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Figure 1. Upper row: Time series of anomalous atmospheric carbon growth rate (left), air-land CO:2 flux (middle),
air-sea COg2 flux (right) from multi-model assimilation runs together with NOAA-GML observation and GCB
assessments. Lower row: Predictive skill as anomaly correlation coefficients relative to the GCB data. The

anomalies are calculated relative to the respective climatology for the period from 1985-

Figure 2. Left and middle columns: Time series of (A) fossil fuel and industry CO2 emissions, (B) emissions
from land-use change, (C) the budget imbalance that is not accounted for by the other terms, (D) atmospheric
carbon growth rate, (E) the natural terrestrial carbon fluxes, and (F) air-sea CO:2 fluxes from MPI-ESM1.2-LR
assimilation in comparison with Global Carbon Budget (GCB 2021, Friedlingstein et al., 2022). Emissions (A &
B) are positive when they are fluxes into the atmosphere, while sinks (D, E & F) are positive as fluxes into the
respective compartment. A positive BIM means a higher sum of emissions than sinks. The thin grey curves in
B, E, and F show individual GCB stand-alone model results. The numbers in the legend show the correlation
coefficients between assimilation and GCB2019. Right column:Predictive skill of atmospheric carbon growth
rate (top), air-sea COz2 fluxes (middle), and net air-land CO: fluxes (bottom) reference to GCB 2019. The filled
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red circles on top of the open red circles show that the predictive skill is significant at 95% confidence level and
the additional larger blue circles indicate improved significant predictive skill due to initialization in comparison
to the uninitialized simulations. We use a nonparametric bootstrap approach (Goddard et al., 2013) to assess
the significance of predictive skill. The results are based on annual mean data for the time period from 1970-
2018. (Figures are from Li €t al. 2022)......uuuuuiiieieieieiee et 7

About 4C

Climate-Carbon Interactions in the Coming Century (4C) is an EU-funded H2020 project that addresses the
crucial knowledge gap in the climate sensitivity to carbon dioxide emissions, by reducing the uncertainty in our
guantitative understanding of carbon-climate interactions and feedbacks. This will be achieved through
innovative integration of models and observations, providing new constraints on modelled carbon-climate
interactions and climate projections, and supporting Intergovernmental Panel on Climate Change (IPCC)

assessments and policy objectives.
Executive Summary

For the first time ever, we have performed retrospective predictions of atmospheric CO2 growth rate using three
European Earth System Models driven by emissions of CO: rather than by prescribed atmospheric CO2
concentrations. A multi-model inter-comparison that includes also two external models is showing a consistent
picture with atmospheric CO2 growth rate predictable up to 2-3 years in advance. In agreement with previous
work done within 4C, the land CO: flux is the main limiter to atmospheric CO:2 prediction, while air-sea fluxes
are predictable for longer (up to 5-6 years in advance). Moreover, we have used one of these predictive systems
to reconstruct the global carbon budget while taking advantage of the assimilation of physical variables routinely
done to produce initial conditions for retrospective predictions. This procedure allows to better represent climate
variability while, at the same time, representing the carbon sinks in an internally consistent system and therefore

provides an additional line of evidence for the ongoing assessments of the anthropogenic GCB.
Keywords

CO:2 emission-driven simulations, reconstruction, carbon cycle predictions

1 Introduction of E-driven prediction systems

In this deliverable, we present results from the three 4C ESM-based emission-driven prediction systems EC-
Earth3-CC, IPSL-CM6A-LR and MPI-ESM-LR. With respect to D2.3, where the ESMs were driven by prescribed
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atmospheric CO2 concentrations, here the retrospective predictions are driven by emissions of CO2, allowing

for the representation of interactive atmospheric COz and its prediction, besides the predictions of the land and

ocean carbon sinks. The characteristics of these systems were described in detail in D2.5 while here we report

only the main components of each model, along with the references to the relevant literature (Table 1).

Table 1. Summary of CO, emission-driven prediction systems based on 4C Earth system models
(ESMs), i.e., EC-Earth3-CC, IPSL-CM6A-LR, MPI-ESM-LR.
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2 Multi-model assessment of E-driven
retrospective predictions of atmospheric CO2
concentration.

MPI is leading a multi-model inter-comparison of the emission-driven retrospective predictions performed by
three 4C ESMs and two external models. The details of the ensemble sizes for each model are given in Table
2. In Figure 1, we show the time series of anomalous atmospheric carbon growth rate together with fluxes from
land and ocean. In the lower panels the predictive skill is calculated as anomaly correlation coefficients relative
to global carbon budget data. All models show skill for atmospheric CO2 growth rate between 2-3 years. As a
confirmation, from perfect model studies (D2.1) and concentration-driven retrospective predictions (D2.3), air-

land CO: fluxes are the main limiter to atmospheric CO2 growth rate predictability.

Table 2. Ensemble size for each model for uninitialized, assimilation and initialized simulations.
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Figure 1. Upper row: Time series of anomalous atmospheric carbon growth rate (left), air-land
CO2 flux (middle), air-sea CO> flux (right) from multi-model assimilation runs together with
NOAA-GML observation and GCB assessments. Lower row: Predictive skill as anomaly
correlation coefficients relative to the GCB data. The anomalies are calculated relative to the

respective climatology for the period from 1985-2014.

3 Assessment of the global carbon budget with an
E-driven predictive system

By assimilating physical atmospheric and oceanic data products into the Max Planck Institute Earth system
model (MPI-ESM1.2-LR), we can well reproduce the annual mean historical global carbon budget (GCB)
variations in the last decades (Fig. 2 left and middle columns). The correlations of atmospheric CO2 growth, air-
land CO: fluxes and air-sea CO:2 fluxes in assimilation relative to the assessments from the Global Carbon
Project are 0.75, 0.75 and 0.97, respectively. Such a fully coupled decadal prediction system, with an interactive
carbon cycle enables representation of the GCB within a closed Earth system, and therefore provides an
additional line of evidence for the ongoing assessments of the anthropogenic GCB. Retrospective predictions
initialized from the assimilation simulation show high confidence in predicting the following year's GCB. The
predictive skill is up to 5 years for the air-sea CO:z fluxes, and 2 years for the air-land CO:2 fluxes and atmospheric

carbon growth rate (Fig. 2 right column). This paper is under review by Earth System Dynamics.
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Figure 2. Left and middle columns: Time series of (A) fossil fuel and industry CO, emissions,
(B) emissions from land-use change, (C) the budget imbalance that is not accounted for by
the other terms, (D) atmospheric carbon growth rate, (E) the natural terrestrial carbon fluxes,
and (F) air-sea CO; fluxes from MPI-ESM1.2-LR assimilation in comparison with Global Carbon
Budget (GCB 2021, Friedlingstein et al., 2022). Emissions (A & B) are positive when they are
fluxes into the atmosphere, while sinks (D, E & F) are positive as fluxes into the respective
compartment. A positive BIM means a higher sum of emissions than sinks. The thin grey
curves in B, E, and F show individual GCB stand-alone model results. The numbers in the
legend show the correlation coefficients between assimilation and GCB2021. Right
column:Predictive skill of atmospheric carbon growth rate (top), air-sea CO» fluxes (middle),
and net air-land CO; fluxes (bottom) reference to GCB 2021. The filled red circles on top of
the open red circles show that the predictive skill is significant at 95% confidence level and
the additional larger blue circles indicate improved significant predictive skill due to
initialization in comparison to the uninitialized simulations. We use a nonparametric bootstrap

approach (Goddard et al., 2013) to assess the significance of predictive skill. The results are
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based on annual mean data for the time period from 1970-2018. (Figures are from Li et al.
2022).

4 Conclusions

For the first time ever, we have performed emission-driven retrospective predictions with three 4C ESM-based
predictive systems. These predictions allowed us to evaluate the skill of these systems in predicting atmospheric
CO2 growth rate as well as land and ocean carbon sinks. An inter-model comparison, including 2 external
models shows a rather consistent picture across models, with these showing some skill in predicting
atmospheric CO2 growth rate up to 2-3 years in advance. In agreement with previous work done in 4C, land
fluxes appear to be the main limiting factor to atmospheric CO:2 predictability. Moreover, we have used one of
these systems to reconstruct the global carbon budget, taking advantage of an internally consistent
representation of the three carbon sinks in the model and of the data assimilation performed to produce initial

conditions for the retrospective predictions.
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