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Abstract. Assessing Earth system responses arising from carbon dioxide removal (CDR) requires developing and simulating
pairs of scenarios - a mitigation scenario with deployment of CDR and a corresponding no-CDR baseline. The latter
describes a world where no CDR is deployed, such that net carbon emissions are higher and a given temperature target may
be missed. While over the past years a rich literature on mitigation scenarios with CDR has been emerging, no-CDR
baselines have mostly been explored in stylized Earth system model (ESM) experiments. In such simulations, a no-CDR
baseline simply assumes that CDR is “switched off”, while socio-economic constraints are not considered. However, the
deployment of CDR in mitigation scenarios, created by integrated assessment models (IAMs), is embedded in a consistent
socio-economic description of plausible futures, and disallowing CDR may affect climate drivers due to changes in the
energy system and in land-use dynamics. Particularly, when moving towards an activity-driven representation of CDR in
emission-driven ESMs, where the activity that draws down CO, from the atmosphere is explicitly modelled, the creation of
no-CDR baselines comes with challenges and trade-offs. Here, we conceptualize a framework for emission-driven ESM

simulations of IAM scenarios that allows us to determine carbon-cycle feedbacks and biogeophysical effects of CDR
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deployment using no-CDR baselines. We show that different options exist for the creation of no-CDR baselines, which offer
different insights and have their specific advantages and limitations. We also demonstrate that internal variability of the
climate system inherently limits our ability to detect the small signals related to CDR deployment and its feedbacks. Hence,
unless a sufficiently large initial conditions ensemble is employed, stylized modelling approaches may remain preferable for
some applications, e.g., the quantification of regional biogeophysical effects of CDR deployment. Both, the efficiency of
CDR (defined as CO, removed per unit of resources employed) as well as related carbon-cycle feedbacks and biogeophysical
effects are expected to be scenario- and model-dependent. Our simulation design of concentration- and emission-driven no-
CDR baselines, together with an improved representation of CDR in the IAM - ESM modelling chain, opens an avenue
towards estimating CDR efficiencies and their uncertainties under various future scenarios in upcoming model

intercomparison activities.

1. Introduction

Since the enactment of climate change mitigation policies has been delayed over the past decades, CDR is now a necessary,
although not sufficient, mitigation option to keep global mean temperature below the 1.5°C limit established by the Paris
Agreement in 2015. Achieving net-zero emissions requires CDR to compensate for residual emissions that are too expensive
or technically impossible to mitigate (Buck et al., 2023; Merfort et al., 2023; Schenuit et al., 2023). In addition, fair burden
sharing schemes might require high-income countries to deploy CDR (Bauer et al., 2020b). If stringent mitigation is further
delayed, large-scale CDR might be the only option to return the Earth system to a less dangerous state after a temperature
overshoot. There are many uncertainties surrounding CDR as issues related to socio-economic, technological, ecological,
legal, governance, and ethical constraints are under discussion and require timely scientific investigation.

From an Earth system perspective, key uncertainties associated with a large-scale deployment of CDR are related to carbon-
cycle feedbacks (e.g., Keller et al., 2014, 2018b; Oschlies, 2009; Schwinger et al., 2022) and biogeophysical effects and
feedbacks (Amali et al., 2025; Boysen et al., 2014; Brovkin et al., 2013; De Noblet-Ducoudré et al., 2012; Zickfeld et al.,
2023). Such feedbacks critically influence the overall effectiveness and costs of CDR, and a solid knowledge base is needed
to inform mitigation policies and regulatory frameworks. The overarching key questions that need to be addressed urgently
include: How much carbon is captured and stored by a specific CDR method and how is this efficiency altered by carbon
cycle feedbacks, particularly if CDR is deployed at large-scale relying on a portfolio of methods? What is the contribution of
CDR-related changes in land surface properties to alterations of the surface climate (biogeophysical effects)? How does the
efficiency vary spatially and over time as climate change unfolds for a given future scenario? What is the response of fast
and slow components of the Earth system to CDR, that is, can CDR restore a previous climate state after an overshoot and
what are the timescales? At what level of certainty can Earth system responses and feedbacks be identified?

The best available tools to address such questions are fully coupled Earth system models (ESMs). ESMs have been used to

investigate many aspects of large-scale CDR deployment including Earth system impacts, carbon-cycle feedbacks, and
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biogeophysical effects in a multitude of studies (e.g., Boucher et al., 2012; Egerer et al., 2024; Keller et al., 2018b; Li et al.,
2023; Loughran et al., 2023; Melnikova et al., 2022, 2023; Moustakis et al., 2024; Schwinger et al., 2022; Sonntag et al.,
2018; Tokarska and Zickfeld, 2015; Wang et al., 2021). However, the CDR deployment in such studies typically lacks the
socio-economic consistency of mitigation scenarios generated by integrated assessment models (IAMs), which include CDR
deployment based on estimates of their cost, energy demand, and land-use footprint as well as policy assumptions, thereby
delivering a consistent picture of the role of CDR under various assumptions and constraints. A robust assessment of CDR
needs to consider both the Earth system perspective and socio-economic constraints, and we therefore need to ensure a
consistent representation of CDR across the IAM — ESM modelling chain.

[IAMs are now being upgraded to include a larger portfolio of CDR methods (Bergero et al., 2024; Fuhrman et al., 2023;
Gidden et al., 2023; Kowalczyk et al., 2024; Strefler et al., 2021, 2025), and in parallel ESMs expand their capacities to
simulate in detail various land- and ocean-based CDR methods (e.g., Egerer et al., 2024; Melnikova et al., 2022; Moustakis
et al., 2025; Schwinger et al., 2024; Wu et al., 2023). Importantly, fully coupled ESMs can represent many CDR methods by
the activity that leads to the removal of CO, from the atmosphere together with possible other effects on the Earth system.
For example, growing bioenergy crops, harvesting the biomass, and storing a part of the biomass carbon underground would
model the process of bioenergy production with carbon capture and storage (BECCS). Modelling this activity explicitly in an
ESM is in contrast to using the IAM estimate of the carbon removal and prescribing this negative emission flux in the ESM
(prescribed CDR). Activity-driven simulation of CDR (Sanderson et al., 2024; see Sect. 2) harnesses the full potential of
ESMs and has the advantage that climate change effects on the efficiency of CDR as well as biogeophysical effects are
explicitly modelled. For terrestrial CDR methods, these include changes in plant physiological processes (e.g. stomatal
conductance, water-use efficiency, heat/drought stress), biogeochemical feedbacks affecting carbon cycling, and
biogeophysical effects such as changes in surface albedo and roughness. For marine CDR methods, the efficiency depends
on ocean circulation and mixing and the various carbon pumps of the ocean (Hauck et al., 2016; Moustakis et al., 2025;
Oschlies, 2009; Schwinger et al., 2024), which are explicitly modelled in ESMs but need to be parameterized in IAMs.
Achieving a robust assessment of CDR in mitigation pathways requires a fundamental shift in how IAM -derived scenarios
are incorporated into ESMs. Although IAM and ESM modelling approaches have been aligned in large model
intercomparison projects such as the ScenarioMIP (O’Neill et al., 2016; Van Vuuren et al., 2025), the representation of CDR
has been quite limited so far. This was on the one hand due to the reliance on concentration-driven simulations in past phases
of the Coupled Model Intercomparison Project (e.g., CMIP6; Eyring et al., 2016), where atmospheric CO, levels are
prescribed to the ESMs rather than dynamically simulated from emissions. This approach restricts the ability of ESMs to
fully capture Earth system feedbacks of CDR. On the other hand, CDR has not been simulated in an activity-driven way in
any CMIP scenario so far (except for afforestation/reforestation (A/R), which is always activity-driven in ESMs, see section
2.2). While many mitigation scenarios from CMIP6 ScenarioMIP included A/R and BECCS, the underlying land-use
changes and their resulting CO,-fluxes were treated separately. In particular, the land-use forcings were provided explicitly

(Hurtt et al. 2020), whereas the resulting carbon removal fluxes from BECCS as estimated by the IAMs were folded into net
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emissions variables (Gidden et al., 2019), which were then used to determine atmospheric CO: trajectories (Meinshausen et
al., 2020). Even in the few emission-driven simulations of CMIP6 scenarios (Keller et al., 2018a), negative emissions from
BECCS were prescribed to ESMs rather than simulated as originating from an explicit land-use activity, leading to
inconsistencies in how land-use changes, ecosystem carbon pools, and CDR-related carbon fluxes are represented.

In the run-up to the 7th phase of the Coupled Model Intercomparison Project (CMIP7; Dunne et al., 2025) several authors
have argued for a stronger focus on emission-driven simulations (Jones et al., 2024; Meinshausen et al., 2024; Sanderson et
al., 2024), and the CMIP7 ScenarioMIP protocol (Van Vuuren et al., 2026) adopts this priority, albeit no activity-driven
representation of CDR is foreseen. The main advantage of emission-driven over concentration-driven multi-model
ensembles is that the former can represent the full range of Earth system responses, including all feedbacks, to emissions and
also to CDR. However, how the effects and feedbacks of CDR can be quantified from emission-driven ESM simulations
remains unclear.

Here, we argue that in addition to emission-driven ESM simulations of mitigation scenarios, no-CDR baselines are required
to i) determine carbon-cycle feedbacks and biogeophysical effects of CDR and thereby the efficiency of CDR in such
simulations, and i) to assess the consistency of various IAM assumptions with activity-driven modelling of CDR in ESMs.
We discuss different choices and challenges for the creation of no-CDR baselines and their implications (Sect. 3), and we lay
out a simulation framework to achieve the goals i) and ii) (Sect. 4). We use four main categories of CDR to exemplify our
simulation framework: BECCS, A/R, ocean alkalinity enhancement (OAE), and direct air carbon capture and storage
(DACCS), but the ideas and challenges discussed here also apply to other CDR options. We present an example for the
application of our simulation framework using a 1.5°C-compliant overshoot scenario that includes activity-driven simulation
of OAE (Sect. 5). We finally present our conclusions and make recommendations for improving the representation of CDR
in the JAM-ESM modelling chain (Sect. 6). We begin with providing more background and motivation for our work together

with the definition of terminology used for our simulation framework (Sect. 2).

2. Motivation and definitions

Our work focuses on the IAM — ESM modelling chain that has been established for the assessment of future scenarios in
ScenarioMIP over the past decades (O’Neill et al., 2016; Taylor et al., 2012; Van Vuuren et al., 2026). We aim at assessing
the efficiency of CDR (the amount of carbon removed per unit of resources employed) together with carbon-cycle feedbacks
and biogeophysical effects caused by the deployment of CDR in mitigation scenarios. Understanding the Earth system
response to CDR is multifaceted, and we do not intend to propose a framework that is suited or preferable for all research
questions. We acknowledge that stylized experiments with ESMs or with land and ocean offline models are important for
understanding CDR independently of socio-economic constraints. We also focus solely on the feedbacks caused by CDR
deployment, which is distinct from determining carbon-cycle feedbacks in response to changing atmospheric CO; and to

climate change in ESMs (e.g., Arora et al., 2020a).
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2.1. Net atmospheric removal and process carbon removal

Carbon cycle feedbacks in the Earth system exert a major control on atmospheric CO, concentrations. Of every tonne of CO,
emitted, terrestrial and oceanic sinks currently take up more than 0.5 tonnes (Friedlingstein et al., 2025). ESMs project that
these sinks will take up less carbon under declining CO;, emissions (e.g., Liddicoat et al., 2021; Terhaar, 2024), and
potentially can be turned into a source of carbon under net-zero or net-negative emissions (e.g., Keller et al., 2018b; Koven
et al., 2022; MacDougall et al., 2020; Oschlies, 2009; Schwinger et al., 2022; Smith et al., 2025). Hence, due to the buffering
nature of carbon cycle feedbacks that operate in reverse under negative emissions (Asaadi et al., 2024; Chimuka et al., 2023),
the net atmospheric reduction of CO, in CDR scenarios will always be less than the gross amount of CO, that has been
removed.

CDR methods that involve land-use changes (e.g. A/R, BECCS), will additionally cause local and non-local biogeophysical
effects and feedbacks, for example, through changes in surface albedo, surface roughness, and evapotranspiration. Thereby,
CDR can change the surface energy balance and atmospheric circulation patterns (Boysen et al., 2014, 2020; De Hertog et
al., 2023; King et al., 2024), which also entails feedbacks onto the carbon cycle (Guo et al., 2025; Maclsaac et al., 2026).
Such effects might in turn indirectly modify the carbon removal efficiency of BECCS and A/R (e.g. increasing drought and
fire risk might diminish the carbon removal achieved by A/R), and they are highly relevant for the assessment of the impacts
of CDR.

Here, we refer to the net removal of CO, from the atmosphere by CDR, including all effects and feedbacks (carbon-cycle
and biogeophysical), as the Net Atmospheric Removal (NAR, Table 1). More specifically, we define the NAR as the
difference in atmospheric CO, content (in Pg C) between an emission-driven ESM scenario simulation S and a

corresponding no-CDR baseline B (see below for a more detailed discussion of no-CDR baselines)
aC™ (€)= Capm (£) = Caem (8), M

where C,;pp, 1s the total mass of atmospheric carbon. At time ¢, the NAR reflects the accumulated effect of CDR including all
feedbacks on atmospheric CO, up to time . The NAR depends on the strength of terrestrial and oceanic carbon-cycle
feedbacks and thereby on the emission pathway, since the terrestrial and oceanic carbon fluxes will evolve differently under
a high-emission compared to a strong mitigation scenario. The NAR will even evolve after a CDR intervention has been
stopped until the CDR effect on the carbon cycle has diminished. This is particularly true for A/R or ocean-based CDR,
where it may take decades to centuries until the carbon reservoirs approach a new equilibrium.

Although the NAR is an important metric indicating the overall success or failure of CDR, it is not an intrinsic property of a
given CDR method. It is neither a suitable metric for carbon accounting: In the same way emissions are priced per tonne of
CO, emitted (disregarding the effect of sinks on atmospheric CO,), carbon removals need to be accounted for without the
effect of carbon cycle feedbacks. We therefore define the process carbon removal (PCR, Table 1) as the net amount of

carbon removed by a CDR process (removals minus positive emissions related to the process) without taking carbon-cycle
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feedbacks into account. This net amount of carbon removed is the quantity that IAMs estimate in the first place. For methods
with geological storage of CO; (e.g., DACCS and BECCS), the PCR might be relatively straightforward to estimate, since
we only need to subtract positive emissions related to DACCS and BECCS from the amount of carbon in geological storage.
However, for methods that enhance the storage of carbon in natural reservoirs (e.g., A/R and OAE), we need additional
model simulations that switch off the effect of carbon-cycle feedbacks on these natural reservoirs. In ESMs we can mimic
such behavior and determine the PCR by prescribing atmospheric CO, concentrations (Boysen et al., 2014; Oschlies, 2009;
Schwinger et al., 2024; Tyka, 2025). We will provide a more specific definition of the PCR in Section 4.

In contrast to the NAR, the PCR allows a comparison between CDR methods with and without geological storage, and it
allows comparing removals estimated by IAMs and simulated by ESMs. We note that both the PCR and NAR include
biogeophysical effects of CDR interventions on climate and carbon storage. While the NAR is a global metric by definition
(defined through total atmospheric CO, content in Eq. 1), a spatially explicit attribution of the PCR to specific CDR
interventions is possible (Sect. 4). Both metrics depend on the atmospheric CO, pathway. For the NAR this is obvious,
because of the contributions of carbon-cycle feedbacks, but also the PCR may depend on the atmospheric CO» pathway
(Jurchott et al., 2023; Schwinger et al., 2024; Sonntag et al., 2016) and vary spatially (He and Tyka, 2023; Zhou et al.,
2025).

Table 1: Overview of key CDR diagnostics of the IAM-ESM framework presented here. More details can be found in Section 4.
Term Symbol | Definition used in this study Notes
Net Atmospheric ACNAR | Net reduction in atmospheric CO, attributable to | Not an intrinsic property of a CDR
Removal (NAR) CDR, including all carbon-cycle feedbacks and [ method. Distinct from  “net
biogeophysical effects, diagnosed as the difference in | removed” or “stored” as used in
atmospheric carbon content between a CDR scenario | MRV contexts.
and the corresponding no-CDR baseline.
Process Carbon ACPR | Amount of CO, removed by CDR when carbon-cycle | Conceptually identical to what

Removal (PCR)

feedbacks are suppressed, diagnosed by comparing a
CDR simulation to a concentration-driven no-CDR
baseline that shares the same atmospheric CO;

pathway as the simulation with CDR (Sect. 4).

IAMs report as captured CO, and
to “net removed” or “stored” as

used in MRV contexts.
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Carbon-cycle ACce Change in land and ocean carbon pools that arises | Quantifies by  how  much
CDR feedback because CDR alters atmospheric CO, and climate, | carbon-cycle feedbacks dampen the
contribution obtained as the difference between NAR and PCR | net atmospheric effect of the PCR.

components for land and ocean (Sect. 4).

Biogeophysical AXP9P | Response to physical changes caused by CDR (e.g. | Their net impact on atmospheric
effects and albedo, roughness, evapotranspiration, circulation) [ CO; is included in both, NAR and
feedbacks that modify surface climate and can in turn affect | PCR. Possible to quantify their

carbon fluxes. AX?9Pis the difference in any direct or | contributions, but this might be
derived ESM output between the CDR scenario and a | computationally ~ expensive  as

concentration-driven no-CDR baseline (Sect. 4) discussed in Section 5.

2.2 Activity-driven CDR in ESMs

CDR, particularly A/R and BECCS, has been an important ingredient in mitigation scenarios created by IAMs. At the same
time, the plausibility of the magnitude of CDR in many IAM scenarios has been contested (e.g., Gambhir et al., 2019;
Hansson et al., 2021; Heck et al., 2018). Among other criticisms, it has been pointed out that IAMs might overestimate the
achievable CO, removal by neglecting the influences of climate change on the efficiency and permanence of land-based
CDR. For example, increasing drought and fire frequencies (Anderegg et al., 2022) could make afforested areas a less
efficient carbon reservoir than assumed in IAMs (Windisch et al., 2025). The land-use changes related to an expansion of
bioenergy could lead to losses of soil carbon which might not be represented to the full extent in IAMs. The possibility to
investigate the interactions between land-use changes, climate changes and the efficiency of land-based and ocean-based
CDR options is a strong motivation for simulating the activity that leads to the removal of CO, from the atmosphere
interactively in ESMs, which we, following Sanderson et al., (2024), refer to as activity-driven CDR.

In the current state-of-the-art set-up of the IAM-ESM modelling chain (Fig. 1a), negative and positive emission fluxes for
each CDR method are estimated by the IAM and prescribed to the ESM as a net emission flux (referred to as prescribed
CDR). The upcoming ScenarioMIP for CMIP7 (Van Vuuren et al., 2026) will use this set-up. An exception has always been
A/R, which is included in the land-use and land cover change patterns that are passed from IAM to ESM, such that the ESM
simulates the carbon and climate outcomes of the land-use changes related to A/R interactively without using the respective
emissions and removal from the I[AMs.

Activity-driven CDR (Fig. 1b) rather simulates the activity in ESMs that eventually removes CO, from the atmosphere. In
the following two sub-sections, we discuss some general principles for activity-driven simulation of BECCS and OAE in the
IAM-ESM modelling chain. For DACCS, there is no activity that could be meaningfully simulated by an ESM, and for such

CDR methods we continue to use the CO, removal fluxes calculated by the IAM as indicated in Fig. 1b. As mentioned above




A/R has always been simulated in an activity-driven fashion, with an established data-flow between IAM and ESM, which
we will not discuss further here. The characteristics of activity-driven representation of CDR for our example CDR portfolio
210 consisting of DACCS, A/R, BECCS, and OAE are summarized in Table 2.
We note that an activity-driven representation of CDR can also be implemented in a concentration-driven ESM set-up. The
options “activity-driven/prescribed CDR” and “emission/concentration-driven model set-up” are mutually independent. In a
concentration-driven ESM simulation, an activity-driven representation of CDR would not alter the atmospheric CO,
concentration, but climate change would still affect the activity-driven CDR and carbon fluxes can be diagnosed. In fact, as
215 discussed above, the simulation of A/R in concentration-driven CMIP5 and CMIP6 simulations has always been of this type.
However, to take full advantage of an activity-driven CDR implementation, it is desirable to run the ESM in emission-driven

mode, and we will assume this combination here.

a) Prescribed CDR in the IAM-ESM modelling chain

Net emissions

IAM ESM

b) Activity-driven CDR in the IAM-ESM modelling chain

Gross emissions

Carbon removals

IAM ESM

BECCS parameters

Land use (changes)

220 Figure 1: Schematic of prescribed (a) and activity-driven (b) CDR in the IAM-ESM modelling chain. Panel a depicts the current
state-of-the-art, which has been used for CMIPS and 6, and is planned for CMIP7. Panel (b) depicts activity-driven CDR as
discussed in this paper.
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2.2.1. Activity-driven BECCS

Bioenergy can be produced from different sources of biomass, from purpose-grown bioenergy crops and forest plantations,
or from forestry residues among others. The details of how activity-driven simulation of BECCS can be implemented in
ESMs will to some extent depend on this source. Here we focus on BECCS from purpose-grown energy crops, but we
foresee that ESMs will diversify the flavours of BECCS that they are able to simulate in an activity-driven fashion.
Activity-driven BECCS from purpose-grown bioenergy crops is simulated by using the land-use pattern of bioenergy crops
from the IAMs while simulating the crop yields endogenously within the ESMs. Typically (e.g., in ScenarioMIP), the land-
use and land-cover change patterns are passed from IAM to ESM using the Land-Use Harmonization data set (LUH; Hurtt et
al., 2020), which contains spatially explicit information on bioenergy crops. Given that all land-use and land-cover change
patterns are input to the ESMs, this implicitly involves direct and also indirect land-use change from bioenergy that may lead
to land-conversion in other parts of the world. Under insufficient land regulatory policies such land-use change can involve
substantial emissions from clearing forests and other natural vegetation (Merfort et al. 2023). While bioenergy production
typically expands strongly in deep mitigation scenarios, only a part of this bioenergy production is combined with CCS with
the capture rate depending on the specific BECCS technology assumed (Bauer et al., 2020a). Furthermore, not all the
captured CO; is stored geologically, as it can also be further used to, e.g., produce carbonaceous fuels (Carbon Capture and
Utilization, CCU). Thus, only a part of the carbon embodied in the biomass is permanently injected into geological storage
sites and that fraction may differ strongly between scenarios. For activity-driven implementation of BECCS in ESM this
global-mean scenario- and time-dependent fraction is a key input that must be handed over from IAM to ESM.

However, biomass is a tradable good in IAMs (and in the real world), which makes it difficult to spatially attribute bioenergy
crop production for use with CCS and for other uses. Some spatial information may be derived from the management
information that is provided with the LUH-data. For example, the area attributable to BECCS can be constrained, if the [AM
assumes that exclusively second-generation biofuel crops are combined with CCS. The fundamental problem that still only a
fraction of these crops are used in combination with CCS remains. Therefore, in order to relate land-use patterns to BECCS
we need to apply some heuristics. Here, we propose to assume that the amount of carbon stored geologically per unit of
biomass harvested is homogeneous over the globe for all bioenergy crops (or a subset of bioenergy crops, e.g., second
generation bioenergy crops). Hence, inputs provided by the IAM for activity simulation of BECCS are the land-use patterns
for bioenergy crops and the global average amount of CO, that is stored geologically per unit of biomass harvested (given in
kgCO,/tDM, tDM=tonn of dry matter biomass). This storage ratio thus considers all the carbon flows from biomass harvest
to geological storage, varies over time, and depends on the scenario assumptions. Emissions related to land-conversion are
simulated by ESMs endogenously, but other gross positive emissions related to the production and processing of the biomass
need to be provided by the IAM as a separate output, since these are not simulated by ESMs and need to be included in the

emission forcing.
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2.2.2 Activity-driven OAE

Activity-driven OAE is simulated through the addition of an alkaline agent to the surface ocean that alters the surface ocean
chemistry and increases the carbon flux. Current implementations of OAE in IAMs (Kowalczyk et al. 2024; Strefler et al.
2025) assume the technique of ocean liming, i.e., the calcination of limestone to Ca(OH), and subsequent distribution to the
ocean using ships. Other proposed materials and techniques for OAE exist (see Renforth and Henderson 2017 for a review).
To simulate activity-driven OAE, ESMs require a spatially explicit flux of alkalinity, which makes it necessary to spatially
disaggregate the IJAM-estimated production of alkaline materials. In general, this may require further assumptions on the
deployment regions related to legal and governance issues. For example, materials can be distributed in the exclusive
economic zones (EEZs) of the regions where they are produced, which is the approach taken for the OAE deployment
examined in Section 5. Spatial disaggregation could also be further refined based on ecological thresholds in an iterative
procedure between IAM scenario creation and activity-driven simulation of OAE in ESMs. If the material used for alkalinity
addition also contains micro- and macro-nutrients or contaminants, these should also be provided by the IAM. For example,
olivine contains silicates and iron, which have significant effects on ecosystems and carbon uptake upon addition to the
surface ocean (Hauck et al., 2016). Finally, the gross positive CO, emissions related to the extraction, processing, and
distribution of alkaline material, need to be provided by the IAM in order to include them in the emission forcing of the

ESM.

Table 2: Summary of activity-driven CDR implementation in ESM

ESM implementation Data from IAM
DACCS no activity-driven implementation, use net | n/a
removal fluxes from [AM
A/R Land use evolves according to IAM, removal | Spatially explicit land use. Wood harvest and/or
is realized through changes in vegetation and | other management practices
soil carbon. A/R has been simulated in an
activity-driven way in ESMs since CMIP5
BECCS Land use evolves according to IAM, a | Spatially explicit land use for bioenergy crops;
fraction of harvested biomass is put into a | global average amount of CO, stored
CCS pool geologically per unit of biomass harvested; other
emissions related to biomass production
OAE Flux of alkalinity applied to the surface | Spatially explicit flux of total alkalinity at ocean
ocean surface; fluxes of nutrients or contaminants if
applicable for the OAE technique; positive
emissions from extraction, processing and
distribution
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2.3 no-CDR baseline

To assess the net effect of CDR on atmospheric COz (NAR, Eq. 1), two emission-driven ESM simulations are needed, one
that includes CDR and a no-CDR baseline where no CDR is deployed. The no-CDR baseline will lead to higher CO,
concentrations and stronger climate warming, i.e., a climate target that is met in a given scenario will likely be missed in the
corresponding no-CDR baseline. Otherwise (except for the omission of CDR), the no-CDR baseline is as similar as possible
to the scenario simulation, i.e. emission reductions are pursued at the same level of ambition.

However, “switching off” CDR for the no-CDR baseline is not a well-defined operation, particularly if we move away from
stylized simulations. In stylized ESM experiments it is, for example, possible to afforest huge land areas (De Hertog et al.,
2023; Swann et al., 2012) without considering the socio-economic implications. The corresponding no-CDR baseline
simulation would just omit this A/R. In contrast, in scenarios created by IAMs, the deployment of CDR is embedded in a
consistent description of socio-economic and technological development, and A/R will compete with food and bioenergy
production among other land uses. Even in the seemingly simple case of DACCS, a large-scale deployment of this energy-
intensive CDR technology will have consequences for the energy sector (stronger competition), and through increased
energy demand indirectly influence land-use demand for bioenergy. The same is true for OAE, which would require the
energy-intensive production and distribution of large amounts of alkaline materials. Hence, while DACCS or activity-driven
OAE can readily be ‘switched off” in an ESM scenario simulation (by omitting the DACCS-related CO; removal and by not
applying alkaline materials to the ocean), a consistent description of a world, in which DACCS or OAE had never been
deployed, would look different. We will therefore discuss the creation of no-CDR baselines in more detail in the following

section.

3. Ex-post and counterfactual no-CDR baselines

For the definition of the NAR (Eq. 1), we have introduced a no-CDR baseline, a simulation without CDR, consequently
higher net CO, emissions, and more climate warming. Here, we introduce two different concepts for creating such baselines.
First, to create the no-CDR baseline by ex-post adjustments of a given IAM scenario. With this option, CDR is, figuratively
speaking, surgically removed from an existing IAM scenario (Sec. 3.1). Second, to create a new counterfactual I[AM scenario
without CDR, i.e. by inventing an alternative world without CDR ever being implemented (Sec. 3.2). From a technical point
of view, the difference is that for the ex-post adjustments, we do not run the IAM again (we modify an existing IAM
scenario), while for the counterfactual IAM scenario, we create a new scenario using the IAM. Here, we will discuss the
counterfactual IAM scenario only briefly and qualitatively. The creation of such no-CDR baselines and comparison to the
ex-post approach will be subject to future work.

The two options are complementary and methodologically very different, they offer different insights, and they have their
specific limitations. For instance, A/R simulations may be used to ask the following question: “What are the regional

biogeophysical effects of A/R in a given scenario?” To answer this question, we need to compare a scenario simulation
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including A/R to a simulation where the A/R pattern in the same location is not present. We might achieve this by ex-post
adjustments to the IAM scenario, i.c. by “freezing” (see below for a more comprehensive definition) the land use in all grid
cells that were planned for A/R. By doing so, we will, however, end up with a socio-economically inconsistent land-use
pattern in the ex-post adjusted no-CDR baseline. If, for example, A/R happens on agricultural land in the original scenario,
this area would just remain cropland in our ex-post adjusted scenario, and we would end up with more cropland than needed
to secure food production. What is more, expansion of bioenergy and A/R can entail indirect, spatially remote land use
changes (Merfort et al., 2023), and these indirectly mediated land use transitions cannot be frozen by the ex-post approach.

Alternatively, we could more generally ask “How would two worlds differ when one uses A/R as a climate mitigation option
and the other does not”’? This question could be answered with a counterfactual IAM no-CDR baseline. If we simulate such
a no-CDR baseline with ESMs, we can analyze global scale carbon-cycle and biogeophysical feedbacks that are additionally
informed by the socioeconomic feedback of not pursuing CDR (e.g. land not used for BECCS would be dedicated to other
activities). Because the two land-use and land-cover change histories will be very different, such a counterfactual IAM no-

CDR baseline is, however, not suited to determine localized effects and feedbacks of CDR.

3.1 Ex-post adjustments
3.1.1 DACCS and OAE

DACCS can be deactivated by omitting the prescribed net negative emission flux, while activity-driven OAE can be
deactivated by omitting the fluxes of alkaline material to the ocean surface (Table 3). The IAM-estimated positive
greenhouse gas emissions related to DACCS and to the extraction, processing, and distribution of materials for OAE, are
also omitted in the no-CDR baseline.

In the original IAM scenario there might be indirect land-use changes caused by the energy-intensive DACCS and OAE
technologies, because they alter the demand for carbon neutral energy from biomass. For OAE there is also the need for
expansion of mining operations. However, we have no means of estimating and adjusting for these indirect land use changes
ex-post. Therefore, we neglect such effects and propose to leave land-use patterns unchanged for the ex-post adjustments

related to DACCS and OAE.

3.1.2 A/R

For A/R, the CO, uptake happens because of the conversion of non-forested land into forest, and subsequent expansion of
vegetation and soil carbon pools. The biogeophysical and biogeochemical (carbon-cycle) effects and feedbacks of land cover
changes in ESMs have been well studied, although the uncertainties remain large (e.g., Amali et al., 2025; Boysen et al.,
2014, 2020; Brovkin et al., 2013; De Hertog et al., 2023; De Noblet-Ducoudré et al., 2012; Lawrence et al., 2016; Loughran

et al., 2023; Moustakis et al., 2024). Many of these studies use a simulation where the land cover is “frozen” (i.e. it does not
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change over time) as a baseline, or they exchange the land-use patterns of a high A/R scenario with a less ambitious
scenario.

Here, we are interested in isolating the effect of A/R in a given scenario, and we propose to use a more fine-grained
“freezing”-approach for our ex-post no-CDR baseline. Two consecutive land-use states are connected through land-use
transitions that specify the rates of conversion from one land-use type to another in each grid cell. Freezing a specific land-
use state can be achieved by setting all corresponding transitions to zero. For the case of A/R, where we are interested in
eliminating forest expansion (but not deforestation), we can also disable transitions to forest only, as illustrated in Fig. 2. In
this case, land use is kept fixed at the state prior to A/R in grid-cells where forest area expands. All other land-use transitions
including deforestation or conversion of primary forests to secondary (managed) forest are still allowed, such that our
estimate of the CDR signal will not be biased by (artificially) avoided deforestation. As a complicating factor, there is the
possibility that forest area may shrink towards the end of a scenario, for example, if afforested areas are not sufficiently
protected by suitable policies (Merfort et al., 2023). To keep the land-use trajectory as close as possible to the original
scenario for such cases, we propose to apply the deforestation land-use transitions proportionally to the land-use types that
have remained fixed (i.e. that have replaced A/R), as illustrated in Fig 2. Whether or not this is necessary, depends on the

scenario, and this step can be omitted if forest areas do not decrease significantly after A/R.
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Figure 2: Schematic of a grid-cell undergoing A/R (a) and the proposed strategy for ex-post adjustments (b), where land-use
transitions for A/R are “frozen”. In this example forest area is reduced towards the end of the original A/R scenario, which is
reflected by transitions of the “frozen” land use towards the land use that replaces the forest in the original scenario.

In the land-use forcing data for CMIP6 (LUH2; Hurtt et al., 2020) the “freezing”-approach implies that pre-CDR land cover
fractions are maintained at grid-cells affected by A/R by removing the corresponding transitions to forest in transition files.
Additionally, gross land-use transitions (i.e. sub-grid scale back- and forth-transitions between the same land-use/cover
types) that exceed net changes should ideally be preserved (in ESMs that can handle such cases) to maintain realistic land -
use dynamics. Indirect land use changes, i.e. transitions that are indirectly linked to A/R (e.g., expansion of agricultural area

elsewhere) cannot be adjusted by ex-post “freezing” and must be neglected. Total wood harvest should be scaled down (in
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ESMs that handle this process) to preserve the per-hectare harvest intensity (carbon removed per area) of the original
scenario in the no-CDR baseline, although it will depend on the ESM implementation of wood harvest if this can be
achieved.

A/R can also happen unintentionally on abandoned land, for example in scenarios that assume a population peak and a
decline towards the end of the century. These cases would not represent policy-driven A/R, and such unintentional regrowth
should ideally not be conflated with policy-driven A/R by “freezing” the corresponding transitions in our no-CDR baseline.
However, the LUH data for CMIP6 and CMIP7 does not offer a way to distinguish between the two cases. Since it seems
reasonable to assume, as a first order approximation, that in scenarios with strong land-based mitigation, unintentional
regrowth will contribute only little to total CDR, we will not distinguish between unintentional and policy-driven A/R. By
doing so, we will overestimate the carbon removals achieved by policy-driven A/R, while the degree of overestimation will
depend on the scenario (i.e., the amount of passive regrowth). As a side note, we mention that current reporting practices and
recent assessments (e.g. Smith et al. 2024), do not make a distinction between passive regrowth and policy-driven A/R

either.

3.1.3 BECCS

For BECCS, it is easy to “switch off” the CCS part of the technology and release the (otherwise stored) carbon back to the
atmosphere. Additionally, the no-CDR baseline would ideally also eliminate the effects of the land conversion needed to
provide the area for biomass production. However, compared to A/R, treating the land-use transitions for BECCS is much
more difficult. Biomass is a tradable good, but IAMs in general do not trace back where the biomass that is used in
combination with CCS was grown. Therefore, in current scenario frameworks, IAMs do not provide a spatially explicit land-
use pattern for BECCS, only for bioenergy crops. For implementation of activity-driven BECCS, we have therefore
proposed (Sect. 2.2) to use the global average amount of CO; stored geologically per unit of biomass harvested, which may
vary over time. Using this information, we can attribute a fraction 4 of land used for bioenergy-crops (or a subset of

bioenergy crop-types) to BECCS

Aggces (8) = Agg(t) fpeces (£)s (2)

where fggpces (t) is the global average fraction of bioenergy crop yield used in combination with CCS. Changes in the land

area used for BECCS can then be calculated as

dA ®) df (t) dApg(t)
% = Agg(t) BEdCtCS + Zi frECes () (3)

The first term on the right-hand side of Eq. 3 does not entail any land-use transition, since only fggccs changes. Therefore,

the change in land area that entails land use transitions and can be attributed to BECCS is given by
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da Luc(t) _ dApg(t)
BECZiLUC = zf fBEces (£)- 4

Freezing the land-use transitions related to BECCS for the no-CDR baseline means to remove the part of the land use change

that is attributable to BECCS from the total land use change related to bioenergy crops:

dABE frozen® _ dApp(t)  dAggpccsiuc(t) dAgg(t)
BEf;: - = Zi - BECC;;LUC = (1 = feeces (D) —if (5)

These considerations demonstrate that attributing land-use changes to BECCS is difficult in the current IAM-ESM modelling
chain, because spatially explicit information on BECCS is missing. The use of Eq. 5 attributes BECCS-induced land-use
changes proportionally and homogenecously to all bioenergy related land-use transitions and may thereby introduce regional
biases in the estimated PCR of BECCS. Depending on the scenario, bioenergy expansion might happen on non-forested
areas only, avoiding deforestation. In such cases, land-use change related carbon emissions will be small, and it might be
justified to keep the land-use of the original scenario for the ex-post adjusted no-CDR baseline. However, in scenarios,
where forests are not sufficiently protected, a significant replacement of forest by bioenergy crops might happen (Merfort et

al., 2023). In such a case, the no-CDR baseline should freeze the BECCS-related land-use transitions according to Eq. 5.

3.1.4 Other considerations

For models with dynamic vegetation (dynamic biogeography), where the spatial distribution of natural vegetation evolves in
response to environmental changes, we note that this feature can remain switched on in all simulations. By doing so, the
feedback of CDR on the evolution of natural vegetation (e.g. on the poleward movement of the tree-line in high latitudes) is
included in our estimate of NAR (consistent with the definition given above; NAR includes all feedbacks). In order to isolate
signals from the CDR processes only (the PCR, excluding carbon cycle feedbacks), the amount of natural vegetated surface
(that is not affected by A/R) must be kept the same for both the CDR scenario and the no-CDR baseline. In our simulation
framework, this is achieved by running an additional concentration-driven no-CDR baseline (Boysen et al. 2014; see Sect. 4

for details), which has the same CO; concentration and climate as the scenario simulation and thus the same biogeography.

Table 3: Options to “switch off” CDR deployment by ex-post adjustments to IAM-created mitigation scenarios with CDR.

CDR Ex-post “switch-off” option Implications

DACCS Assume no CO» is stored, negative emission | Energy system repercussions from an overall lower
flux provided by IAM is not applied in | energy demand from disabling DACCS are not
ESM; omit any greenhouse gas emissions | reflected. Particularly, changes in land-use
related to DACCS (if any). dynamics due to a reduced bioenergy demand are
not considered. Less competition for scarce CCS
capacities is not reflected.

OAE Alkaline material flux provided by IAM is | Energy system repercussions from an overall lower
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not distributed to the ocean in ESM; omit
process greenhouse gas emissions from the
production and distribution of alkaline
materials.

energy demand from disabling OAE are not
reflected. Particularly, changes in land-use
dynamics due to a reduced bioenergy demand and
less mining operations are not considered. Less
competition for scarce CCS capacities is not
reflected.

BECCS i) Assume that captured CO, is released | Land-use changes related to BECCS is ignored.

back to atmosphere. Justifiable if bioenergy expansion happens on non-
forested land

ii) “Freeze” land-use transitions for BECCS | Difficult to discriminate between bioenergy crops
as detailed in Eq. 2-5 and release captured | grown for BECCS and other bioenergy uses (e.g.
CO; back to atmosphere. biofuels). Indirect land-use change persists.

A/R “Freeze” land-use transition to forested | Indirect land-use change persists. In scenarios with
land. peak-and-decline forest area, treat frozen land use

as described in Sect. 3.2.2. No distinction between
passive regrowth and policy-driven A/R.

3.2 Counterfactual no-CDR baseline

Instead of applying ex-post adjustments to a given scenario, it is also possible to perform a second IAM simulation to create
a counterfactual no-CDR baseline. Since our goal is to determine carbon-cycle and biogeophysical feedbacks, this
counterfactual IAM-created no-CDR baseline needs to reflect a world where only emission reductions are pursued (at the
same level of ambition as in the original scenario) but no CDR. This comes at the cost of higher net carbon emissions and
higher temperatures.

This perspective on a no-CDR baseline has rarely been taken in the scenario literature so far, where the majority of CDR-
related IAM studies is investigating the role of CDR in achieving a given climate target (e.g., Riahi et al., 2021; Strefler et
al., 2021, 2025). In such studies, [AMs simulate scenarios that meet a given climate target (e.g., in terms of temperature or
cumulative carbon emissions) with and without certain CDR methods. This design is targeted at investigating the socio-
economic advantages or disadvantages in achieving the same climate target with or without CDR (or a certain CDR method),
which implies that the net accumulated carbon emissions and resulting climate change remain very similar. In contrast, we
are interested in the case where the omission of CDR as a mitigation option results in higher net carbon emissions and in a
different climate.

For completeness, we provide a general recipe to construct such a counterfactual no-CDR baseline. We will, however, not
provide a more detailed comparison of an ex-post and a counterfactual IAM scenario, since this is beyond the scope of the
current paper. A counterfactual IAM no-CDR baseline can be created as follows: (i) Derive the amount of cumulative net

CO, removals (net = gross removals minus positive emissions associated with a CDR method) over the whole simulation
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period in the IAM scenario. For example, the process emissions from OAE limestone calcination need to be removed from
the CO; sequestration by the ocean; (i7) All other assumptions in the no-CDR baseline exactly resemble those in the CDR
scenario except that the carbon budget is increased by the amount of cumulative net CDR derived in (i) and all CDR options
are disabled. For example, if the original scenario had a carbon budget of 500 Gt CO, until the end of the century and 300 Gt
CO; net removals, the “no-CDR” baseline would be a scenario with an 800 Gt CO, carbon budget until 2100, but with all
CDR options disabled. This approach would avoid some of the problems with the ex-post adjustments discussed above, most
importantly the problem of adjusting the land-use transitions for BECCS, but also indirect land-use changes related to other
CDR methods. However, land use-patterns and the energy-system would be completely different between the scenario and
the corresponding counterfactual no-CDR baseline. Regional biogeophysical effects could therefore not be assessed using
this approach. Generally, the two approaches for generating no-CDR baselines deliver very different but complementary
information. While the ex-post adjustments are targeted towards attribution, the counterfactual is suited to evaluate the socio-
economic system response to a no-CDR assumption.

It is important to precisely define what “disabling” a certain CDR technology means. For example, “disabling BECCS” only
means that the use of biomass in combination with carbon sequestration (CCS) is disabled, while the biomass could still be
converted to a secondary carrier (e.g. electricity or liquid fuels), and even the waste CO> could be captured in order to use it
for the production of synthetic fuels, as long as the captured CO; is eventually released to the atmosphere. The same is true
for DACCS, where the direct air capture part could still be allowed in a no-CDR baseline to produce synthetic fuels if this is

economically viable in the I[AM.

4. Estimating feedbacks of CDR deployment from ESM scenario simulations using no-CDR baselines

The Net Atmospheric Removal (NAR) can be determined according to Eq. 1 from two emission-driven ESM simulations
that simulate the carbon stocks of the Earth system with the respective CDRs enabled and disabled as described above.
Whether the no-CDR baseline is created through ex-post adjustments to the original IAM scenario or whether it is a
counterfactual IAM scenario has no implications for the simulation framework presented here, although the outcome of an
analysis might differ, particularly for regional feedbacks.

We denote the ESM simulation of the original IAM scenario with activity-driven representation of CDR S (Table 4). The
emission-driven simulation of the no-CDR baseline (abbreviated B) will have higher atmospheric CO» concentrations and
temperatures compared to simulation S. A given temperature limit, for example, the Paris Agreement’s 1.5°C limit, that
might be achieved in S, is missed in B. The difference in atmospheric carbon content between B and S is the NAR of CO,
due to the portfolio of CDR options deployed in S and is directly obtained from the two emission-driven simulations (Eq. 1).
This definition includes all effects and feedbacks (carbon cycle and biogeophysical) caused by the CDR deployment. The
NAR can be decomposed into contributions from air-sea fluxes, from air-land fluxes and from fluxes directly out of the

atmosphere into geological storage (DACCS):
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ACNAR () = AC)AR (&) + ACHR(t) + ACpaccs (1) (6)

ACNAR(6) = f, (FS — FP) dt ©)
ACKAR(6) = f (F§ — F§) dt ®)

where F;, and F, are the simulated air-land and air-sea carbon fluxes, respectively. Note that, as defined here, all AC are
positive for carbon removal, since in this case the carbon fluxes in simulation S are larger than in B due to the land- and
ocean-based CDR.

To estimate the process removal (PCR), we need an additional concentration-driven no-CDR baseline (Boysen et al., 2014;
Schwinger et al., 2024; Tyka, 2025), which allows carbon-cycle feedbacks to be isolated. This simulation is also excluding
all CDR (as simulation B), but it prescribes the atmospheric CO trajectory from the full CDR scenario S. We denote this
simulation Bs with the subscript indicating the simulation from which the atmospheric concentrations are prescribed. Thus,
this simulation has the same atmosphere-ocean and atmosphere-land CO, fluxes as simulation S but without the

contributions resulting from BECCS, A/R, and OAE. We can then define the accumulated PCR as
ACPCR = fti(FLS — FBSydt = ACNR + ACEe 9)
ACEER = [} (F§ — F§%) dt = ACY*® + ACE (10)

where the accumulated carbon-cycle-CDR feedback contributions are defined as:

acse = [, (FP — FFS) dt (11)
acs = [} (F§ — FES) dt (12)

For DACCS the process removal rate is known a priori (the amount of CO; transferred into geological storage minus
positive emissions related to the process) and we do not need to estimate it. The PCR as defined here includes the
biogeophysical effects on the carbon stocks, since it is calculated as the difference between S (including biogeophysical
effects) and Bs (not including them). In contrast, our estimates of the carbon cycle feedback contributions AC¢ do not
include any biogeophysical effects of CDR, since they are derived from two no-CDR baselines. We note that the carbon
stored geologically through BECCS is included in ACFCR, since it was part of F(t).

The biogeophysical effects that are caused by CDR deployment, for example changes in surface temperature and

precipitation due to A/R, can also be determined by comparing simulation S and Bs. Both simulations share the same
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atmospheric CO; trajectory, but simulation Bs does not include the land-use changes related to A/R and BECCS. Hence, the
biogeophysical effect of CDR deployment for any direct or derived ESM output X can be calculated as

AXb9c = XS — XBS, (13)

However, as discussed in Sec. 3, the nature of the no-CDR baseline (counterfactual or ex-post adjustments) is critical for
biogeophysical effects, particularly on the regional to continental scale.

There exists a slightly different way of defining the PCR (and consequently the carbon-cycle-CDR feedbacks) by using a
simulation Sgthat prescribes the atmospheric CO, concentration of simulation B to the CDR scenario S. This is detailed in
Appendix A, but the definition given in Eq. 9 - 12 is preferable, since it defines the PCR along the trajectory of atmospheric
CO; of simulations S.

Table 4: Simulations and model configurations needed to determine Earth system and process removals by CDR

S B Bs

Model configuration | emission-driven emission-driven concentration-driven,
atmospheric CO;
concentration taken from S

CDR activity-driven, land-use no-CDR baselines (Sect. 2.3 and 3)
changes and OAE deployment
according to IAM scenario

5. Illustration of removal and feedbacks of an OAE deployment scenario

To illustrate the modelling approach described in the previous sections, we use ESM simulations of a deep mitigation
scenario created by the REMIND-MAgPIE model (Bauer et al., 2023). REMIND-MAgPIE has been recently expanded to
include ocean liming (a flavour of OAE, see e.g. Renforth and Henderson, 2017) as a CDR method (Kowalczyk et al., 2024;
Strefler et al., 2025). The scenario considered here (Merfort et al., 2025) reaches an end-of-the-century carbon budget of 500
Gt CO; (from 2020), corresponding to a global warming level of 1.5°C in 2100, after a considerable overshoot. The peak
cumulative carbon budget from 2020 reaches slightly more than 1000 Gt CO, around 2060 and is subsequently strongly
reduced by a massive upscaling of CDR (BECCS, A/R, DACCS, and OAE).

We use the Norwegian Earth System Model NorESM2-LM (Seland et al., 2020b; Tjiputra et al., 2020) to simulate this
scenario with activity-driven implementation of OAE. A time-dependent and spatially explicit data set of OAE deployment

has been produced as part of the IAM scenario output, which is used to prescribe the alkalinity input into the ocean. It is

19



515

520

525

530

535

540

assumed that OAE is deployed within EEZs (but excluding polar regions). We simulate the no-CDR baselines (B and Bs) by
omitting the alkalinity input as well as the process emissions of limestone calcination, which are provided as a separate IAM
output. The energy-related emissions from production (other than the calcination emissions) and distribution of lime are not
explicitly accounted for in the no-CDR baselines. These emissions are accounted for in the simulation S as part of the net
industry emissions, but they have not been provided as a separate gross emission output such that they could not be removed
in the baseline simulations. Yet, these emissions should be rather small, given that most of the OAE activities only occur at
high carbon prices, where the largest part of the energy system is already decarbonized. Note that in this example “no-CDR”
refers to OAE only. We do not simulate BECCS in an activity-driven fashion but prescribe the negative BECCS emission
from the IAM. Thereby all calculations are done for the OAE deployment only. For each of the simulations (S, B, and Bs)
we have run 3 ensemble members, branching off three ensemble members of the NorESM2-LM CMIP6 emission-driven
historical simulation.

The atmospheric CO, concentration (Fig. 3a) in S is smaller than in B due to the much larger air-sea CO»-flux in S compared
to B caused by the deployment of OAE (Fig. 3b). The difference in atmospheric CO, content (in PgC) is the NAR shown in
panel d of Fig. 3. The PCR can be determined according to Eq. 10 as the difference between the ocean fluxes in simulations
S and Bs, and the carbon-cycle-CDR feedback fluxes according to equations 11 and 12 as the difference between B and Bs.
The land CO;-flux in Bswould be expected to be identical to S in our example since we did not switch off any land-based
CDR. This is not exactly the case due to internal variability in our model (and in the climate system), which is why there are
spurious positive accumulated feedback contributions as long as the deployment is relatively small up to approximately
2080. Also, for the same reason, we see spuriously negative accumulated PCR and NAR values during the earlier phase of
deployment. This issue is further discussed in Sec. 5.1.

For our simulated OAE deployment of 4.93 Pmol alkalinity (accumulated over the years 2050-2100, corresponding to 182.5
Gt Ca(OH),) , the accumulated PCR of 28.2 PgC by 2100 is reduced by 7.9 PgC (28%) due to land and ocean carbon-cycle
feedbacks resulting in a NAR of 20.3 PgC. This corresponds to a reduction in atmospheric CO; of 9.7 ppm in 2100 due to
the deployment of OAE. In NorESM2-LM, ocean and the terrestrial biosphere contribute about equally to the carbon-cycle-
CDR feedback-fluxes (4.8 PgC for ocean, 3.1 PgC for land). However, all quantities calculated here are model-dependent
and we expect, based on previous carbon-cycle feedback assessments (Arora et al., 2020b) that the land feedback-flux in

particular might vary greatly between models.
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Figure 3: Estimating the net atmospheric and process carbon removals of OAE deployment in a deep mitigation scenario using the
two no-CDR baselines B and Bs: Atmospheric CO: concentration (a), air-sea (b), and air-land (c) CO: fluxes in the emission-
driven scenario S (red lines), the emission-driven no-CDR baseline B (yellow lines), and the concentration-driven no-CDR baseline
Bs (atmospheric CO:z concentrations from S prescribed, thin purple lines). The difference between the yellow and purple lines in
panels b and c is used to derive the feedback contributions according to Eqs. 11 and 12, which is shown by the yellow lines in panel
d. Panel d shows the accumulated net atmospheric and process carbon removals due to OAE as well as the accumulated feedback
fluxes. The process carbon removal estimated by the IAM is also shown for comparison (line styles and colors as indicated in the
legend in panel d).

An important aspect of simulating activity-driven CDR in ESMs is the possibility to compare the PCR simulated by the ESM
with the PCR estimated by the JAM. REMIND-MAgPIE (and IAMs in general) have no ocean circulation model with
carbonate chemistry to calculate the precise CO, drawdown per unit of alkalinity added. Instead, a constant efficiency of
0.57 mol CO» per mol alkalinity is assumed, whereas the efficiency of OAE is known to vary spatially (Zhou et al., 2025)
and with the background scenario (Schwinger et al., 2024). Therefore, a comparison between the PCR assumed by the IAM
with the PCR derived from the ESM with a full representation of all processes provides an important cross-check. In the case

of our example scenario, the IAM accumulated PCR (green line in Fig. 3d) is larger by about 7.4 PgC (roughly 20%) in 2100
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than the ESM PCR. Note that the IAM assumes instantaneous CO, sequestration upon addition of alkalinity, whereas in
simulations with an ocean biogeochemistry model it takes up to 10-15 years until the full efficiency of an alkalinity addition
has been reached (Zhou et al., 2025). Parts of the discrepancy between IAM and ESM will be caused by this simplification in
the IAM, but our simulations provide no means of testing the exact amount of delayed OAE uptake in the ESM.

5.1. Internal variability

So far, we have ignored the problem of internal variability of the Earth system (e.g., Frolicher et al., 2016; Jain et al., 2023),
which makes it practically difficult (or computationally expensive) to single out small signals from ESM simulations. The S-
, B-, and Bgs-simulations required to determine the NAR, the PCR, carbon-cycle-CDR feedbacks, and biogeophysical
responses will not only be different in terms of their setup with respect to CDR and CO; coupling (summarized in Table 4),
but will also quickly diverge from their common starting point with respect to modes of internal variability. CDR
deployment in a scenario, even if it is at very small scales initially, acts as a perturbation relative to the no-CDR baselines.
This has the same effect as a small perturbation of initial conditions, which is a technique utilized to create initial condition
ensembles of ESM simulations. As shown in Fig. 4a, exemplified through the Nifio-3.4 index, which indicates the phase of
the El-Nifio/Southern Oscillation (ENSO), the scenario simulation S and the no-CDR baseline B diverge immediately when
the OAE deployment in S starts around the year 2040. After only a few years, the two simulations have reached a completely
different state with respect to ENSO.

The different state with respect to modes of internal variability has implications for the CDR removals and feedback -fluxes
calculated from these simulations according to Eq. 6 - 12 (Fig. 4b). Even the mean over the three ensemble members shows a
variability that is comparable in magnitude with the global and annual mean signal over much of the scenario simulation. For
the PCR in our example simulations, the noise level of natural variability remains significant (>0.25 Pg yr-!) even for decadal
averages (Fig. 4c, cyan vertical bars).

To avoid this problem, one could think of setting up the non-CDR baseline Bs as an offline simulation forced by the
complete atmospheric state of S (instead of the atmospheric CO; concentration only). Thereby, Bs.otrine Would be in the same
state of internal variability as S, so the PCR could be determined cleanly from just one realization. However, our definition
of the PCR intentionally includes biogeophysical effects (Eq. 9 and 10), and such effects would be suppressed by an offline
simulation approach. This is most relevant for A/R, which changes surface temperature and humidity, as well as precipitation
and circulation patterns, all of which might feed back on the PCR. Generally, for CDR methods that entail significant
biogeophysical effects, the offline approach is not suitable, and the full assessment of the PCR requires a sufficiently large

ensemble.
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Figure 4: Nifio-3.4 index for the scenario simulation S and the no-CDR baseline B (a), carbon removals and feedback fluxes (as
indicated in the legend) calculated as the ensemble mean of three ensemble members of simulations S, B, and Bs (b), ensemble
mean process removal (thick purple line) and individual ensemble members’ process removal (thin purple lines) (c). The green
lines in panels b and ¢ show the process removal estimated by the IAM REMIND-MAgPIE for comparison. Cyan vertical bars in
panel ¢ indicate the range of the decadal mean PCR calculated from the three individual ensemble members.

6. Conclusions and recommendations

Activity-driven simulation of CDR in emission-driven ESMs allows to estimate the net atmospheric removal of CO;
achieved by a portfolio of CDR methods (or a CDR method individually) in mitigation scenarios. This requires simulating a
no-CDR baseline, a simulation where no CDR is deployed and net CO, emissions are higher by a corresponding amount. We
have shown that the creation of such no-CDR baselines comes with challenges and trade-offs in the IAM-ESM modelling

chain. For example, bioenergy crop cultivation typically expands strongly in deep mitigation scenarios but only a fraction is
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coupled with CCS. Additionally, biomass is a tradable good and it is therefore difficult to attribute the carbon-cycle and
biogeophysical effects of a given land conversion to BECCS on a local or regional level. More generally, we have pointed
out that for CDR involving land-use transitions it is impossible to create a pair of simulations suitable to quantify regional
carbon-cycle feedbacks and biogeophysical effects and maintain socio-economic consistency at the same time.

We have outlined two options for the creation of no-CDR baselines, to apply ex-post adjustments to a given IAM mitigation
scenario, or to create a counterfactual scenario using the IAM. The two approaches are very different and deliver
complementary information. The ex-post adjustments allow attributing effects of a specific CDR method down to a regional
level at the cost of disregarding socio-economic consistency. In contrast, the counterfactual no-CDR baseline describes the
system response to a no-CDR assumption in a socio-economic consistent way, but a regional attribution to specific CDR
methods will not be possible. While approaches similar to the ex-post adjustments proposed here have been employed in
previous studies, counterfactual no-CDR scenarios created by IAMs do not yet exist in the scenario literature to our
knowledge. We believe it would be beneficial to compare the two approaches, and we recommend that [AM teams consider
producing counterfactual no-CDR baselines for selected CDR scenarios in the future.

In order to compare the activity-driven removals simulated in ESMs with the removals estimated in [AMs, we additionally
need simulations that exclude carbon-cycle-CDR feedbacks. We have discussed such concentration-driven no-CDR baseline
simulations and presented an example where we compare the OAE process carbon removal estimated by an IAM with an
activity-driven simulation of OAE in an ESM. We have shown that carbon-cycle-CDR feedbacks offset about 35% of the
process removal by OAE in the scenario and ESM examined here. Both, carbon-cycle-CDR feedbacks and the simulated
PCR are model- and scenario-dependent, and we therefore recommend applying our simulation protocol in future model
intercomparison exercises that deal with activity-driven CDR, for example the next phase of CRDMIP in CMIP7 (Mengis et
al. in prep.).

A fundamental problem for assessing the efficiency of CDR is the internal variability of the climate system. This is true for
real-world monitoring, verification, and reporting, but also for purely model-based assessments as we have pointed out.
Emission-driven simulations of CDR scenarios and no-CDR baselines do not only differ in their CDR deployment. We have
shown that they diverge quickly with respect to modes of internal variability and behave like distinct ensemble members.
Therefore, isolating the forced CDR-signal requires either large enough initial-condition ensembles, or
averaging/accumulating the effect of CDR deployment over sufficiently long time periods. The PCR, specifically, could also
be estimated through offline simulations employing the land or ocean component of an ESM, forced by the atmospheric state
of the fully coupled scenario simulation. However, this is only viable if the biogeophysical effects of CDR are negligible,
which will likely not be the case for methods with a large land-use footprint. We nevertheless recommend that ESM
modelling groups develop and/or maintain the capability to force the land and ocean components of their ESM by the
outputs of a fully coupled scenario simulation. More generally, our findings imply that emission-driven ESM simulations are

not necessarily the best choice for all purposes. For example, concentration-prescribed land-atmosphere-only simulations
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(i.e. with prescribed sea-surface temperature) or land-only simulations (with prescribed atmospheric forcing) are better suited
to assess the local to regional scale biogeophysical effects of land conversions related to BECCS and A/R.

We have made recommendations for [AM outputs to be provided to ESMs for the activity-driven implementation of BECCS,
A/R, and OAE (see Table 5 for a summary). In general, to facilitate activity-driven implementation of CDR in ESMs and for
the no-CDR baselines, IAM scenario outputs should be made available at a sufficiently high level of disaggregation to allow
for attributing emissions and removals to specific CDR options. In particular, the gross positive emissions estimated by the
IAM for each CDR method should be made available explicitly, since these need to be included in the emission forcing of
the ESMs and excluded in ex-post adjusted no-CDR baseline simulations. In general, providing detailed IAM output is
beneficial as this might enable a stepwise implementation of activity-driven representation of CDR in ESMs. For example,
an ESM might have an activity-driven implementation of BECCS but not of OAE. If gross positive and gross negative
emissions are provided separately for BECCS and OAE, this ESM can then run with activity-driven BECCS but prescribed
OAE. The same is true if a CDR method has different flavours. For example, IAM outputs for BECCS should be provided
separately for BECCS sourced from energy crops, forest plantations, or residues. ESMs can then choose to implement a
subset of those in an activity-driven fashion and use prescribed emissions otherwise.

In the current (CMIP6 and CMIP7) land use data, there is no spatially explicit information on BECCS, only on bioenergy
crops in general, which might or might not be combined with CCS. This is a major problem for activity-driven simulation of
BECCS, particularly for the attribution of land use change emissions simulated by ESMs to BECCS. We recommend that the
IAM community works towards making available spatially explicit information on BECCS in the management files of future
versions of the LUH data set. Likewise, LUH currently offers no way to distinguish passive forest regrowth from policy-
driven A/R, which may lead to an overestimation of the effect of policy-driven A/R in our simulation framework. We
therefore recommend extending future versions of the LUH management data by an indicator that allows flagging passive
regrowth of forests.

For the upcoming CMIP7 ScenarioMIP (Van Vuuren et al., 2026) it has been decided to stick to prescribed simulation of
CDR in ESMs. Hence, ESMs will use the net removal fluxes estimated by IAMs for various CDR methods and prescribe
these fluxes in their emission-driven scenario simulations. As no-CDR baselines are not foreseen either, the assessment of
CDR through ScenarioMIP ESM simulations will be limited. The next phase of the Carbon Dioxide Removal Model
Intercomparison Project (CDRMIP; Mengis et al., in prep.) aims at contributing to closing this gap by proposing activity -

driven simulations of deep mitigation scenarios according to the simulation framework outlined in this work.
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Table 5: Summary of IAM output data needed as input for activity-driven simulation of CDR in ESMs and the construction

of no-CDR baselines.

Data available in CMIP6 / CMIP7

New data required for activity-driven

representation of CDR in ESMs

General (applies
for all CDR
methods)

Separate data for gross removals and gross
positive emissions related to each CDR method.
Gross positive emissions need to be included in
the emission forcing for the ESM in scenario
simulation S, but need to be omitted for the no-
CDR baselines B. Gross removals are needed to
compare the PCR between IAM and ESM.
Separate data for all flavours of a specific CDR
method considered in the IAM, e.g. BECCS
sourced from bioenergy crops, forest plantations,
or forestry residues. Enables stepwise

implementation of activity-driven CDR in ESMs.

A/R

e spatially explicit land-cover change
o forest management information (wood

harvest)

Spatially explicit information on policy-driven
A/R versus passive regrowth added to a future

version of LUH

BECCS

e spatially explicit distribution of 2" generation

bioenergy crops

Either: global average BECCS ratio expressed as
CO; stored per tonne of dry biomass harvested
(kg CO./t(DM))

or, preferably: spatially explicit fraction of
bioenergy crops used in combination with
BECCS, together with spatially explicit BECCS
efficiency (kg CO; stored per tonne of dry
biomass harvested) added to a future version of

LUH

OAE

Spatially explicit flux of alkalinity addition to the
surface ocean, together with fluxes of

micronutrients and contaminants if applicable
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Appendix A: Alternative definition of the process removal

There exist two slightly different options for defining the PCR for land- and ocean-based CDR methods. In Sect. 4 we define
the PCR along the trajectory of atmospheric CO, of the CDR scenario S (Eq. 9 and 10). We could also define PCR along the
CO, trajectory of the non-CDR state in simulation B. To do so, we use the scenario simulation S with all CDR active, but we
prescribe the atmospheric CO, concentration of the no-CDR baseline B (Table Al). Using this simulation S we define PCR

as

ACFR = [} (Ff® — FF)dt = ACYR + ACE (A1)
ACER = [ (F§® — F§)dt = ACY*R + ACT (A2)

This alternative definition can be understood as evaluating the PCR along a different background state of the climate-carbon
system, i.e. for different atmospheric CO, pathways and climatic conditions. If the PCR was independent of the atmospheric
background CO, concentration, both definitions would be equivalent. However, the efficiency of CDR can depend on the
atmospheric background (e.g. CO, fertilization for A/R, chemical effects on OAE). As the simulated CDR in S will see the
atmospheric CO; concentration of S and not B, we prefer the definition of PCR given in the main text.

Since the NAR is defined the same way for both options, we also get a slightly different interpretation of the of the carbon-
cycle-CDR feedback contributions AC¢ :

ACE = [} (FS® — ) dt (A3)

ACE = [} (F§® — Fg) dt (A4)

These contributions are now defined with active CDR, while the AC[7,(Eq. 11 and 12) are defined for the non-CDR state. If

all four simulations listed in Table A1l are performed, it would theoretically be possible to determine the changes in carbon-

cycle feedbacks due to CDR deployment as
ACT — AC® = [ (FSP —FS) — (FF — FB%)dt (A3)

However, as pointed out in Sect. 5.1, a large number of ensemble members will be required to isolate small signals from

these simulations.
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Table Al: Full suite of simulations and model configurations to determine Earth system and process removals by CDR. S denotes
the scenario simulation with activated CDR, B denotes the no-CDR baseline. Subscripts S/B indicate that the simulation is
concentration driven with the concentration taken from the simulation S/B. Simulations without subscripts are emission-driven.

S Ss B Bs
Model emission-driven concentration-driven, emission-driven concentration-driven,
configuration atmospheric CO; atmospheric CO,
concentration from B concentration from S
CDR activity-driven, land-use changes and OAE | no-CDR baselines (all CDR switched off)
deployment according to IAM scenario
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