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Abstract.

The anthropogenic carbon distribution between the atmosphere, land surface and ocean varies significantly with the choice

of scenario for identical changes in mean global surface temperature. Moving to a lower CO2 emissions scenario means that

warming levels occur later, and with significantly less carbon in the three main carbon reservoirs. After 2◦C of warming, the

multi-model mean ocean allocation can be up to 3% different between scenarios, or 36 Pg in total with an even larger difference5

in some single model means. For the UKESM1 model, the difference between the minimum and maximum atmospheric fraction

at the 2◦C Global Warming Level (GWL) is 3.6%. This is equivalent to 50 Pg of additional carbon in the atmosphere, or the

equivalent of five years of our current global total emissions.

In the lower CO2 concentration scenarios, SSP1-1.9 and SSP1-2.6, the ocean fraction grows over time while the the land

surface fraction remains constant. In the higher CO2 concentration scenarios, SSP2-4.5, SSP3-7.0 and SSP5-8.5, the ocean10

fraction remains constant over time while the the land surface fraction decreases over time.

Higher equilibrium climate sensitivity (ECS) models reach the GWLs sooner, and with lower atmospheric CO2 than lower

sensitivity models. However, the choice of scenario has a much larger impact on the percentage carbon allocation at a given

warming level than the individual model’s ECS.
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1 Introduction

The Intergovernmental Panel on Climate Change (IPCC) Sixth Assessment Report (AR6) found that the global mean surface

air temperature is 1.1◦C warmer in the recent decade (2011-2020) compared to the pre-industrial era. They also concluded that
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human activities have indisputably caused this warming (IPCC, 2021b). Anthropogenic greenhouse gases in the atmosphere,

particularly carbon dioxide (CO2), are the primary cause of this heating. In addition to warming the climate, this additional20

CO2 affects other parts of the Earth system including vegetation change via carbon fertilisation, and ocean acidification.

The Earth system’s carbon cycle centres around the exchange of carbon between the atmosphere, the land surface, the

ocean and geological reserves, such as fossil fuels. Since the advent of the Industrial Revolution, carbon has effectively been

transferred from the fossil fuel reservoir to the atmosphere via combustion for energy generation. From the atmosphere, the

ocean absorbs anthropogenic carbon via gas transfer, and the land surface via primary production, while some CO2 remains25

in the atmosphere. The instantaneous distribution of anthropogenic carbon between the atmosphere, ocean and land surface is

known as carbon allocation, illustrated in fig. 1. Note that while in nature there is a flux of land carbon into the ocean via rivers

between 0.45 ± 0.18 PgC yr−1 and 0.78 ± 0.41 PgC yr−1 Jacobson et al. (2007); Resplandy et al. (2018); Hauck et al. (2020),

and a flux of fossil fuels directly into the ocean or land surface via for instance fossil fuel extraction (Roser and Ritchie, 2022),

these are not generally included in CMIP6 models.30

Projections of the ultimate fate of anthropogenic carbon are essential because its impact depends on its destination within

the Earth system. In the atmosphere, anthropogenic carbon causes additional warming (Hansen et al., 1981). In the ocean, an-

thropogenic carbon can cause acidification (Caldeira and Wickett, 2003) or participate in primary production or sequestration

(Schlunegger et al., 2019). On the land surface, carbon can allow enhanced primary production and subsequent carbon seques-

tration. Carbon may be a fuel source once converted into biomass (Burton et al., 2022; Sullivan et al., 2022), alter transpiration35

rates which impact flood and drought risk Ukkola et al. (2016) and worsen food quality and nutrient (Erda et al., 2005).

Earth System models are one of the main tools that we have to study the climatic impact of the combustion of fossil fuels

and they are the only tool that we have to make forecasts of the future climate. The Sixth Coupled Model Inter-comparison

Project (CMIP6) (Eyring et al., 2016) is the most recent in a series of global efforts to standardise, share and study Earth

System Model simulations. CMIP6 is an international collaborative project which allows modelling groups from around the40

world to share their climate model output data. In order to participate in CMIP6, models must meet a certain set of standards

for scientific model quality and data standardisation. This means that the model outputs must use a common format and meet

the minimum quality requirements. These minimum quality requirements include a drift in the air-sea flux of CO2 of less than

10 Pg century−1, and a drift in the global volume mean ocean temperature of less than 0.1 degrees per year (Jones et al., 2011;

Eyring et al., 2016; Yool et al., 2020).45

As we are unable to predict the future anthropogenic climate drivers, multiple scenarios were proposed in the ScenarioMIP

project to cover a wide range of potential futures. These ScenarioMIP scenarios expand upon the CMIP6 core simulations and

multiple scenarios are available for modellers to use to generate simulations (O’Neill et al., 2016). We include the scenarios:

SSP1-1.9, SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5 (O’Neill et al., 2016; Riahi et al., 2017). These scenarios cover a wide

range of possible futures, including sustainable development in the SSP1-1.9 and SSP1-2.6 scenarios. The “middle of the road”50

pathway in SSP2-4.5 extrapolates historic and current global development into the future with a medium radiative forcing by

the end of the century. The regional rivalry scenario, SSP3-7.0, revives nationalism and regional conflicts, pushing global
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issues into the background and resulting in higher emissions. Then finally, the enhanced fossil fuel development in SSP5-8.5

is a forecast with the highest feasible fossil fuel deployment and atmospheric CO2 concentration.

Each model in CMIP6 has a different sensitivity to carbon. This means that for the same atmospheric CO2 concentration,55

each model will warm by a different amount. A measure of how sensitive each model is to CO2 is it’s equilibrium climate

sensitivity (ECS). The ECS is given in ◦Celsius and represents the long-term near-surface air temperature rise that is expected

to result from a doubling of the atmospheric CO2 concentration. The ECS is a good indicator for how rapidly a given model

warms to a given GWL for a given CO2 pathway. The most recent 5-95% assessed ECS range was between 2◦C and 5◦C,

and the likely ECS range was 2.5 - 4◦C, (Arias et al., 2021, TS6.). An alternative measure of sensitivity that is often used60

is the transient climate response to cumulative emissions of CO2 (TCRE). The TCRE is the ratio of the globally averaged

surface temperature change per unit of CO2 emitted (Williams et al., 2020). The TCRE and ECS differ in that the TCRE is

calculated while the heat distribution between the land, ocean and atmosphere is not yet at equilibrium. The wide spread of

ECS and TCRE values in climate models is one of the causes of uncertainty on when the world is forecast to reach certain

global warming levels. The “allowable emissions” that keep global temperature rise within Paris agreement targets are similarly65

impacted (Collection, 2015). This has been exacerbated in the latest round of CMIP, as the CMIP6 generation of ESMs has

a broader range of sensitivities than previous generations. Several CMIP6 models have a stronger response to atmospheric

carbon than any CMIP5 model, and many sit above the likely ECS range from Arias et al. (2021, TS6.).

Climate change policy can often focus on the climate at specific target years, like 2050 or 2100 (Collection, 2015). Instead

of specific target years, we can alternatively use global warming levels (GWL), such as 2◦C, 3◦C or 4◦C of warming relative to70

the pre-industrial period. The 2◦C GWL is defined in the Paris Agreement (Collection, 2015) and thought to be a threshold for

potentially dangerous climate change. The 3◦C is close to the warming level that current nationally determined contributions

could take us in the year 2100 with a median climate sensitivity. Finally, the 4◦C GWT is a low likelihood but high impact

outcome if climate sensitivity is higher than median values or emission reductions and climate policy breaks down. By investi-

gating the system’s behaviour at specific warming levels instead of target years we can reduce the impact of climate sensitivity75

and make policy relevant assessments while still exploiting the full ensemble of CMIP6 models.

The carbon allocation for CMIP6 projections at the year 2100 appears in (IPCC, 2021a, fig. SPM7). This figure shows

that with increasing CO2 concentrations scenarios, the atmospheric fraction (AF) at the year 2100 rises with increasing CO2

concentrations. In SSP1-1.9, 30% of the carbon remains in the atmosphere in the year 2100, but in SSP5-8.5, that figure is

62%. However, it was not previously known what the behaviour will be at certain GWLs. The aim of this work is to investigate80

whether the distribution of carbon between the various reservoirs is impacted by the choice of scenario at these GWLs.

To investigate how much carbon allocation varies between different scenarios without the complexity of a multi-model en-

semble, we focus on a single model: the first United Kingdom Earth System Model, UKESM1, which is labelled as UKESM1-

0-LL in CMIP6. UKESM1 model was chosen as a focus model because it has a large ensemble, includes all the scenarios

under investigation and several members of the authorship team contributed to the development of the UKESM1 model. From85

a single model we can also understand the processes controlling any changes better and look to see the level of time variability

in the sinks due to internal model variability.
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Figure 1. A simplified version of the Earth system carbon cycle. Interactive fluxes are shown as regular arrows, prescribed fluxes are shown

as box arrows, and derived fluxes are shown as chevrons. The arrows in gold are considered in this analysis. Note that while in nature there

is a flux of land carbon into the ocean via rivers, and there may be a flux of fossil fuels directly into the ocean or land surface via for instance

fossil fuel extraction, these are not generally included the CMIP6 models we consider in this paper. CMIP6 models do not generally include

these fluxes of land carbon into the ocean via rivers. There may be a flux of fossil fuels directly into the ocean or land surface via for instance

fossil fuel extraction.

2 Methods

2.1 Carbon allocation calculation

We calculate the carbon allocation for the land, ocean and atmospheric reservoirs separately. On the land surface, the land90

carbon sink, SLAND is derived from the global total net biome production (NBP ) and the global total land use emissions

(LUE). As NBP is defined as the difference between land sink and emissions from land use (NBP = SLAND −LUE),

then:

SLAND = NBP + LUE (1)

The NBP is an prognostic variable calculated by the models. We calculated the global total net biome production using95

the land area-weighted sum of the local NBP over the entire global land surface. It is defined as positive for fluxes into the

land carbon store (Jones et al., 2016). From CMIP6 simulations, it is not possible to directly isolate the LUE and so these are

taken from land use scenarios common across all models and all ensemble members following Liddicoat et al. (2021). Note

that CMIP6 experiments expresses the LUE in units positive into the atmosphere, but the NBP in units positive into the land.
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The ocean component of the carbon allocation is the total global sum of the air sea flux of CO2, FGCO2. We calculated this100

as the sum of the air-sea flux of CO2 multiplied by the ocean area of each cell. This is typically expressed as an annual total,

so the total cumulative flux is calculated as the cumulative sum of the global annual total fluxes along the time dimension.

In the atmosphere, the CO2 concentration is provided in the scenario forcing from ScenarioMIP in units of parts per million

(ppm). The total mass of the carbon in atmospheric CO2, Catmos is calculated by multiplying the concentration in ppm by a

constant factor. This conversion factor is 1ppm of CO2 is equivalent to 2.13 Pg C Myers (1983).105

No matter how much carbon the land and ocean components absorb from the atmosphere, the atmospheric concentration

of CO2 will always strictly follow the prescribed atmospheric CO2 concentrations of the forcing scenario. This means that

anthropogenic emissions can be estimated for each model (Jones et al., 2013). The total anthropogenic emissions are the sum

of the total carbon in the atmospheric CO2 and the cumulative global total carbon dioxide flux into the sea and the true land

sink.110

Emissions = Catmos + FGCO2 + SLAND (2)

Mass balance emissions can only provide the fossil-fuel term, not the land-use term. Here, we take land-use emissions from

the scenario, so they are not in balance with run-time model behaviour: this means that SLAND is only an approximation.

2.2 Included Models

Our analysis used all models for which the following three variables were available as monthly averages over the time period115

1850-2100: the near-surface atmospheric temperature (tas), the net biome productivity (nbp) and the air to sea flux of carbon

dioxide (fgco2). We limited each model to only the first ten ensemble members for each scenario, and required at least one

historical and future scenario pair for each ensemble member. The additional grid cell information and areal extent were also

required for both land and sea grids. We excluded the entire ensemble member if any variables were absent, the time series was

incomplete, or the data could not be made compliant with CMIP6 standards.120

Modelling centres may contribute more than one ensemble member for each scenario to the Earth System Grid Federation

(ESGF). For instance, the UKESM1 model produced 19 different variants for the historical experiment, each using slightly

different initial conditions drawn from the pre-industrial control (piControl) simulation (Sellar et al., 2020). This generates an

ensemble of variants which samples a wide range of the unforced variability simulated by the model. By spanning the range of

internal (natural) variability simulated by the model, the mean of a single model ensemble can gives a more robust estimate of125

the forced climate change. Each modelling centre may choose which scenarios they simulate and how many ensemble members

for each scenario. This means that there is wide variation in the number of ensemble members between models. To balance

models with large ensembles against models with small ensembles, we used a “one model - one vote” weighting scheme. This

means that each model was given equal weight in the final multi-model mean. In practice, each ensemble member of a given

model was weighted inverse proportionally to the number of ensemble members that the model contributed. No effort was130

made to weigh the results regarding the model quality or historical performance. Individual component models can be used by
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several modelling centres. For instance, the NEMO ocean circulation model may appear in several of the earth system models.

This means that these models can not be treated as statistically independent.

Table 1 lists the contributing models, the number of ensemble members for each scenario, and each model’s equilibrium

climate sensitivity (ECS). The ECS is included here because it plays a first order role in how rapidly a given model reaches a135

given GWL for a given CO2 pathway. We took the model ECS values from Zelinka et al. (2020), with the exceptions of CMCC-

ESM2 (Lovato et al., 2022), and the NorESM2-MM, ACCESS-ESM1-5 and MPI-ESM1-2-LR models (Hausfather, 2022). All

quoted values use the Gregory et al. (2004) method to calculate ECS. We assumed that the CanESM5-CanOE model’s ECS

value is the same value as the sibling CanESM5 model. This table also shows the weighted ECS for the contributing models

for each scenarios. The weighted ECS is only weighted by the presence or absence of models, not the number of contributing140

ensemble members, reflecting the “one-model one-vote” weighting scheme described above. The SSP1-1.9 ensemble contains

fewer models than the other scenarios, and includes both the CanESM5 and UKESM1 models, which have the highest ECS

values of our CMIP6 stable of models. The spread of weighted ECS values between scenarios is small, ranging from 4.34 for

SSP5-85 to 4.23 for SSP2-45. However, all of these ensemble means sit above the likely ECS range of 2.5◦C - 4◦C, and some

of the individual models are even outside the 5-95% confidence band, 2◦C and 5◦C (Arias et al., 2021, TS6.) (Sherwood et al.,145

2020).

There are two CESM2 models and two CanESM5 models. These model pairs are likely only to have slight differences.

In addition, several models may share contributing component models. For instance the NEMO model forms the marine

circulation component in several models. While the models in the group are not statistically independent, it is beyond the scope

of this work to develop or apply a method to weight models such that the multi-model mean is statistically robust (Brunner150

et al., 2020).

2.3 Global warming level calculation

We calculated the global warming level following the methods of (Swaminathan et al., 2022). The global mean atmospheric

surface temperature is calculated for each model, scenario and ensemble member. The anomaly is the difference from the

mean of the period 1850-1900 from the relevant historical ensemble member. This temperature time series is then smoothed155

by taking the mean of a window with a width of 21 years, i.e. 10 years either side of the central year. The first year that the

smoothed global mean surface temperature anomaly exceeds the global warming level is the GWL exceedance year (see Fig. 1

of (Swaminathan et al., 2022)). This work uses the 2◦C, 3◦C and 4◦C GWLs, as described above.

We calculate the multi-model mean for each of the variables using the “one model - one vote” scheme described above. We

also determine the multi-model mean GWLs and their timings from the multi-model mean temperature, instead of taking the160

weighted mean of the individual ensemble members GWLs timings. This method ensures that the multi-model mean is more

representative of the overall ensemble, instead of biased towards only those models that reach the GWL.

We used the ESMValTool toolkit to perform the analysis. ESMValTool is a software toolkit that was built to facilitate the

evaluation and inter-comparison of CMIP datasets by providing a set of modular and flexible tools (Righi et al., 2020). These

tools include quick ways to standardise, slice, re-grid, and apply statistical operators to datasets. ESMValTool is hosted on165
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Table 1. A list of the models, the number of contributing ensemble members for each scenario, the model ECS, and the weighted mean ECS

of the contributing models. The weighted ECS row shows how the model occupancy affects the mean ECS of the ensemble for each scenario.

The presence or absence of models impacts the weighted ECS, but not the number of contributing ensemble members.

Model Historical SSP1-1.9 SSP1-2.6 SSP2-4.5 SSP3-7.0 SSP5-8.5 ECS, ◦C

ACCESS-ESM1-5 3 2 3 2 1 3.9

CESM2 3 3 3 3 3 5.15

CESM2-WACCM 3 1 3 1 3 4.68

CMCC-ESM2 1 1 3.57

CanESM5 10 10 10 10 10 10 5.64

CanESM5-CanOE 2 2 2 2 5.64

EC-Earth3-CC 8 8 1 4.1

IPSL-CM6A-LR 12 5 3 6 10 5 4.56

MIROC-ES2L 5 5 5 5 5 5 2.66

MPI-ESM1-2-LR 5 5 5 5 5 5 3.0

NorESM2-LM 2 1 2 1 2.56

UKESM1-0-LL 10 5 10 10 10 5 5.36

Total number of Ensembles 72 30 42 58 49 38

Total number of Models 12 5 10 12 10 9

Weighted ECS, ◦C 4.23 4.24 4.32 4.23 4.32 4.34

GitHub and all the code we used here is available as described in the data availability section. This analysis was performed on

the Centre for Environmental Data Analysis’s (CEDA) JASMIN computing system. However, CMIP6 is so large that no data

centre could host all datasets from all models. Absent datasets need to be copied from another ESGF node to the local system

before they can be analysed.

3 Results170

The total multi-model mean allocation of carbon for all available scenarios at each of the three warming levels is shown in fig. 2.

There is a significant difference between both the total carbon in the system for different scenarios at the same warming level.

For instance, the multi-model mean 2◦C GWL ranges from 903 Pg in SSP5-8.5 to 948 Pg in SSP3-7.0. The carbon allocation

between the three reservoirs for a given level varies between scenarios, even at the 2◦C GWL. For instance, the multi-model

mean 2◦C GWL level land allocation fraction ranges from 29.6% to 32.6%, the ocean allocation ranges from 24.0% to 25.4%175

and the atmospheric fraction (AF) ranges from 42% to 46%. Similar variability ranges are present in the 3◦C and 4◦C GWL.
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Experiments made with the highest CO2 concentration scenario, SSP5-8.5, reach the warming thresholds with less total

carbon in the Earth system, compared to other scenarios. For instance, 903 Pg in SSP5-8.5 to 933 Pg in SSP1-2.5. at 2◦C

GWL. Due to it’s methane and aerosol precursor forcing, the SSP3-7.0 scenario is a special case, with behaviour quite different

from the other scenarios, so these relationship may not hold for SSP3-7.0.180

Similarly, the combined percentage of carbon allocated to the land surface and the ocean is smaller for the higher CO2

concentration scenarios, ie the higher CO2 concentration scenarios have a larger AF than lower CO2 concentration scenarios at

the same GWL. For instance, the AF is 46% in SSP5-8.5 and 42% SSP1-2.5 at the 2◦C GWL, and the AF is 51.2% in SSP5-8.5

and 47.4% SSP2-4.5 at the 3◦C GWL.

The total carbon in the atmosphere at any given point in time is the same for all models for a given scenario, but the185

multi-model mean shown here is an average over several different time periods for each scenario. For a given scenario, larger

values of the total atmospheric carbon imply that the ensemble takes longer to reach the warming level. As a percentage,

the anthropogenic carbon atmospheric fraction value reflects the relationship between the ensembles GWL timing and the

ensembles mean ocean and land surface behaviour.

Not all scenarios are expected to reach all GWLs. While it’s likely that all SSP5-8.5 will reach 2◦C of warming, it is unlikely190

that any SSP1-1.9 experiments will reach 4◦C of warming. On the other hand, in certain combinations of scenario and GWL,

it’s possible that only some models reach the threshold. For instance, some SSP1-1.9 models may reach the 2◦C GWL and

some may not. Figure 2 only shows the multi-model means, not single models. This means that multi-model means that do not

reach the GWL are not included in this figure. For instance, the SSP1-1.9 multi-model mean does not reach 2◦C of warming.

This is known as survivor bias, with only the higher climate sensitivity models reaching the higher warming levels before the195

year 2100. As described above, the method that we used to populate this figure took the multi-model mean first with all models

contributing equally, then used that value to calculate the GWL threshold years. An alternative method could first calculate

the GWL threshold years for individual ensemble members, then take the mean of only those that reach the threshold. This

alternative method would implicitly include survivor bias, causing the overall weighting to be biased towards high ECS models.

Table 1 shows that there are five models contributing to the SSP1-1.9 scenario in this analysis, yet the multi-model mean200

does not even reach the 2◦GWL here. Similarly, there are 10 SSP1-2.6 models, but the multi-model mean does not reach the

3◦(or 4◦) GWL, and the mean of 12 SSP2-4.5 models does not reach the 4◦of warming.

Figure 3 shows a breakdown of carbon allocation at each GWL as a percentage and the total value for each model. For each

scenario and each GWL, the models are ordered by their ECS as shown in tab. 1. The lower ECS models are at the top and

higher ECS models on the bottom of each section. The less sensitive models take longer to reach the same warming level and205

so generally have higher total emissions than the more sensitive models. This results in the saw-tooth pattern on the right of

this figure. However, this saw-tooth is not visible on the left side of the figure, as the ratios of carbon allocation between land,

ocean and atmosphere at a given GWL appear to be independent of ECS.

There is a significant difference in the carbon allocation structure at each GWL between scenarios in terms of the amount of

total carbon. For instance, the lowest carbon allocation at 2◦C is approximately 600 Pg, but the highest total carbon allocation210

is around 1500 Pg. When comparing between different GWLs, the highest total carbon allocation at the 2◦C GWL (1500 Pg in
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Figure 2. Carbon allocation for the multi-model mean for each scenario for each global warming level. The green, blue and grey areas

represent the land, ocean and atmospheric carbon allocations. On the left hand side, the x-axis shows the carbon allocation as a percentage,

and the right hand side shows the cumulative total.

NorESM2-LM SSP3-7.0) has more total carbon than several models at 4◦C GWL, which can be as low as 1200 Pg. In essence,

both CanESM5 models and the UKESM1 model reached 4◦C of warming with less atmospheric carbon than NorESM2-LM

had when it reached the 2◦C of warming. This relates to the model’s transient climate response to cumulative carbon emissions

but highlights how badly constrained allowable carbon budgets can be. If these models were run in emission mode such that the215

carbon sinks could affect atmospheric CO2 concentrations, the differences in carbon allocation may be even more significant.

However, the opposite may also be possible; for instance if the land and ocean carbon sinks acted to change the atmospheric

CO2 concentrations in a way that would counteract the ECS effect of warming.

In contrast, the variability in the carbon allocation percentages is less obvious, but still important. For instance, the combined

land and ocean allocation can be as low as 40% and as high as 60%. As was the case for the multi-model mean percentage220

allocation in fig.2, the higher CO2 concentration scenarios have a smaller combined land and ocean carbon fraction than the

lower CO2 concentration scenarios for the same GWL. The SSP5-8.5 scenarios have a lower combined land and ocean carbon

allocation than SSP1-1.9 and SSP1-2.6 scenarios, even at the same GWL. There is also variability between scenarios at the

same warming level for a given model. One model, EC-Earth3-CC, has a particularly low land carbon allocation, approximately

one third lower than the over ensemble mean. This makes it appear to be an outlier in this figure in the SSP2-4.5 and SSP5-8.5225

scenarios where it contributes. This model has also had strange behaviour in other work Dunning et al. (2018).

9

https://doi.org/10.5194/egusphere-2022-1483
Preprint. Discussion started: 4 January 2023
c© Author(s) 2023. CC BY 4.0 License.



As in fig. 2, survivor bias also affects this figure. For instance, the SSP1-1.9 scenario includes data from 5 models (see

tab.1), yet only three models reach the 2◦C GWL. Similarly, the SSP2-4.5 scenario includes data from 12 models (see tab.1),

yet only two models reach the 4◦C GWL. These missing models would probably reach the thresholds at some point after the

year 2100, if the model were allowed to run for long enough and if the atmospheric carbon concentration were allowed to rise230

sufficiently high. In summary, fig. 3 shows that a model’s sensitivity to CO2 concentration significantly affects the total carbon

allocation between the atmosphere, ocean and land at global warming levels, but is less impactful on the percentage allocation.

In contrast, the scenario has a much larger impact on the percentage carbon allocation at a given warming level than the ECS.

The CMIP6 multi-model mean carbon allocation time series is shown in fig. 4. This figure includes a pair of panes for each

experiment. For each pair, the top pane is the cumulative carbon in Pg and the bottom pane shows the percentage. The sum of235

the three sinks estimates the total anthropogenic emissions. The top left pair shows the development over the historical period

and the other five are the future scenarios. We show all data cumulatively starting from the year 1850, and all the cumulative

carbon panes share the same y-axis range. The times where each of the GWLs are reached are marked as vertical lines. The

carbon allocation for the UKESM1 model is shown as dotted lines.

In the historical pane of fig. 4, the fractional atmospheric carbon starts to grow in the second half of the 20th century, as the240

land fraction declines and the ocean fraction increases. However, all three increase in absolute terms over the historical period.

By the end of the historical period, the land and ocean match the observational records of Raupach et al. (2014) and Watson

et al. (2020) reasonably well, shown as dashed horizontal lines. In future scenarios, the global warming level threshold year

occurs sooner in higher concentration scenarios than in lower concentrations scenarios. In all scenarios, the total anthropogenic

carbon rises until at least the year 2050. The fraction of carbon that is absorbed by the combined land and ocean reservoirs rises245

in the two SSP1 scenarios, remains approximately constant in SSP2-4.5 after 2050, and declines in the SSP3-7.0 and SSP5-8.5

scenarios.

The combined land and ocean fraction rises in the SSP1-1.9 and SSP1-2.6 scenarios, this can be explained as the decline

in emissions slowly percolating through the system and being absorbed by the ocean and land, without being replaced in the

atmosphere by additional fossil fuel combustion. The time series results for the year 2100 closely match the IPCC AF forecast250

for 2100 (IPCC, 2021b, fig. SPM7), shown in fig. 4 as a horizontal line at the end of the period. This is not a new result, but

allows increased confidence that our methods match previous results.

To see how carbon allocation varies between different scenarios in the absence of survivor bias and the irregular scenario

contributions as shown in tab. 1, we can focus on a single model. We selected the UKESM1 model (labelled as UKESM1-0-LL

in tab. 1 and fig. 3) as a focus. A full description of the UKESM1 model and it’s CMIP6 representation are available in Sellar255

et al. (2019, 2020).

Figure 5 is similar to fig. 2, but for the mean of the single model UKESM1 ensemble. There is a much smoother transition

between scenarios for each GWL, which reflects the fact that this group of measurements are free of the occupancy and

survivor biases seen in fig. 2. For UKESM1, the difference between scenarios has an effect of several percent at a given GWL.

The scenarios with higher CO2 concentrations have a smaller combined ocean-land fraction of carbon allocation than those260

with low CO2 concentrations. The land uptake almost always outweighs the ocean carbon allocation, with the exception of the
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Figure 3. Global total carbon allocation for each level of warming for individual models. The left side shows the allocation as a percentage

and the right side shows the total value in Pg. Each colour palette represents a different scenario, with SSP1-1.9 in greens, SSP1-2.6 in blues,

SSP2-4.5 in golds, SSP3-7.0 in purples and SSP5-8.5 in reds. The darkest shade denotes the land, the middle shade is the ocean and the

lightest shade is the atmosphere. Within a given GWL and scenario, the models are ordered by their ECS, with less sensitive models at the

top and more sensitive models at the bottom.

SSP3-7.0 at 4◦C of warming where the ocean uptakes 10 Pg more than the land. However, the land uptake has less variability

between scenarios than the ocean at the same GWL. The range of uptakes between scenarios for the land range from 1 Pg (4◦C
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Figure 4. Multi-model mean carbon allocation time series for the historical period and each scenario. The top pane of each pair shows the

total allocation in Pg, and the bottom pane shows the allocation as a percentage. The historical pane includes the historical observations from

Raupach et al. (2014) & Watson et al. (2020), and the future pane shows the atmospheric fraction projection for 2100 from IPCC (2021b).

The grey area is the cumulative anthropogenic carbon in the atmosphere, and the blue and green represent the fraction in the ocean and in the

land, respectively. The UKESM1 model allocation is shown as dotted lines and it’s GWL threshold years are shown as dotted vertical lines.

GWL) to 6 Pg (2◦C GWL), where as the ocean ranges from 8 Pg (2◦C GWL) to 16 Pg (3◦C GWL). The variability in the ocean

is likely due to the wider range of circulation behaviour in the scenarios. When compared to the multi-model mean in fig. 2,265

UKESM1 has a more significant relative ocean contribution and a smaller land contribution. This figure shows a decrease in

the percentage of carbon taken up by the land as a function of GWL and hence as a function of total emitted CO2. The higher

CO2 drives carbon uptake on land but this starts to saturate when growth is no longer CO2 limited.

Figure 4 also shows the time series of carbon allocation for UKESM1. The most crucial difference between the UKESM1

and the multi-model mean is that the UKESM1 has an above average climate sensitivity to CO2 so the GWL occur closer to270

the present day than in the multi-model mean. As was the case in the multi-model mean, the UKESM1’s ocean fraction is more

or less consistent throughout the SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios, the land fraction declines from 35.2% at the end

of the historical period to 22.0% in SSP2-4.5, 17.2% in SSP3-7.0 and 13.5% in SSP5-8.5 in the year 2100.

As for the multi-model ensemble, the UKESM1 reproduces the historical observations of Raupach et al. (2014) and Watson

et al. (2020) in the recent past. However, UKESM1 tends to have a higher AF than the multi-model mean at the year 2100. In275

addition to hitting the GWL sooner, UKESM1’s land and ocean components also absorb less total carbon than the multi-model

mean at any given time. This means that the estimate of the total emissions is lower for UKESM1 than in the multi-model

mean at the same point in time.
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Figure 5. Global total carbon allocation for each level of warming for the UKESM1 model.

Together, figs. 4 and 5 show that for this model, the differences between scenario have a noticeable effect on carbon allo-

cation. Fig. 4 shows a very strong sensitivity of the carbon allocation percentage in the land sink in terms of both scenario280

and GWL. The rate of decline in the land fraction is more negative in SSP5-8.5 than in SSP2-4.5. This might be because the

warming is greater in SSP5-8.5 such that soil respiration, ocean stratification effects are proportionally stronger in the higher

SSPs. Alternatively, with the more rapid increase in atmospheric CO2, the land sink is unable to keep on absorbing atmospheric

CO2 and becomes limited in terms of photosynthetic uptake by Nitrogen limitation.

4 Discussion285

The ensemble of CMIP6 models has a wide range of ECS values. The ECS primarily impacts how high the CO2 concentration

needs to be to reach a given GWL. A high ECS value means that GWL occur sooner and hence the concentration of CO2

available to be absorbed by the land surface or the ocean is lower. For high ECS models to have a moderate TCRE, i.e. a

moderate warming per unit of CO2, the uptake of emitted CO2 needs to be much more efficient than in low ECS models. A

combination of high ECS and low carbon uptake efficiency (a high AF) leads to a very high TCRE. This is the case for the290

UKESM1 (Arora et al., 2020).

The choice of scenario impacts the ratio of carbon allocation in land, ocean and atmosphere for a given GWL. This means

that even though two scenarios may reach the same warming level with similar atmospheric CO2 concentrations, the ocean and

the land surface absorb less carbon in the scenario with faster atmospheric CO2 growth. As the atmospheric CO2 concentration
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directly influences warming rates, this reduction in the capacity of land surface and ocean to absorb CO2 could lead to enhanced295

warming feedback in higher CO2 concentrations scenarios, even with the same total emissions.

The scenario SSP3-7.0 often appears to be an outlier in these figures. For instance, in figs. 2 and 5, it does not conform to

the pattern of the other scenarios. SSP3-7.0 is the scenario with the highest methane concentration and air pollution precursor

emissions, even higher than SSP5-8.5 (Meinshausen et al., 2020). Methane is a strong greenhouse gas and has a warming effect

(Meinshausen et al., 2017), but pollution precursor emissions are linked to aerosols and cloud formation, which generally300

have a cooling effect (Twomey, 1977). The balance of the warming methane emissions and the cooling aerosol precursors

determines the impact on GWL. Therefore, SSP3-7.0 can reaches the GWLs earlier than other scenarios at the same CO2

concentration, which is why the SSP3-7.0 has higher total carbon allocations than SSP5-8.5, notably in fig. 3. The impact of

different methane and aerosol precursor emissions on the climate response is still in its infancy in terms of realism in CMIP6.

The overall warming impact of methane is not considered in this work as is it secondary to CO2 warming, but it could be305

examined in future extensions.

The difference between the minimum and maximum atmospheric fraction in the UKESM1 2◦C GWL (43.1% in SSP1-1.9

and 46.7% SSP3-7.0, ) is 3.6%. This may seem small, but it is equivalent to 50 Pg of additional carbon in the atmosphere. In the

year 2020, 9.5±0.5 Pg of carbon was emitted globally (Friedlingstein et al., 2022), so this 3.6% difference alone is equivalent

to around five years of our entire current total global emissions. Moving to a lower CO2 concentrations scenario allows us to310

hit warming levels later, but also with less total carbon in the active carbon reservoirs.

The differences in carbon allocations seen here have consequences in the real world. Higher CO2 suppresses global precipi-

tation, as higher temperatures increase both global and regional precipitation changes (Tebaldi et al., 2021). As levels of CO2

concentrations atmosphere increase, land ecosystems globally become progressively less efficient at absorbing carbon Wang

et al. (2020). Higher CO2 is causes enhanced ocean acidification, which has been shown to decrease survival, calcification,315

growth, development and abundance over a broad range of marine organisms (Kroeker et al., 2013).

In the highest CO2 concentration scenarios, the land surface becomes saturated much sooner than the ocean. In these sce-

narios, the CO2 concentration rises beyond the land surface’s ability to maintain a constant absorption fraction. Meanwhile

the ocean continues to keep the same allocation percentage and only shows a small decline in the highest CO2 concentration

scenarios.320

The ocean fraction changes little in the high CO2 concentration scenarios in the coming century, going from 24% at the

end of the historical period to 27.1% in SSP2-4.5, 21.9% in SSP3-7.0, and 19.5% in SSP5-8.5 by the year 2100. A potential

mechanistic explanation for the oceans behaviour would be that while the surface ocean might be CO2 saturated, the rate

at which surface waters and dissolved CO2 is mixed downward will slow. This reduction is downward mixing reduces the

overall absorption rate of CO2 into the ocean. The increase in stratification is caused by warmer and more saline surface layers,325

combined with gradual decline in overturning rates and overall circulation (Thibodeau et al., 2018; Li et al., 2020; Caesar et al.,

2021; Sallée et al., 2021). Ocean acidification may also be playing a role reducing the chemical transition of dissolved CO2

and thus also slowing uptake Zeebe (2012). Combined together, these effects act to reduce the rate at which absorbed CO2 is
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removed from the surface layer. When the ocean fraction remains stationary, this means that the cumulative carbon absorbed

by the ocean grows at a constant rate, proportionally to the estimate of the total emissions.330

While the ocean fraction which is more or less consistent throughout the SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios, the

land fraction declines over the coming century, from 35.0% at the end of the historical period to 26.0% in SSP2-4.5, 23.1% in

SSP3-7.0 and 17.9% in SSP5-8.5 in the year 2100. The land fraction is forecast to decline over the coming century in the higher

CO2 concentration scenarios, although the total land carbon allocation increases. There are several possible explanations for

this slowdown of uptake. It might be that the soil respiration increases due to warming more than carbon uptake increase due to335

photosynthetic uptake (Nyberg and Hovenden, 2020) or that nitrogen limitation progressively limiting photosynthetic uptake

(Ågren et al., 2012). Alternatively, the changing climate may impact vegetation growth and photosynthetic uptake via droughts

and warming, which moves plants outside the most efficient temperatures for photosynthesis.

The UKESM1’s higher AF at the year 2100 is likely due to the model limiting carbon uptake more than the other models.

This could be Nitrogen limitation in the land surface or could be due to the models higher ECS and thus warmer temperatures340

at 2100 than the multi-model mean. The warmer temperatures impacts carbon uptake by having an increased soil respiration,

a decreased ocean solubility of CO2 and increased ocean stratification. All of which will decrease carbon uptake in UKESM1

relative to the multi-model mean. These processes may be correctly modelled in UKESM1 as a function of temperature and

climate but their impact would be over-represented simply because there is more warming in UKESM1 than the multi-model

mean due to the UKESM1s higher sensitivity.345

In this work, we used concentration driven scenarios instead of emission driven scenarios. Emission driven scenarios allow

significantly more flexibility in the behaviour of the atmospheric carbon, in effect adding a third degree of freedom into the

calculation. Although a limited set of UKESM1 emission driven runs exist, it was found that there are actually very few

differences in simulated temperature or atmospheric CO2 concentration between concentration driven and emission driven

scenarios (Lee et al., 2021, Sec. 4.3.1.1). In any case, several key datasets required in the calculation of the LUE in eq. 1 were350

not available in the emissions driven experiments at the time of writing.

While we made every effort to build a uniform ensemble, ScenarioMIP’s flexible contributions means that we have a non-

trivial diversity in data occupancy between scenarios. The SSP5-8.5 ensemble has the highest mean ECS, meaning that the

multi-model mean of this ensemble will likely be warmer than other scenarios multi-model mean’s at the same atmospheric

carbon concentration. While this is a small effect here, future versions of this study will likely need to take this into account.355

Similarly, we were fortunate that the mean ECS of our SSP1-1.9 ensemble falls in a similar range to the other scenarios. Our

conclusions may have been different if more models had provided SSP1-1.9 simulations. This is one of the key results of this

analysis: any result looking at the behaviour of the multi-model mean needs to be careful with handling the equilibrium climate

sensitivity bias of the ensemble. Two multi-model means of different scenarios may not always be directly comparable.
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5 Conclusions360

Using an ensemble of CMIP6 simulations, we have shown that the carbon allocation between Earth System components varies

significantly with the scenario pathway. Scenarios with higher carbon concentrations reach the global warming levels sooner,

and have proportionally less carbon allocated to the ocean and land surface at that time. The differences in estimated carbon

emissions between scenarios vary even at the same GWL, and can be equivalent to several years worth of global total emissions.

At two degrees C of warming, the atmospheric fraction ranges from 42% to 46%, the ocean fraction ranges from 24% to365

to 25.6%, and the land fraction ranges from 29.6% to 32.6%. At four degrees of warming, the atmospheric fraction ranges

from 54.0% to 55.3%, the ocean fraction ranges from 22.2% to to 23.3%, and the land fraction ranges from 22.5% to 22.6%.

Meanwhile, the historical observations have an atmospheric fraction of 56% (Raupach et al., 2014) an ocean fraction of 25%

and a land fraction of 19% (Watson et al., 2020). Scenarios with higher integrated emissions (e.g. SSP3-7.0 and SSP5-8.5)

typically reach GWLs sooner, with higher atmospheric CO2 concentrations, and greater fractions of emitted CO2 remaining370

in the atmosphere and driving climate warming. In the lower emission scenarios, the atmospheric fraction declines, the land

fraction remains constant and the ocean fraction rises. In contrast, lower integrated emissions scenarios (e.g. SSP1-1.9, SSP1-

2.6 and SSP2-4.5) can reach the same GWLs, but they do so more slowly, with greater fractions of emitted CO2 absorbed from

the atmosphere into ocean and land components, reducing and slowing overall climate warming.

A model’s sensitivity to CO2 concentration significantly affects the total carbon allocation between the atmosphere, ocean375

and land at all global warming levels. In contrast, the choice of scenario has a much larger impact on the percentage carbon

allocation at a given warming level than a model’s ECS.

Ultimately, across all model simulations, a significant rise in global mean surface temperature is projected over the 21st

century. This underscores the need for an accelerating transition to low carbon technologies to reduce the risk of the worst

effects of climate change.380
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