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Abstract
Carbon dioxide removal (CDR) is a crucial component of climate mitigation required to reach
international climate targets. However, gaps exist in our understanding of the responses and
feedbacks of the Earth system to the deployment of CDR. In this study, we compare two
complementary approaches that enhance the terrestrial and marine carbon sinks with afforestation
and reforestation (A/R) and ocean alkalinity enhancement (OAE), respectively, under the high
emission scenario SSP5-8.5. Eight CMIP6 Earth system models are utilized, enabling a
quantification of both inter-model and internal variability. By mid-century, simulated large-scale
deployment of A/R and OAE individually reduces atmospheric CO2 concentrations by up to
20 ppm. For both methods, while carbon removal from the atmosphere is robust, it is difficult to
detect the effects on global mean temperature, posing challenges for monitoring, reporting and
verification of mitigation efforts. To quantify the carbon cycle feedbacks, we define the carbon
cycle feedback ratio of A/R (OAE) as the ratio of changes in the marine (terrestrial) sink to changes
in the terrestrial (marine) sink. We show that the carbon cycle feedback ratios of A/R and OAE
have similar magnitudes, which are−16% and−13%, respectively. Moreover, although
inter-model differences of the simulated amounts of carbon removal due to A/R are large, the
corresponding carbon cycle feedback ratios of A/R are similar.

1. Introduction

Alongside deep emission reductions, carbon diox-
ide removal (CDR) is an essential element of cli-
mate policy, as net-zero targets are only achiev-
able with CDR balancing residual emissions (Luderer
et al 2018, Möller et al 2024). Depending on the
techniques, the removed carbon is stored as wood
products, or in terrestrial, marine, and geological

carbon reservoirs for a time scale ranging from dec-
ades to thousands of years (Babiker et al 2022). For
the more sustainable scenarios in line with the Paris
Agreement, it is estimated that a total of 170 GtCO2

must be removed between 2020 and the time of net
zero (Smith et al 2024). One of the most conven-
tional CDR options is afforestation and reforesta-
tion (A/R), which enhances the terrestrial carbon
reservoir and accounts for almost all current CDR
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deployment (Smith et al 2024). To enhance the mar-
ine carbon sink, CDR options such as ocean alka-
linity enhancement (OAE) and ocean fertilization
are also under consideration (National Academies
of Sciences, Engineering, and Medicine 2022). The
premise of OAE is to add alkaline substances to sea
surface waters to reduce partial pressure of CO2 in
the surface waters and enhance the CO2 uptake of the
ocean from the atmosphere. With a theoretical CDR
potential of 3–30 GtCO2 yr−1 (Oschlies et al 2023),
OAE has the highest theoretical potential among the
marine-based CDR options.

Previous studies have used models to assess the
carbon cycle response to idealized large-scale applic-
ation of different CDR options, including A/R (e.g.
Sonntag et al 2018, Koch et al 2021, Loughran et al
2023, Moustakis et al 2024), OAE (Ilyina et al 2013,
González and Ilyina 2016, Lenton et al 2018, Fröb et al
2020, Burt et al 2021), ocean fertilization (Oschlies
et al 2010), and open-ocean macroalgae cultivation
with sinking (Wu et al 2023). However, few stud-
ies have investigated multiple CDR options with the
same model (Keller et al 2014, Sonntag et al 2018),
and in some studies, only the land or the ocean
alone are considered, without being coupled to the
atmosphere or without a fully-coupled land–ocean–
atmosphere system (Burt et al 2021). Due to the inter-
linkage of carbon fluxes between land and ocean, an
enhancement of the terrestrial carbon sink weakens
the marine carbon sink, and vice versa (Keller et al
2018a, Schwinger et al 2024, Moustakis et al 2025).
Studies with uncoupled models might thus result in
an overestimate of the CDR potential. For example,
Moustakis et al (2024) demonstrated that studies with
uncoupled approaches showed overestimations of the
carbon removal potential of A/R.

As uncertainties exist in model simulations,
which affect the detectability of the CDR effects, it is
important to quantify different sources of uncertainty
in order tomake reliable inferences about the impacts
of different CDR approaches. At least two major
uncertainties exist in simulating the carbon cycle of
the earth system. The first is the uncertainty associ-
atedwith the internal variability of the climate system,
which originates from the chaotic nature of the Earth
system. It can be estimated by running an ensemble
of model simulations with slightly different initial
conditions (called different realizations hereafter).
The second is the model uncertainty, which results
from the differences in model structure, parameter-
izations and parameters. The model uncertainty can
be estimated by the inter-model variability across an
ensemble of different models. Studies have shown
that the internal variability contributes to an uncer-
tainty of as large as 50 PgC (approximately 46%) for
the remaining carbon budget from 2019 for limiting
global warming to 1.5 degrees (Tokarska et al 2020).
Depending on the geographical location, the uncer-
tainty due to internal variability has been estimated to

be larger (Bonan et al 2019, 2021) or smaller (Padrón
et al 2022) than the model uncertainty.

In this study, we compare Earth system model
(ESM) simulations of two CDR options, A/R and
OAE, which enhance the terrestrial and marine car-
bon sinks, respectively. The experiments were con-
ducted withmultiple CMIP6 ESMs.We quantify both
the uncertainty associated with internal and inter-
model variability, and analyze whether the achieved
CDR and the mitigated warming robustly emerge.

To understand the carbon cycle feedbacks due to
A/R and OAE, we define the carbon cycle feedback
ratios λA/R and λOAE as follows: λA/R (λOAE) is the
ratio between the changes in marine (terrestrial) car-
bon inventory and changes in terrestrial (marine) car-
bon inventory due to A/R (OAE). Finally, the regional
responses to A/R and OAE are also analyzed.

2. Methods

2.1. Models
Of the CMIP6 models, we choose those having con-
ducted the reference experiment and at least one
of the A/R and OAE experiments for the respect-
ive model intercomparison projects (see section 2.2
for the experimental protocols) and are available
from the Earth System Grid Federation (ESGF) web-
site (https://esgf-metagrid.cloud.dkrz.de). However,
BCC-CSM2-MR and GFDL-ESM4 are excluded des-
pite having the A/R experiment, as there was a bug
in the soil respiration in BCC-CSM2-MR (Loughran
et al 2023), and the terrestrial and marine carbon
fluxes were not available for GFDL-ESM4. We also
include FOCI (Matthes et al 2020, Chien et al 2022),
with which we have conducted all experiments used
in this study. In total, eight ESMs are utilized in this
study. Among them, sevenmodels (ACCESS-ESM1-5
(Ziehn et al 2020), CESM2 (Danabasoglu et al 2020),
CanESM5 (Swart et al 2019), FOCI, MIROC-ES2L
(Hajima et al 2020),MPI-ESM1.2-LR (Mauritsen et al
2019), and UKESM1-0-LL (Sellar et al 2019)) have
performed the A/R experiment. Four ESMs (FOCI,
MPI-ESM1-2-LR, NorESM2-LM (Seland et al 2020),
and UKESM1-0-LL) have performed the OAE exper-
iment. A comparison of the earth system components
used by the models is provided in table 1 (for details
see text S1 in the supplementary material).

2.2. Experiments
Three sets of experiments are used. All three exper-
iments start from the end of the historical sim-
ulation (esm-hist) in 2015 and run until 2099
under the high greenhouse gas emission shared
socioeconomic pathway (SSP) 5–8.5 with the corres-
ponding land use and land cover change (Kriegler
et al 2017, Gidden et al 2019, Feng et al 2020),
and are run in the CO2 emission-driven mode,
which enables the interactive carbon cycle between
different earth system components. The esm-hist
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Table 1. Comparison of the land, ocean, and atmosphere components of the Earth system models utilized, and number of realizations of
the experiments used in this study.

Model Land Ocean Atmosphere A/R OAE

ACCESS-ESM1-5 CABLE GFDL MOM5 UKMO UM 10
CanESM5 CLASS/CTEM NEMO/CMOC CanAM5 1
CESM2 CLM5 POP2 CAM6 1
FOCI JSBACH3.2 NEMO3.6/MOPS ECHAM6.3 3 3
MIROC-ES2L MATSIRO/VISIT COCO/OECO2 CCSR-AGCM 1
MPI-ESM1-2-LR JSBACH3.2 MPIOM1.6/HAMOCC6 ECHAM6.3 3 3
NorESM2-LM CLM5 BLOM/iHAMOCC CAM6-Nor 1
UKESM1-0-LL JULES NEMO/MEDUSA-2 UKMO UM 1 1

experiment is in turn started from esm-piControl,
and esm-piControl is started from a spun-up state.
As described in the Coupled Climate–Carbon Cycle
Model Intercomparison Project (C4MIP) protocol
(Jones et al 2016), the technique for reaching spun-
up state is up to modeling groups. However, the land,
ocean and atmosphere carbon inventories should
each vary by less than 10 PgC/century, which is
equivalent to less than 5 ppm/century in the atmo-
sphere. The first experiment is the reference experi-
ment (hereafter referred to as REF), which is the esm-
ssp585 experiment in the C4MIP (Jones et al 2016).
The second experiment simulates a large-scale applic-
ation of OAE (hereafter referred to as OAE), where a
total of 0.14 Pmol of alkalinity is added per year to the
ice-free global surface ocean between 70◦N and 60◦S
from 2020. The OAE experiment is the esm-ssp585-
ocn-alk experiment in the CDRMIP, and is described
in more detail in the modeling protocol (Keller et al
2018b). The third experiment simulates the land
use of the sustainable SSP1-2.6 pathway under the
SSP5-8.5 scenario. As SSP1-2.6 is characterized by
reduced deforestation and restoration of degraded
forests (Doelman et al 2018, Hurtt et al 2020), this
set of simulations is referred to as A/R hereafter.
The land use change implemented in CMIP6 models
is based on the Land-use Harmonization 2 (LUH2)
dataset, which provides harmonized land use data
for both historical period and different future scen-
arios (Hurtt et al 2020). This experiment is the esm-
ssp585-ssp126Lu experiment in the Land Use Model
Intercomparison Project (LUMIP) and is described in
more detail in the protocol (Lawrence et al 2016).

An ensemble of ten realizations have been con-
ducted for ACCESS-ESM1-5 for the experiments REF
and A/R, and an ensemble of three realizations have
been conducted for both FOCI andMPI-ESM1-2-LR
for the experiments REF, A/R and OAE. The multi-
realization ensembles can thus be used to quantify
the uncertainty due to internal variability. The differ-
ent realizations of all experiments start from the year
2015 of different historical simulations, which in turn
start fromdifferent years of the pre-industrial spin-up

simulations. For all othermodels, only one realization
is available for analysis. The numbers of realizations
for the experiments A/R andOAE is shown in table 1.

2.3. Robustness against uncertainties
To determine whether the CDR effect on the annual
mean of a climate variable emerges from internal
or inter-model variability, we determine whether the
signal S(t) stands out from the noise N(t) (where
N(t) is determined either from internal or inter-
model variability). The signal is quantified as the
ensemble mean of the difference between the CDR
and the reference experiments (i.e. A/R−REF and
OAE−REF), and the noise is quantified as the stand-
ard deviation of the multi-model or the multi-
realization ensembles.

In this study, a signal is considered to emerge from
the noise when the signal exceeds two noise levels
(S(t)> 2 ·N(t)) (see, e.g. Bonan et al 2021). If, after
a specific year, the signal consistently emerges until
the end of the experiment, then the specific year is
called time of emergence (ToE). Additionally, to com-
pare the two sources of uncertainty, the variance of
the multi-model ensemble is compared against the
variance of the multi-realization ensembles, and both
are compared across the experiments. The differences
of the variance are tested with the F-test to determine
if the differences are significant (see, e.g. Deser et al
2012, Deser and Phillips 2023).

2.4. Efficiency metrics
Twometrics are used to quantify the efficiency of A/R
and OAE, respectively.

For A/R, the A/R efficacy is used, which is mod-
ified from the forest carbon density (see, e.g. Baccini
et al 2012, Panda et al 2014) and calculated as the ratio
of the changes in total terrestrial carbon storage to the
changes in global forest area between A/R and REF
(see also Moustakis et al 2025):

A/R Efficacy (t) =
∆Cland (t)

∆Forestarea (t)
.
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For OAE, the OAE efficacy for year t is calculated
as the difference in the cumulative sum of annual air–
sea CO2 fluxes (FCO2) from the start of the experiment
to the year t between OAE and REF divided by the
amount of added alkalinity to the ocean by year t (see,
e.g. Schwinger et al 2024):

OAEEfficacy(t) =
∆
(∑t

0 FCO2

)
∆TotalAlkalinity(t)

.

2.5. Carbon cycle feedback ratios of A/R and OAE
To quantify any change in the carbon sink due toOAE
and A/R, we define the carbon cycle feedback ratios
λA/R and λOAE as follows:

λA/R (t) =
∆CA/R

ocean (t)

∆CA/R
land (t)

× 100%

and

λOAE (t) =
∆COAE

land (t)

∆COAE
ocean (t)

× 100%,

where ∆ · ()A/R denotes the difference between A/R
and REF,∆ · ()OAE is the difference betweenOAE and
REF, Cland and Cocean are the total terrestrial andmar-
ine carbon inventories, and∆Cocean is calculated as

∆Cocean (t) = ∆

(
t∑
0

FCO2

)
.

For comparison, an estimate of the theoretical val-
ues of the feedback ratios is calculated based on the
carbon cycle feedback framework of Friedlingstein
et al (2003) (see also Friedlingstein et al 2006, Arora
et al 2013, 2020). In this framework, model-specific
parameters for the carbon–concentration feedback
(βland and βocean) and the carbon–climate feedback
(γland and γocean) are used to quantify the changes
in carbon storage on land and ocean due to changes
in atmospheric CO2 concentration and temperat-
ure. The parameter climate sensitivity (α) is used to
quantify the temperature change due to the change in
the atmospheric CO2 concentration (hence hereafter
also the α-β-γ framework). The estimated theoret-
ical values from the parameters α, β, and γ are given
as follows (see text S2 for the derivation):

λtheo
OAE =

−βland−α · γland
c ·
(
1+ βland

c + α·γland

c

)
and

λtheo
A/R =

−βocean−α · γocean
c ·
(
1+ βocean

c + α·γocean

c

) ,
where the superscript theo indicates the theoretical
values, c= 2.124 Pg ppm−1 is the conversion factor
from ppm to PgC, and the parameters α, β and γ
are taken from Arora et al (2020) for each utilized
model. The α-β-γ parameters are derived from the

C4MIP 1pctco2 experiment, which starts from pre-
industrial CO2 concentration and has an increase in
atmospheric CO2 at a rate of 1% per year until quad-
rupling. In the following we use two sets of paramet-
ers for calculating α, β, and γ, which are taken at
the time of doubling and quadrupling of CO2 in the
1pctco2 experiment.

3. Results

3.1. CDR effects at global scale
The effects of A/R (A/R−REF; figures 1(a)–(d)) and
OAE (OAE−REF; figures 1(e)–(h)) at global scale is
shown in figure 1. For most models, global forested
area increases during most of the period in both REF
and A/R (see figure S1 in the supplementary mater-
ial), withA/R increasing faster thanREF (figure 1(a)).
The difference in forest area between A/R and REF
reaches a maximum after mid-century, and starts to
decline afterwards, which is in line with the input
data of LUH2. The simulated forest areas in REF,
A/R as well as A/R−REF have a large inter-model
variability. FOCI and MPI-ESM, sharing the same
land surface model component, simulate the highest
increase in forest area, reaching 300 Mha by 2060.
For ACCESS-ESM1-5, CanESM5, and UKESM1-0-
LL, the peak value is lower (200 Mha to 230 Mha),
but also occurs during the second half of the century.
The most extreme case is CanESM5, where the dif-
ference in forest area between A/R and REF decreases
after 2060 and even becomes negative after 2088,
since the dynamic land cover change implemented in
CanESM5 is such that the changes in non-crop PFTs
are only driven by the changes in crop area (Kou-
Giesbrecht et al 2024). As in LUH2, the total crop area
in SSP1-2.6 exceeds that in SSP5-8.5 near 2090 (figure
S2), the difference in forest area betweenA/R andREF
also becomes negative accordingly.

Figure 1(b) shows the A/R efficacy (see section 2.4
for the definition). For all models, by the time
the increase in forest area reaches its peak value,
the A/R efficacy lies between 100 to 200 tC ha−1.
For FOCI and MPI-ESM1-2-LR, the A/R efficacy
increases afterwards and reaches ∼290 tC ha−1 by
2090s, while ACCESS-ESM1-5 and UKESM1-0-LL
do not simulate a further increase afterwards. For
CanESM5, as the increase in forest area becomes neg-
ative after 2088, and ∆Cland is always positive, the
A/R efficacy first reaches high values in the 2070s and
becomes negative afterwards.

The atmospheric CO2 concentration of all experi-
ments exceeds 1000 ppm by 2100, which is more than
600 ppm higher than in 2015 (figure S3). In compar-
ison, the reduction in atmospheric CO2 concentra-
tion due to A/R lies between 5 to 20 ppm by 2100
(figure 1(c)). CESM2, FOCI, and MPI-ESM1-2-LR
simulate a similar trajectory of the atmospheric CO2

concentration, with the anomaly peaking at about
20 ppm near 2075 and plateauing afterwards. For
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Figure 1. Differences in global values between (a)–(d) A/R and REF and (e)–(h) OAE and REF. Shown are (a) forest area, (b)
mean A/R efficacy, (c) mean atmospheric CO2 concentration, (d) mean 2 m air temperature, (e) mean top 100 m alkalinity, (f)
mean OAE efficacy, (g) mean atmospheric CO2 concentration, and (h) mean 2 m air temperature. See section 2.4 for the
calculations of A/R and OAE efficacy. For ACCESS-ESM1-5, FOCI and MPI-ESM1-2-LR, ensemble mean is shown as solid lines,
while shadings indicate the range of realizations. The black dash-dotted line in (a) shows the LUH2 forcing data. Forest area is not
available for CESM2 and MIROC-ES2L. See text for details.

ACCESS-ESM1-5, MIROC-ES2L, and UKESM1-0-
LL, the reduction reaches the peak value earlier (near
2050) and also plateaus afterwards. The signal of the
CO2 removal clearly emerges with respect to both the
inter-model and the internal variability, as the ToE for
CO2 concentration is no later than 2031.

The effect of A/R on mitigating warming is
shown in figure 1(d). During the period of 2040–
2060 when the increase in simulated forest area
peaks, the multi-model mean of warming mitiga-
tion is 0.08 ± 0.06 degrees (positive values indicate
cooling compared to REF;multi-model-mean ± one
standard deviation). However, in contrast to the
robust reduction in atmospheric CO2 concentration
(figure 1(c)), the effect on near-surface temperature
is difficult to detect, with much larger variability both
within the samemodel and across themodels, and the
temperature signal does not emerge throughout the
experiment.

For all four models that conducted the OAE
experiment, the global mean surface alkalinity of the
top 100 m of the ocean steadily increases and reaches
an anomaly of more than 60 µmol kg−1 by the end of
the experiment (figure 1(e)). This behavior is in con-
trast to the forest area increase in theA/R experiment,
which is halted already in the middle of the century
(figure 1(a)).

Similar values of OAE efficacy are simulated
across the models (figure 1(f)), where the efficacy
is low initially and increases within a few years
to ∼0.65 in the 2030s. After the 2030s, the effic-
acy steadily increases at a slower rate and reaches
∼0.8 at the end of the experiment. The increase in
efficacy under strong emissions is consistent with
the chemical mechanisms described in Schwinger
et al (2024). CO2 is continuously removed from
the atmosphere until the end of the experiment

(figure 1(g)). The decrease in atmospheric CO2 con-
centration is 18.5 ppm ± 0.86 ppm in 2060, and
44.4 ppm ± 2.22 ppm at the end of the century. The
CO2 removal by OAE also clearly emerges, as the ToE
is no later than 2029 against both the inter-model and
internal variability.

For better comparisons between the A/R andOAE
experiments in this study, the analysis that follows
is done for the period between 2040 to 2060, when
both A/R and OAE are still removing CO2 from
the atmosphere. When averaged from 2040 to 2060,
the multi-model-mean of warming mitigation due
to OAE is 0.07 ± 0.02 degrees (figure 1(h)). Despite
continuously removing CO2 from the atmosphere,
the effect on surface temperature does not emerge
robustly from either the inter-model or internal
variability.

Figure 2 shows the time series of simulated
terrestrial net biome production (NBP; the land–
atmosphere carbon flux), air–sea CO2 flux (FCO2),
and 2 m air temperature (Tas) in REF and the CDR
effects (OAE−REF and A/R−REF). The comparison
between figures 2(a) and (b) show that the inter-
model variability of NBP is larger than that of FCO2 .
The difference is significant for both REF and the
CDR effects. As for the comparison between inter-
model and internal variability, for all three variables
(NBP, FCO2 and Tas) the inter-model variability is lar-
ger than the internal variability in REF, whereas for
the CDR effects the two are of similar magnitude.
We also compare the variability between REF and the
CDR effects. For all three variables, inter-model vari-
ability is larger in REF than in the anomalies. Internal
variability is less consistent: for FCO2 it is greater in
REF than inOAE−REF, forTas it is larger inREF than
the anomalies, and for NBP it is similar in REF to
A/R−REF.
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Figure 2. Time series of (a) terrestrial net biome production (NBP), (b) air–sea CO2 flux, and (c) 2 m air temperature simulated
by the multi-model ensemble (upper panels) and multi-realization ensembles (lower panels). The shadings indicate the range of
the multi-model ensemble and multi-realization ensemble, respectively. n indicates the number of models and realizations. The
black lines are the multi-model mean. In the multi-model ensemble, only the first realization of ACCESS-ESM-1-5, FOCI and
MPI-ESM1-2-LR is shown.

3.2. Carbon cycle feedback
From the differences in total land and ocean car-
bon between A/R and REF (figure 3(a)), and OAE
and REF (figure 3(b)), it is clear that for A/R (OAE),
the positive ∆Cland (∆Cocean) comes at the cost of
a negative ∆Cocean (∆Cland). For A/R, ∆Cland is
30.9 Pg ± 8.3 Pg (averaged from 2040 to 2060),
while ∆Cocean is −4.8 Pg ± 1.5 Pg (figure 3(a)). For
OAR, ∆Cocean is 34.8 Pg ± 0.6 Pg, while ∆Cland is
−4.7 Pg± 2.0 Pg (figure 3(b)). The time series of the
feedback ratios λA/R and λOAE is shown in figures 3(c)
and (d) (see section 2.5 for the definitions). For all
models except for CanESM5, λA/R is stable during
most of the time when the land carbon is still increas-
ing (before 2080). In comparison, the interannual
variability of λOAE is much larger than λA/R, which
is due to the larger interannual variability of ∆Cland

than ∆Cocean. The internal variability of λOAE is also
larger than that of λA/R. The multi-model mean of
λA/R averaged from 2040 to 2060 is −15.9% ± 4.3%,
and forλOAE it is−13.0%± 2.5% (figure 3(e); see also
table S1 in the supplementary material for details). In

comparison, themulti-model-mean ofλtheo
A/R andλtheo

OAE

is−24.1%± 1.2% and−24.8%± 8.3%, respectively,
when calculated with the –γ parameters at the time
of quadrupling CO2. The values are more negative if
calculatedwith the parameters at the time of doubling
CO2 (−28.2%± 1.3% and−30.8%± 4.8%).

3.3. Spatial patterns of CDR effects
The spatial pattern of the changes in NBP and FCO2

between A/R and REF as well as OAE and REF is
shown in figure 4. For A/R, the variance of the spa-
tial patterns of the change in NBP is larger than the
increase in tree cover among models (figure S4). For
example, for FOCI and MPI-ESM1-2-LR, the change
in NBPmatches well with the increase in forest cover,
which occurs mostly over Europe, Brazilian Atlantic
Forest, Congo Basin, Eastern North America and
Eastern China. However, some models also simulate
pronounced decreases in NBP over boreal high latit-
udes (CanESM5,MIROC-ES2L, UKESM1-0-LL) and
central Amazonia (UKESM1-0-LL).
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Figure 3. (a), (b) Differences in total land and ocean carbon (∆Cland and∆Cocean) between A/R and REF, and OAE and REF
simulated by the models. (c), (d) Time series of the carbon cycle feedback ratios λA/R and λOAE simulated by the models. (e)

Simulated λOAE and λA/R averaged from 2040 to 2060 and the theoretical values λtheo
OAE and λtheo

A/R
. In (a)–(d), the shadings indicate

the range of different realizations. In (e), error bars indicate the range of different realizations. For λtheo
OAE and λtheo

A/R
, the filled

(half-filled) circles indicate values calculated with parameters at the time of quadrupling (doubling) CO2 in the 1pctco2
experiment. See section 2.5 for the definitions of the feedback ratios.

The responses of NBP to OAE is also shown in
figure 4(a). Despite having the same land surface
model component, FOCI and MPI-ESM1-2-LR are
slightly different. For FOCI, NBP is decreased over
the Amazon and North America, and increased over
Eurasia in response to OAE. In contrast, MPI-ESM1-
2-LR simulates an increase over North America.
NorESM2-LM also simulates a decrease in Amazonia,
and UKESM1-0-LL simulates strong decreases in
regions including large parts of South America,
East and Southeast Asia, Northern Australia, Eastern
Europe, Central and Southern Africa.

The NBP responses are the sum of ecosystem pro-
duction and ecosystem respiration, which in turn are
affected by atmospheric CO2 concentration, temper-
ature and soil moisture. The sensitivities of NBP to
these factors are also different across different mod-
els and regions. For example, the reduced NBP over
Amazonia in the responses to both A/R andOAE sim-
ulated by UKESM1-0-LL suggest that the response is
rooted in the reduced atmospheric CO2 concentra-
tion by CDR, as the warming mitigation is different
between A/R and OAE. For CanESM5 and MIROC-
ES2L, the spatial patterns of NBP response at boreal
regions resemble those of the changes in precipita-
tion (figure S5), indicating the contribution of the

indirect effect of changes in precipitation. For models
with multi-realization ensembles (ACCESS-ESM1-5,
FOCI, and MPI-ESM1-2-LR), regions with robust
changes are limited to regions with increased forest
cover and their vicinity (figure S4), indicating the
large internal variability in non-local effects.

Figure 4(b) shows the effects of CDR on FCO2 .
For A/R, all models simulate large differences over
higher latitudes of both hemispheres, including the
North Pacific, the North Atlantic, and the Southern
Ocean, where FCO2 is already large. For FOCI, the
A/R-induced decrease in FCO2 occurs mostly over the
Southern Ocean. For MIROC-ES2L, and UKESM1-
0-LL, a dipole pattern is simulated over the North
Atlantic, which is an increase accompanied by a
decrease. In contrast, for CanESM5, CESM2, and
MPI-ESM1-2-LR, there is only a decrease without the
dipole pattern over the North Atlantic.

The effects of OAE on FCO2 are generally in line
with the patterns of the changes in top 100 m alkalin-
ity (figure S6), with increases in both alkalinity and
FCO2 over subtropical regions and limited effects over
the eastern tropical Pacific. However, over the subarc-
tic North Pacific, North Atlantic and south of 50◦S,
FCO2 is increased prominently despite the relative
small increase in top 100 m alkalinity, indicating the
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Figure 4. The differences in (a) terrestrial net biome production, and (b) air–sea CO2 flux of A/R−REF and OAE−REF. For
ACCESS-ESM1-5, only grid points where at least eight realizations agree on the sign of change are shown. For FOCI and
MPI-ESM, only grid points where all three realizations agree on the sign of change are shown. Averaged from 2040 to 2060.

importance of ventilation and circulation in determ-
ining favorable regions for OAE deployment. Over
the Southern Ocean south to 60◦S where OAE is not
applied, FCO2 is decreased as well. While the spatial
pattern of increase in top 100 m alkalinity is smooth
(figure S6), the spatial pattern of FCO2 shows larger
regional variations, indicating that the OAE efficacy
is dependent on local physical and chemical charac-
teristics. In contrast to the A/R effects on NBP, where
large regional differences are simulated by the mod-
els, the regional differences of the changes in both the
top 100-m alkalinity and FCO2 are much smaller. For
the temperature response, as is the case for the global
mean value (figures 1(d) and (h)), the spatial patterns
also have a high inter-model and internal variability
(figure S7).

4. Discussion and summary

The current study is the first multi-model study ana-
lyzing and comparing the effects of enhancing the ter-
restrial (A/R) andmarine carbon sink (OAE), respect-
ively, under the high emission scenario SSP5-8.5.

In our set-up of A/R, the increase in tree cover
peaks at mid-century and the effect of CO2 removal
stops before the end of the century. By 2075, the
decrease in atmospheric CO2 concentration relative
to REF saturates at 15.4 ± 6. ppm. For OAE, the
increase in upper-level alkalinity and the effect of
atmospheric CO2 removal is persistent until the end
of the experiment. For both A/R and OAE, the effect
of CO2 removal emerges from both the inter-model
and internal variability, but the warming mitigation
is difficult to detect. Due to the large inter-model
and internal variability, values reported from previ-
ous studies with only one model or one realization
should therefore be interpreted with caution. As both
the A/R and OAE simulations in this study represent
the upper end of feasible future CDR deployment, a
warming mitigation due to similar amounts of car-
bon removal is only detectable under scenarios with
less emission than SSP5-8.5.

A comparison between the inter-model and
internal variability is provided. The models agree
more on the CO2 flux between ocean and atmosphere
(FCO2) than between land and atmosphere (NBP),
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and this is the case not only in REF, but also for the
responses to CDR. While NBP, FCO2 and near surface
temperature (Tas) all have larger inter-model vari-
ability than internal variability in REF, for the CDR
effects (A/R−REF and OAE−REF), the uncertainty
associated with the internal variability is similar to
that of the inter-model variability.

We quantify the carbon cycle feedback of CDR
with the carbon cycle feedback ratios λA/R and λOAE.
The models used in this study simulate similar mag-
nitudes of λA/R and λOAE, which are−15.9%± 4.3%
and −13.0% ± 2.5% (multi-model mean ± one
standard deviation; averaged from 2040 to 2060). For
A/R, although the models simulate a large spread in
the magnitude of achieved CDR, the feedback ratios
of different models are close to each other. Due to
the uncertainty in the terrestrial carbon sink, both the
interannual and internal variability of λOAE are much
larger than those of λA/R.

A multi-model set of theoretical feedback ratios
λtheo
OAE and λtheo

A/R is derived from the classical metrics
for describing the carbon-concentration and carbon–
climate feedback of climatemodels (theα-β-γ frame-
work). The magnitudes of λtheo

OAE and λtheo
A/R are similar,

which is in line with our results. Although the α-β-γ
parameters are not directly applicable to this study, as
SSP5-8.5 includes non-CO2 forcing that 1pctco2 does
not (Melnikova et al 2024), and it has been shown
that both β and γ depend on the CO2 growth rate
in the atmosphere (Gregory et al 2009, Hajima et al
2014, Arora et al 2020), it is nevertheless insightful to
explore the difference between the simulated and the-
oretical feedback ratios. When comparing the emis-
sion pathways SSP5-8.5 and 1pctco2, the climate and
carbon state during 2040–2060 under SSP5-8.5 lie
between the time of doubling and quadrupling CO2

of 1pctco2 (see text S3 for details). However, as λtheo
OAE

and λtheo
A/R calculated with the two sets of parameters

(at the time of doubling and quadrupling CO2) are
bothmore negative than the simulatedλOAE andλA/R,
further investigation is needed to understand the
application of the α-β-γ framework for estimating
the carbon cycle responses to CDR deployment under
different emission scenarios. Recently, a generalized
framework has been proposed, where theα-β-γ para-
meters are generalized to account for responses at
different time-scales and are therefore independent
of emission scenarios, which might be suitable for
the purposes (Torres Mendonça et al 2021a, 2021b,
2024).

Several modeling studies have also conducted
A/R or OAE experiments under the SSP5-8.5/RCP8.5
scenario, with λA/R ranging from−16.7% to−19.8%
and λOAE ranging from 2.8% to −14.7% (Keller et al
2014, Feng et al 2017, Lenton et al 2018, Sonntag et al
2018, Palmiéri and Yool 2024, Moustakis et al 2024;
see text S4 and table S1 for a summary of the model
configurations used in previous studies). The results
from previous studies are in line with our findings.

The range of λA/R among previous studies is smaller
than the range of λOAE. The studies deploying differ-
ent amounts of OAE with the same model showed
large ranges of λOAE (Feng et al 2017, Palmiéri and
Yool 2024). Except for Palmiéri and Yool (2024), val-
ues of λOAE are not larger than themulti-model range
of this study. As the amount of OAE applied and
hence the increase in total marine carbon in Palmiéri
and Yool (2024) is smaller than in this study, it indic-
ates that λOAE might be scale dependent.

In addition to the carbon and climate responses
to CDR at global scale, we also show the spatial pat-
terns of the responses simulated by different models.
For A/R, the spatial patterns of terrestrial carbon sink
enhancement are different among the models, with
some models showing a strong reduction of the car-
bon sink over regions without forestation. For large-
scale OAE, the spatial patterns of the increase in air–
sea CO2 flux are more consistent. For both A/R and
OAE, the spatial pattern of decrease in marine (ter-
restrial) carbon sink due to A/R (OAE) is less con-
sistent among the models, compared to the spatial
pattern of carbon sink enhancement. The temperat-
ure responses to A/R and OAE are also subject to
high inter-model and internal variability. The high
inter-model and internal variability of CDR response
poses challenges for understanding the non-local car-
bon cycle responses due to both biogeophysical and
biogeochemical mechanisms. In terms of monitor-
ing, reporting and verification, this suggests thatmore
efforts should be put into enhancing our understand-
ing of CDR-induced responses over the hotspots of
responses, such as Amazonia, the North Atlantic, and
the Southern Ocean. To incorporate CDR into future
climate policy without carbon budget mismatch, a
top–down approach such as atmospheric monitor-
ing and global modeling will be necessary, in order
to correctly determine the reduced natural terrestrial
and marine carbon sink due to CDR, aside from the
bottom-up approach of CDR crediting mechanisms.

The LUMIP experiment esm-ssp585-ssp126Lu has
been used in this and previous studies for repres-
enting the CDR effect of A/R (Keller et al 2018b).
However, it is not suitable for representing a continu-
ous CDR effect of A/R throughout the century, as
for all models the change in forest area between A/R
and REF decreases for at least half of the time after
mid-century. The change in forest area between A/R
and REF are different from the sum of primary and
secondary forest land from the LUH2 data, which is
likely due to how the models translate the LUH2 for-
cing data into the different Plant Functional Types
used by the models (Loughran et al 2023). Further
studies are needed to bridge the gap in the simula-
tions of land use and land cover change between the
ESMs and the Integrated Assessment Models, which
are used to produce projections of future land use.
Moreover, the experimental setup is not ideal to isol-
ate the A/R effects as a CDR option, as the land use in
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both SSP5-8.5 and SSP1-2.6 changes over time and
includes conversions between various types of land
use and land cover, which makes it difficult to dis-
entangle the effect of A/R and avoided deforestation.
For example, for FOCI, about 20% of the increase in
global NBP by 2060 is due to the reduced fluxes from
land use and land cover change (figure S8), indicating
that the avoided deforestation is mixed together with
the increase in forest cover, and is therefore not suit-
able for isolating the effect of A/R as a CDR applic-
ation. To fully isolate the effect of A/R on the Earth
system, a reference scenario is thus needed, where no
land use change occurs (e.g. Moustakis et al 2024).

Finally, based on our results, we provide some
suggestions for future modeling studies aiming to
understand how the carbon cycle responds to CDR
deployment: (1) Multi-realization ensembles are
necessary for representing the large internal vari-
ability of the temperature response as well as the
land–atmosphere carbon flux. (2) The results for the
high-emission scenario SSP5-8.5 might not be trans-
ferable to other scenarios, and experiments should
be conducted for different emission scenarios. (3) A
better protocol is needed for isolating the CDR effect
of A/R from other land use and land cover changes.
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