂𝖻𝗅𝖾, 𝐻𝗅𝖺𝗍𝖾𝗇𝗍, and 𝐻𝗀𝗋𝗈𝗎𝗇𝖽 are sensible, latent, and ground
heat fluxes, respectively [68].

Muting CDR at low ambient CO2 concentrations

No chemical reaction removing CO2 will occur efficiently if its concentration [𝖢𝖮2] is too low.
Real-world reaction kinetics of direct air capture and (photo-)electrochemistry are complex
and require dedicated modeling of catalysts and electrolytes based on real-world experimen-
tal data. This modeling based on first principles is different from the aim of our study, and
an Earth system model would not be an ideal tool for this. Instead, we aim at storyline ex-
periments to assess the feasibility of sDACCCS as a large-scale CDR approach in general.
Therefore, a simple sigmoid response curve approximates the reaction kinetics at low CO2
concentrations. Sigmoid response curves are a widely applied model for chemical reactions,
mainly if the reaction rate depends (or is assumed to depend) on the concentration of a single
educt [79]. We employ the logistic function

𝑓𝑙 =
1

1 + 𝖾𝗑𝗉
(
− 𝜅([𝖢𝖮2] − [𝖢𝖮2]𝐻)

) (97)

with decay rate 𝜅 = 0.05 𝗆𝗈𝗅(𝖺𝗂𝗋)∕𝜇𝗆𝗈𝗅(𝖢𝖮)2 and a concentration at the inflection point [𝖢𝖮2]𝐻 =
160 𝜇𝗆𝗈𝗅(𝖢𝖮)2∕𝗆𝗈𝗅(𝖺𝗂𝗋). The chosen parameters correspond to a CDR response ≥ 0.999 for [𝖢𝖮2] >
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299 𝜇𝗆𝗈𝗅∕𝗆𝗈𝗅 and≥ 0.99 for [𝖢𝖮2] > 252 𝜇𝗆𝗈𝗅∕𝗆𝗈𝗅. In the model, we set [𝖢𝖮2] < 300 𝜇𝗆𝗈𝗅∕𝗆𝗈𝗅 as a thresh-
old below which the response curve can affect CO2 removal because of numerical reasons. If
surface CO2 concentrations in our scenarios were close to this threshold or within the range
of the dampening curve, CO2 removals would be sensitive to the parameters of the sigmoid.
However, CO2 concentrations in all of our study’s experiments are far above the threshold.

As a consequence, the dampened CO2 removal at low concentrations practically serves the
purpose of numerical stability because it prevents local concentrations from dropping below
unphysical levels if CO2 concentrations are already low because of the variability of atmo-
spheric mixing and CDR combined. This is a rare case in the model and typically would occur
on time scales of single time steps (20 minutes). On the temporal resolutions of interest in our
study, atmospheric mixing continuously readjusts CO2 abundance for local CDR, even at high
grid cell coverages (see Figure 3a of the updated manuscript). Future work should refine the
parameters and shape of the response curve if it is relevant to the envisaged study.

Linear scaling of the photon flux

To accommodate (5) within JSBACH’s simple spectral representation, we normalize the photon
flux Φ𝜉 by the integrated spectral power 𝐼𝜉 = ∫ 𝜆2𝜆1 𝖽𝜆 𝐹(𝜆) of the AM1.5G reference spectrum
[80, 81] using the YaSoFo tool for spectral integration [73]. Table 1 summarizes results of the
spectral integrations. Utilizing the same reference spectrum globally in our model neglects
non-linearities in the electron yield curve of the photoelectric effect, the local seasonality of
solar insolation, and climatic effects on the solar spectrum. Thus, precisely estimating global
CDR potential for a specific technological pathway requires dedicated spectral modeling. Still,
we correct some of these shortcomings by model calibration (see below).

S2 Process chain efficiencies of sDACCCS

To integrate energy harvest and process chain efficiencies of the hE and lE technology scenar-
ios into the zero-dimensional sDACCCS parametrization, we draw on modified conversion
efficiencies. For the hE scenario, the conversion efficiency incorporates the solar energy har-
vest required to drive DAC. In the lE scenario, energy harvest for DAC and electrolysis are
incorporated. The on-going development of sDACCCS and DAC-type process chains lim-
its available efficiency estimates. However, both technology scenarios have been successfully
demonstrated for hydrogen production [74, 82, 83] and with a focus on carbon capture and
utilization [84, 85], aiming at synthetic fuel production not at maximizing the CO2 withdrawal
potential of sink products.

hE technology scenario

We include the energy harvest for the hE scenario’s CO2 capturing stage into its conversion
factor 𝜇𝗁𝖤𝖢𝖮2∕𝑒− . Therefore, we compute the module area of photovoltaic solar absorbers required
to drive the DAC process delivering CO2 as an input for photoelectrochemical (PEC) reduction.
First, we obtain the CO2 withdrawal flux 𝐹 per PEC module area at a given insolation 𝐼 from
(7). Here, we utilize 𝜇𝖢𝖮2∕𝑒− = 𝜂𝖲𝖳𝖢, where 𝜂𝖲𝖳𝖢 is the solar–to–carbon conversion efficiency for
the PEC reduction stage alone [73]. The CO2 withdrawal corresponds to an energy demand
𝐸𝑑 = 𝐹 ⋅ 0.5 𝗄𝖶𝗁∕𝗄𝗀(𝖢𝖮𝟤) of the DAC stage, based on reported values of DAC facilities [86, 75] and
assuming that the sorbent of CO2 can be used within the electrolyte. Then,

𝐹′ = 𝐹 ⋅ (1 −
𝐹 ⋅ 𝐸𝑑
𝜂𝖯𝖵 ⋅ 𝐼

) (98)
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where 𝜂𝖯𝖵 denotes the efficiency of photovoltaic devices, assuming prospective perovskite-
silicon tandem cells [76]. Now, solving (7) for the conversion factor, including 50% system loss,
and utilizing the constants and parameters summarized in Table 3, we obtain 𝜇𝗁𝖤𝖢𝖮2∕𝑒− = 0.071.
Integrating the energy harvest for DAC and associated efficiencies of the solar absorbers thus
reduces the ideal conversion efficiency [73] by ∼24.1%.

lE technology scenario

In addition to the energy required to drive the DAC process, the lE scenario demands energy
to drive the extraction of the CO2 from the DAC’s sorbent and for electrolysis. The minimum
energy required to power the electrolytic reduction of CO2 to formate is

𝐸𝖢𝖮2 = 𝑈𝖼𝖾𝗅𝗅 ⋅ 𝐹 ⋅ 𝑛𝖢𝖮2 ⋅ 𝑛𝑒 (99)

with 𝑈𝖼𝖾𝗅𝗅 being the cell potential, 𝐹 the Faraday constant, 𝑛𝖢𝖮2 the number of moles of CO2
consumed, and 𝑛𝑒 = 2 the number of electrons consumed in the half-cell evolution reaction
to formate. 𝑛𝑖 is calculated as 𝑛𝑖 = 𝑚𝑖∕𝑀𝑖, with 𝑚𝑖 being the mass of the educt/product con-
sumed/produced and 𝑀𝑖 the respective molar mass. In real-world electrolysis, the activation
of the electrochemical reaction and electrolyte resistance demand additional energy, leading to
a so-called overpotential [87]. As a result, 𝑈𝖼𝖾𝗅𝗅 has to be higher than the reaction’s thermody-
namic limit, as given by its Gibbs free energy [87]. Therefore, we assume cell overpotentials
of 80% in light of experimental data for the reduction of CO2 to carbon monoxide [77]. Then,
drawing on the parameters and constants as summarized in Table 4, we obtain an energy de-
mand for the electrolysis stage of 𝐸𝖢𝖮2 = 3.045 𝗄𝖶𝗁 per 𝗄𝗀(𝖢𝖮2) reduced, corresponding to
𝐸𝖧𝖢𝖮𝖮𝖧 = 1.456 𝗄𝖶𝗁 per 𝗄𝗀 formate produced. We further assume a system efficiency 𝜂𝖾𝗅 = 0.5
for the electrolysis setup as for the hE pathway. The energy demand of the DAC process is
analogous to the hE scenario. On the energy supply side, we assume typical efficiencies of
modern commercial crystalline silicate photovoltaic cells [76], applying a 1-2% discount on
the most recent values to account for some lag in the rollout of newest technologies. Table 5
aggregates the assumend values for energy demands and supply of the lE scenario.

With the aggregated energy demand 𝐸𝑑 =
𝐸𝖢𝖮2
𝜂𝑒𝑙

+𝐸𝖣𝖠𝖢 per unit of CO2 withdrawn from the

atmosphere, we can deduce the associated withdrawal flux per module area of solar absorbers
at a given insolation 𝐼 = 1000 𝗄𝖶𝗁∕𝗒𝗋 as 𝐹𝐶𝑂2 = 29.10 𝗄𝗀(𝖢𝖮𝟤)∕𝗆𝟤(𝗆𝗈𝖽𝗎𝗅𝖾) ⋅ 𝖺 where

𝐹𝐶𝑂2 = 𝐼 ⋅
𝜂𝖯𝖵
𝐸𝑑

(100)

Then, we are able to compute an effective conversion efficiency for the lE process chain by
inverting (7). Again, we draw on the AM1.5G reference spectrum to convert between the
power-related efficiency 𝜂𝖯𝖵 and an efficiency relating to the photon flux

𝜇𝗅𝖤𝖢𝖮2∕𝑒− =
𝐹𝐶𝑂2

𝐼 ⋅ 𝜇𝗇𝗂𝗋+𝗏𝗂𝗌
⋅
𝑁𝐴
𝑀𝐶𝑂2

(101)

Here, we employ a scaling constant 𝜇𝗇𝗂𝗋+𝗏𝗂𝗌 allocating the combined irradiation 𝐼 to both spec-
tral windows of JSBACH by their respective contribution to the overall spectral power

𝜇𝗇𝗂𝗋+𝗏𝗂𝗌 =
Φ𝗇𝗂𝗋 + Φ𝗏𝗂𝗌
𝐼𝗇𝗂𝗋 + 𝐼𝗏𝗂𝗌

(102)

where individual contributions are assumed to be

𝐼𝜉 =
Φ𝜉
𝐼𝜉

𝐼𝜉
𝐼𝗇𝗂𝗋 + 𝐼𝗏𝗂𝗌

⋅ 𝐼 (103)

Drawing on the parameters in Table 1 and 50% system loss, we obtain 𝜇𝗅𝖤𝖢𝖮2∕𝑒− = 0.0347.
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S3 Spatiotemporal sDACCCS targets and compatible emission forc-
ings

One of the distinguishing features of our CDR extension to MPI-ESM is the ability to model
CDR explicitly compared to the implicit representation of typical scenario simulations. How-
ever, to still obtain an effective emission forcing that is compatible between simulations and
with the SSP framework, we modify the SSP emission forcing. Then, the explicit CO2 re-
moval and the modified forcing combine to SSP1-2.6 again. As a first step, we interpolate
global emission scenarios linearly from their native five-yearly temporal resolution [88] to
the CDR target’s annual resolution. Due to the shape of SSP scenarios, a pice-wise linear
interpolation is preferable to higher order interpolation to avoid a systematic bias in the ef-
fective emission forcing. In case of the 𝗆𝖺𝗑 scenarios, the difference in net emission forc-
ing ∆𝐸 = 𝐸𝖲𝖲𝖯𝟥−𝟩.𝟢 + 𝐸𝖢𝖣𝖱𝗆𝖺𝗑 − 𝐸𝖲𝖲𝖯𝟣−𝟤.𝟨 = 𝐸𝖲𝖲𝖯𝟥−𝟩.𝟢−𝐸𝖲𝖲𝖯𝟣−𝟤.𝟨

2
> 0. For 𝗆𝗂𝗇 scenarios, ∆𝐸 =

𝐸𝖲𝖲𝖯𝟣−𝟤.𝟨+𝐸𝖢𝖣𝖱𝗆𝗂𝗇 −𝐸𝖲𝖲𝖯𝟣−𝟤.𝟨 = 𝐸𝖢𝖣𝖱𝗆𝗂𝗇 < 0. Then, we re-scale all emitters in the spatial emission
scenario as

𝐸𝑖𝑗 = 𝐸𝑖𝑗 + ∆𝐸 ⋅
𝐸𝑖𝑗𝐴𝑖𝑗𝜄𝐸𝑖𝑗

∑
𝑖𝑗 𝐸𝑖𝑗𝐴𝑖𝑗𝜄𝐸𝑖𝑗

(104)

where the mask
𝜄𝐸𝑖𝑗 = (𝐸𝑖𝑗 > 0 ∧ |𝜙𝑖𝑗| < 88°) (105)

The deployment scheme uses contribution weights 𝑤𝑐
𝑖𝑗 to split the global target change into

contributions of individual grid cells (Section S1). The 𝑤𝑐
𝑖𝑗 have to fulfil

∑
𝑖, 𝑗

𝑤𝑐
𝑖𝑗∕𝑤𝑎

𝑖𝑗 = 1 (106)

with area weights 𝑤𝑎
𝑖𝑗. In the 𝖤𝗊𝗅 scenario, all grid cells within a latitudinal band from 𝜙𝑆 to

𝜙𝑁 contribute a relatively equal share to the overall sDACCCS cover based on their area. We
limit deployment to this latitudinal range to account for the sparse year-round sunlight in high
latitudes, reducing the cost-efficiency of solar absorbers. The contribution mask for a grid cell
(𝑖, 𝑗) ∈

{
(1, 1), (1, 2) (2, 1), … , (𝑁lon, 𝑁lat)

}
is

𝜄𝖤𝗊𝗅𝑖𝑗 ≡
(
𝜄𝗅𝖺𝗇𝖽𝑖𝑗 = 𝖳𝖱𝖴𝖤 ∧ |𝜙𝑖𝑗| < 60 °

)
(107)

with 𝜙𝑖𝑗 indicating the cell’s latitude and 𝜄𝗅𝖺𝗇𝖽𝑖𝑗 the land–sea mask (returning 𝖳𝖱𝖴𝖤 for land grid
cells). Then, the global normalization of contribution weights is

𝒩𝖤𝗊𝗅 =
∑

𝑖, 𝑗∈𝐼
𝑤𝑎
𝑖𝑗 (108)

with area weights 𝑤𝑎
𝑖𝑗 and 𝐼 =

{
(𝑖, 𝑗) ∶ 𝜄𝖤𝗊𝗅𝑖𝑗 = 𝖳𝖱𝖴𝖤

}
. The contribution weights result as

𝑤𝑐
𝑖𝑗 = {

𝑤𝑎
𝑖𝑗∕𝒩𝖤𝗊𝗅, 𝜄𝖤𝗊𝗅𝑖𝑗 = 𝖳𝖱𝖴𝖤
0, else

(109)

For the 𝖯𝗋𝗈𝗉 scenario, we draw on a CDR burden sharing paradigm by Fyson et al. [89],
which follows a “polluter pays principle” on the country level. Fyson et al. allocate respon-
sibility for CDR deployment to those countries that exceed their “fair share” of global CO2
emissions, taking emissions in 1990 as a baseline. To spread the countries’ burdens across the
grid space, we first compute gridded country masks 𝜄𝗄𝑖𝑗 from political boundaries 𝑘 and JS-
BACH’s land-sea mask. For that purpose, we clip the land-sea mask to country boundaries
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and interpolate missing values. This approach ensures that no 𝜄𝗄𝑖𝑗 overlap, with contributions
below the grid’s resolution being neglected. Then, the contribution of each cell is

𝑤𝑐
𝑖𝑗 =

∑

𝑘

𝑏𝑘𝑤𝑎
𝑖𝑗𝜄
𝑘
𝑖𝑗

∑
𝑖𝑗 𝑤

𝑎
𝑖𝑗𝜄
𝑘
𝑖𝑗

(110)

where 𝑏𝑘 denotes the emission burden of country 𝑘. Again, we normalize the 𝑤𝑐
𝑖𝑗 as for the 𝖤𝗊𝗅

scenario to fulfill Equation (106).

As a separate spatial constraint, we limit CDR cover on land that is (partially) mountainous,
protected, urban, or covered by water (Figure 1c). Thus, we exclude area fractions that would
likely not be used for CDR built-up. To constrain the fraction of urban settlements within each
area, we draw on Hurtt et al. [71]. For all remaining constraints, we refer to ESMAP [90].

S4 Validating the extended MPI-ESM model

Effective emission forcing

We validate the physical consistency of the combined forcing of anthropogenic emissions and
CO2 removal by comparing global removal targets with simulated CDR and the atmospheric
CO2 response between CDR experiments and the pathway control experiment. Annual and
cummulative CDR deployment follows targets precisely until ∼2150 and we find good agree-
ment between the CO2 responses (Figure 2 a–d). Thus, the explicit and interactive CDR deploy-
ment scheme behaves accurately. Furthermore, these results demonstrate that CDR and the
emission scenario combine accurately to an effective emission forcing. After 2150 the model ex-
hibits some difficulties in scaling CDR down. A possible explanation is an insufficient amount
of potential natural vegetation that could occupy the previously sDACCCS-covered land. The
fact that the model still follows declining CDR targets for a couple of years before partially lev-
eling off supports this hypothesis. Nonetheless, since the drift off the CDR targets occurs well
outside of our time windows of interest, it is not relevant for our study’s results. However, for
investigating the long-term reversibility of CDR implications into the next centuries with our
explicit CDR representation, this shortcoming would still have to be rectified.

Carbon conservation

A consistent response of the modeled carbon cycle is crucial for evaluating the implications of
land conversions for sDACCCS on carbon stocks. Here, Figure S8 validates the consistency of
the extended model’s carbon cycle. We conduct test simulations (𝛼–𝜖) differing by the global
CDR target (𝛼 ↔ 𝛽, 𝛾, 𝛿 ↔ 𝜖; Figure S8 b) and the resulting emission forcing (Figure S8 c),
as well as the spatial sDACCCS deployment under the same effective emission pathway (𝛽–
spread-out, 𝛾–semi-localized, 𝛿–localized). Test experiments span 2015 to 2100. We observe
a slight global drift in the global carbon budget, but it is minor compared to absolute global,
marine, terrestrial, and atmospheric carbon stocks as well as their respective changes over the
course of the simulations. Crucially, representing sDACCCS explicitly does not significantly
alter this response, justifying our comparison between simulation experiments.

Calibrating the land footprint of sDACCCS chains

The land use efficiency of a CDR approach co-determines its environmental implications. Here,
we seek to represent the land footprint of sDACCCS chains as suggested by May and Re-
hfeld [73, 91]. Because our zero-dimensional parametrization and JSBACH’s coarse resolu-
tion of the solar spectrum strongly approximate CO2 capturing and electrochemical processing
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[73, 92], we calibrate the modeled sDACCCS land footprint to match theoretical calculations.
This ensures compatible results between different studies. Given that in the zero-dimensional
parametrization CO2 removal responds linearly to irradiation, we can conduct this calibration
at any pair of irradiation and removal as long as system efficiencies correspond. As an exam-
ple, May and Rehfeld [73] compute that 135, 000 𝗄𝗆2 of land would be needed for integrated
photoelectrochemical devices to deliver a CO2 withdrawal of 10𝖦𝗍CO2∕𝗒𝗋 assuming irradiance
conditions of the Sahara desert. This theoretical calculation assumes a total system loss of 50 %
and includes the footprint of the required infrastructure. However, land use for harvesting
energy to drive CO2 capture is not included.

We conduct the calibration only for the hE process chain and prior to determining the
effective conversion factors 𝜇𝗁𝖤 and 𝜇𝗅𝖤, which incorporate the effect on land use of energy
harvest for DAC and industrial electrolysis into the technology scenarios. This approach is
motivated by the fact that both scenarios can be phrased in terms of an effective theoretical
conversion efficiency from solar irradiation to CO2 removal.

Three steps make up the calibration procedure (Figure S7). Initially, we conduct a one-year
test simulation with the uncalibrated sDACCCS model (blue in Figure S7), that is with a cal-
ibration factor 𝜇𝖢 = 1 and without accounting for the reduced conversion efficiency due to
energy harvest (𝜇𝗁𝖤 = 1). Based on the simulated CO2 removal potential 𝜓 (Equation (9)) on all
grid cells with 𝜓 > 0, we match the simulated, uncalibrated response to the zero-dimensional
model when calculated offline (dashed line in Figure S7). This step is necessary to again ac-
count for the two simulated spectral windows in the MPI-ESM model. Finally, we utilize the
calibrated offline response (dashed in Figure S7) to determine the calibration factor 𝜇𝖢 = 1.702
for matching theoretical expectation (solid line in Figure S7) with the simulations (green in
Figure S7).
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Table 1 | Integrated properties of the reference spectrum [80, 81] used for scaling the electron yield
of solar absorbers with insolation.

Parameter Description Value Unit
Φ𝑣𝑖𝑠𝜆1, 𝜆2 photon flux (vis) 0.01074 1023 𝗉𝗁𝗈𝗍𝗈𝗇𝗌∕(𝑚2 ⋅ 𝑠)

Φ𝑛𝑖𝑟𝜆1, 𝜆2 photon flux (nir) 0.01235 1023 𝗉𝗁𝗈𝗍𝗈𝗇𝗌∕(𝑚2 ⋅ 𝑠)

𝐼𝑣𝑖𝑠𝜆1, 𝜆2 spectral power (vis) 467.3872 𝑊∕𝑚2

𝐼𝑛𝑖𝑟𝜆1, 𝜆2
spectral power (nir) 257.0784 𝑊∕𝑚2

Table 2 | Process stage efficiencies for energy harvest, direct air capture, and electrolysis as assumed
for the hE technology scenario.

Process stage Energy demand (+)/supply (-)
PV −𝐼 ⋅ 𝜂𝖯𝖵 𝗄𝖶𝗁(𝑚2 ⋅ 𝑎)
DAC 0.5 kWh/kg CO2 [86] (no thermalization required)
PEC parameterized in the zero-dimensional sDACCCS model

Table 3 | Efficiencies employed to compute the hE chain’s conversion efficiency 𝜇𝗁𝖤𝖢𝖮2∕𝑒− .

Parameter Description Value
𝜂𝖯𝖵 PV efficiency 0.32 [76] (perovskite-silicon tandem cells)
𝜂𝖲𝖳𝖢 solar-to-carbon efficiency formate (dual-junction solar absorber) 0.19 [73]
𝜂𝗌𝗒𝗌 system efficiency 0.5 [73]
𝜇𝗌𝗉𝖺𝖼𝖾 space factor of PV and solar absorbers 0.25

Table 4 | Constants and parameters employed to compute the lE chain’s conversion efficiency 𝜇𝗅𝖤.

Parameter Description Value Unit
𝑈𝖼𝖾𝗅𝗅 cell potential 2.5 (80% overpotential [77]) V
𝐹 Faraday constant 96485 𝐶∕𝑚𝑜𝑙
∆𝐺𝐶𝑂2→𝐻𝐶𝑂𝑂𝐻 Gibbs free energy of CO2 reduction to formate 1.4 eV
𝑚𝐹 mass of formate produced 1 kg
𝑀𝐹 molar mass of formate 46.03 𝑔∕𝑚𝑜𝑙
𝑚𝐶𝑂2 mass of CO2 reactant 1 kg
𝑀𝐶𝑂2 molar mass of CO2 44.01 𝑔∕𝑚𝑜𝑙
𝐼 irradiation location-dependent 𝑘𝑊ℎ∕(𝑚2 ⋅ 𝑎)

𝜂𝑃𝑉 solar energy conversion efficiency of PV (silicon) [76] 0.25 -
𝜂𝑒𝑙 system efficiency electrolysis 0.5 -
𝜇𝗌𝗉𝖺𝖼𝖾 space factor of PV 0.25 -

Table 5 | Energy supply and demand for the process stages of the lE technology scenario.

Process stage Energy demand (+)/supply (-) Unit
PV −𝐼 ⋅ 𝜂 𝗄𝖶𝗁∕(𝗆𝟤 ⋅ 𝖺)

DAC 0.5 + 2.0 [86] 𝗄𝖶𝗁∕𝗄𝗀(𝖢𝖮𝟤)

Electrolysis 3.045 𝗄𝖶𝗁∕𝗄𝗀(𝖢𝖮𝟤)

Table 6 | Aggregated IPCC reference regions [93] that are highlighted in the main text.

Abbreviation IPCC region(s) Name(s) of the (aggregated) IPCC region(s)
CNA WNA, CNA, ENA Western, central, and eastern North America
NSA NSA, SAM Northern South America and South American Monsoon
NCE NEU, WCE Northern, western, and central Europe
SAH SAH Sahara
ARP ARP Arabian Peninsula
EAS EAS Eastern Asia

21



Spatial discretization
(here: surface irradiation)

V
eg
et
at
io
n A

Vegetation B

...

Land use
change (bare)

Bare

Soil

time

CDR Target
realised

Vegetation
Agriculture

sDACCCS
Energy & 
mass balances,

Soil physics

Storage/

Carbon sink

Carbon

cycle

CO2 uptake,

efficencies,

environmental
conditions

sDACCCS

Land use change
(vegetated)

time

Spatial weighting

(i)

(ii)

(iii)

(iv)

(v)

Figure S1 | Schematic overview of representing sDACCCS as an interactive and dynamic land sur-
face type in MPI-ESM/JSBACH. Within JSBACH’s spatial discretization (i) and tiling scheme (ii), we
describe sDACCCS separately on vegetated and bare land (ii). In the model, sDACCCS interacts with
its environment through surface balances and the carbon cycle and its CDR chain gets driven by solar
irradiation (iii). In response to targeted and realized global CDR (iv), the model changes sDACCCS
cover interactively while taking a spatial deployment scenario into account (v).

A | Default B | Extended

Figure S2 | Default albedo scheme of JSBACH (A) and expanded scheme including implicit CDR
through sDACCCS on bare land (B). Tile 𝑛 represents a forest surface type, and a shrub, grass or crop
PFT covers tile 𝑚. The expanded scheme only depicts the albedo of implicit sDACCCS cover on land
as 𝛼CDR and 𝛼snow C, respectively. The albedo of sDACCCS on vegetated land takes the same value but
is already covered by the default scheme. It is, therefore, represented as 𝛼leaf in this schematic view.
Figure modified and expanded from Reick et al. [68].
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Figure S3 | Process steps and key variables for calculating the sDACCCS deployment target and
land use transitions. A first stage covers the computations of the global CDR target (blue). The second
stage transfers this target into anticipated fractional area changes of sDACCCS within grid cells, taking
the withdrawal within the CDR tile (orange) into account. Finally, the model translates anticipated area
changes into actual land cover changes (dark grey) in extension of JSBACH’s land cover dynamics.

PEC CDR - vegetatedPEC CDR - bare 

VegetatedBare

a | Only desert dynamics

b | Desert dynamics + CDR cover change

Figure S4 | Combining variations in natural vegetation extent (a) with CDR land cover change can
lead to an imbalance between sDACCCS cover fractions on bare and vegetated land (b). Unbalanced
cover fractions (magenta) result from unfulfilled CDR land use transitions (violet) on vegetated land if
the extent of natural vegetation changes at the same time (red). The subscript 𝖢𝖣𝖱 of cover fractions is
dropped for readability.
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Figure S5 | Zero-dimensional parametrization of sDACCCS with idealized process steps (i) to (vii).
Saw-toothed arrows indicate unit conversions through process steps.
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Figure S7 | Initial calibration of the sDACCCS footprint in the zero-dimensional model. First, the
theoretically expected carbon removal (dashed line) is corrected for the ESM’s response (blue dots).
Then, based on this model (dotted line), we compute a calibration factor which causes the ESM’s CO2
removal (green dots) to conform with the theoretical footprint (solid line) deduced by May and Rehfeld
[73]. Note that the depicted carbon removal fluxes already comprise the spacing factor converting
between the module area of solar absorbers and the sDACCCS land footprint.
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Figure S8 | Global carbon stocks and carbon conservation in simulations with sDACCCS CDR in
test simulations spanning a range of CDR pathways under the same emission scenario. To compensate
the residual CO2 forcing of cumulative emissions (a) and CO2 removal (b), atmospheric (c), marine (d),
and terrestrial (e) carbon stocks accumulate carbon. Still, the total carbon budget (f) should be closed
and constant. The model does not perfectly reflect this conservation. However, anomalies between
different CDR experiments (second scale in f) are < 0.03% of the cumulative emission forcing over 85
simulated years and make up < 5% of the model’s total drift. In (a), the emission forcing references the
starting point of simulations as zero. The initial model state still includes past anthropogenic forcing.
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Figure S9 | CDR deployments weights of the Prop (a) and Eql (b) scenarios. Weights are derived
from historic emissions (a) and relatively equal contributions (b) while accounting for cell area and
permitting sDACCCS deployment only within 60°S and 60°N. In addition to the spatial scenario, CDR
deployment is subject to land availability constraints (Figure 2).
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Figure S10 | Mean sDACCCS realized in maxProp (a, b) and maxEql (c, d) experiments during 2110-
2139, supplementing Figures 4b, c.
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Figure S11 | Mean anomalies of CO2 concentration along the atmospheric column in selected regions
for hEmax (a), lEmax (b), hEmin (c), and lEmin (d) during 2110-2139, supplementing Figure 4d.
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Figure S12 | Mean anomaly of short- (SW) and longwave (LW) radiative forcing at surface in selected
regions analogous to Figure S11, supplementing Figure 4e.
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Figure S13 | Mean surface air temperature anomaly in selected regions analogous to Figure S11,
supplementing Figure 4f.
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Figure S14 | Mean soil moisture anomaly in selected regions analogous to Figure S11, supplementing
Figure 4g.
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Figure S15 | Mean annual precipitation anomaly in selected regions analogous to Figure S11.
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Figure S16 | Mean annual anomaly in moisture availability (precipication minus evaporation)
within selected regions analogous to Figure S11.
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Figure S17 | Mean albedo anomaly in selected regions analogous to Figure S11.
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Figure S18 | Mean cloud cover anomaly in selected regions analogous to Figure S11.
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Figure S19 | Climatological anomalies in mean annual surface albedo in reference to the pathway
control experiment (PCTRL, a) for all sDACCCS experiments (b–i) averaged over the reference period
for constant CDR (2110–2139). Hatchings indicate insignificant data with respect to the 95th percentile
from subsequent 30-year climatologies of the equilibrium control simulation (CTRL).
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Figure S20 | Climatological anomalies in mean annual surface air temperature analogous to Fig-
ure S19.

34



Figure S21 | Climatological anomalies in total land carbon stocks analogous to Figure S19.
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Figure S22 | Global carbon stock response in hEmax (a), and lEmax (b), hEmin (c), and lEmin (d)
experiments, supplementing Figure 5a, b.
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Figure S23 | Total carbon stock anomaly in selected regions within lEmax experiments during the
periods of CDR scale-up (a) and constant CDR (b), supplementing Figure 5c, d.
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Figure S24 | Total carbon stock anomaly as in Figure S23 but for lEmin experiments.
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Figure S25 | Total carbon stock anomaly as in Figure S23 but for hEmin experiments.
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Figure S26 | Mean carbon flux anomaly in selected regions within lEmax experiments during the
periods of CDR scale-up (a) and constant CDR (b), supplementing Figure 5e, f.
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Figure S27 | Mean carbon flux anomaly as in Figure S26 but for lEmin experiments.
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Figure S28 | Mean carbon flux anomaly as in Figure S26 but for hEmin experiments.
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Figure S29 | Mean global changes in area and land cover fraction in the period of constant CDR
in sDACCCS experiments compared to PCTRL, supplementing Figure 6a. The total CDR cover also
includes the displayed CDR cover on bare land.
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Figure S30 | Global changes in area and land cover fraction over time in lEmax (a), hEmax (b), lEmin
(c), and hEmin (d) experiments compared to PCTRL. The total CDR cover also includes the displayed
CDR cover on bare land.
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Figure S31 | Land conversions over time in the NCE* region when comparing hEmax (a), hEmin (b),
and lEmin (c) experiments to PCTRL, supplementing Figure 6b.
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Figure S32 | Total land cover change on the bare fraction of land in lEmaxProp (a) and reduced land
conversion in hEmaxProp (b), supplementing Figure 6c, d.
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