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1. Introduction
The carbon cycle plays a major role in how climate evolves in the future. Carbon dioxide (CO2) emissions from 
fossil fuel burning and from land use change increase the amount of CO2 in the atmosphere, which is the main 
driver of the observed anthropogenic warming since preindustrial times due to its radiative effect as a green-
house gas (Masson-Delmotte et al., 2022). Changes in temperature and in atmospheric CO2 concentration lead to 
changes in the carbon cycle, thus forming important Earth system feedbacks (Friedlingstein et al., 2006). First, 
the carbon-concentration feedback constitutes a negative feedback since enhanced levels of atmospheric CO2 
concentration increase plant photosynthesis. As a result, more carbon is removed from the atmosphere and stored 
in vegetation and soils. However, this land carbon sink is reduced by the second feedback of the carbon cycle. 
The carbon-climate feedback constitutes a positive feedback, since increasing temperatures reduce plant produc-
tivity in most regions and increase soil organic matter decomposition, thus reducing the terrestrial carbon sink. 
As a result of this positive feedback, more carbon stays in the atmosphere which leads to further warming (Cox 
et al., 2000; Friedlingstein et al., 2001, 2006). Mathematically, the response of the Earth's carbon cycle can be 

Abstract Emergent constraints on carbon cycle feedbacks in response to warming and increasing 
atmospheric CO2 concentration have previously been identified in Earth system models participating in the 
Coupled Model Intercomparison Project (CMIP) Phase 5. Here, we examine whether two of these emergent 
constraints also hold for CMIP6. The spread of the sensitivity of tropical land carbon uptake to tropical 
warming in an idealized simulation with a 1% per year increase of atmospheric CO2 shows only a slight 
decrease in CMIP6 (−52 ± 35 GtC/K) compared to CMIP5 (−49 ± 40 GtC/K). For both model generations, the 
observed interannual variability in the growth rate of atmospheric CO2 yields a consistent emergent constraint 
on the sensitivity of tropical land carbon uptake with a constrained range of −37 ± 14 GtC/K for the combined 
ensemble (i.e., a reduction of ∼30% in the best estimate and 60% in the uncertainty range relative to the 
multimodel mean of the combined ensemble). A further emergent constraint is based on a relationship between 
CO2 fertilization and the historical increase in the CO2 seasonal cycle amplitude in high latitudes. However, this 
emergent constraint is not evident in CMIP6. This is in part because the historical increase in the amplitude of 
the CO2 seasonal cycle is more accurately simulated in CMIP6, such that the models are all now close to the 
observational constraint.

Plain Language Summary The statistical model of so-called emergent constraints help to better 
understand the sensitivity of Earth system processes in a changing climate. Here, we analyze the robustness 
of two previously found emergent constraints on carbon cycle feedbacks, using models from the Coupled 
Model Intercomparison Project (CMIP) of Phases 5 and 6. First the decrease of carbon storage in the tropics 
due to increasing near-surface air temperatures, which is found to be robust on the choise of model ensemble. 
Giving a constraint estimate of −52 ± 35 GtC/K for CMIP6 models, being within the range of uncertainty for 
the previously estimated result for CMIP5. Second, the increase of carbon storage in high latitudes due to CO2 
fertilization effect, which is found to be not evident among CMIP6 models. This is in part because the historical 
increase in the amplitude of the CO2 seasonal cycle is more accurately simulated in CMIP6, such that the 
models are all now close to the observational constraint.
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characterized in terms of the carbon-climate feedback parameter γ and the carbon-concentration feedback param-
eter β, which quantify the change in terrestrial carbon reservoirs in response to climate warming and increases in 
atmospheric CO2 concentration, respectively (Friedlingstein et al., 2003; Gillett et al., 2013).

Earth system models (ESMs) with interactive carbon cycle are able to simulate these feedbacks (Jones 
et  al.,  2016). However, ESMs participating in the Coupled Model Intercomparison Project Phase 5 (CMIP5; 
Taylor et al., 2012) simulate a wide spread in global land carbon storage (Arora et al., 2013a, 2013b). Further-
more, Arora et al. (2013a, 2013b) diagnosed a large spread in global carbon cycle-climate (−21.3 to −88.6 GtC/K) 
and carbon cycle-concentration (0.22–1.46 GtC ppm −1) feedback parameters in these same models. In the more 
recent CMIP Phase 6 (CMIP6; Eyring et al., 2016a), the size of the terrestrial carbon sink remains one of the key 
unknowns in ESMs with interactive carbon cycle (Arora et al., 2020). Reducing uncertainties in carbon cycle 
feedbacks therefore remains a priority in climate modeling.

Emergent constraints are a promising method to constrain uncertainties in Earth system feedbacks with 
present-day observations (Eyring et  al.,  2019). This method is based on relationships across an ensemble of 
models between some aspect of an unobservable Earth system sensitivity and an observable trend or variation in 
the current climate.

An observationally based constraint on the carbon-climate feedbacks was first published by Cox et al. (2013). 
They found that the global mean growth rate of atmospheric CO2 concentration is strongly correlated with the 
tropical near-surface air temperature on interannual time scales, mainly caused by the El Nino Southern Oscilla-
tion (ENSO) variability originating from the Tropical Pacific Ocean. This correlation describes the same effect 
of temperature on terrestrial carbon storage in the tropics on a short and observable time horizon as on the long 
centennial time scale as diagnosed in the land carbon-climate feedback. Cox et al.  (2013) found the feedback 
parameter to be about −53 ± 17 GtC/K. This emergent constraint was confirmed by Wenzel et al. (2014) (here-
after W14), who used an ensemble of eight CMIP5 models. Using a slightly different method to diagnose the 
observed interannual variability (IAV) of CO2 to tropical near-surface air temperatures (γIAV = −4.9 ± 0.9 GtC/
yr/K) they could constrain the carbon cycle-climate feedback parameter to −44 ± 14 GtC/K.

An emergent constraint on the carbon-concentration feedback in the CMIP5 ensemble was published by Wenzel 
et al. (2016) (hereafter W16). The authors assumed that an atmospheric CO2-driven increase in GPP, as simulated 
in future scenarios, would be accompanied by an increase in the observed seasonal amplitude of the atmospheric 
CO2. They indeed found the fractional change of Gross Primary Productivity (GPP) for a doubling of atmos-
pheric CO2 to be well-correlated with the increase in the atmospheric CO2 amplitude measured at midlatitude 
and high latitude. Observational data were therefore able to narrow the estimates for the relative GPP increase 
under a doubling of atmospheric CO2 concentrations, to 37 ± 9% for high-latitude ecosystems, and 32 ± 9% for 
extratropical ecosystems.

However, the absolute values of the feedback parameters are known to be sensitive to the chosen model ensemble, 
the simulation scenario, and the mathematical framework (Boer & Arora, 2009; Gregory et al., 2009; Hajima 
et al., 2014; Zickfeld et al., 2011), hence also affecting the emergent relationship. Therefore, it is crucial to inves-
tigate previously derived emergent relationships out-of-sample on new model ensembles, such as CMIP6.

In this study, we examine whether the previously published emergent constraints on these two carbon cycle 
feedbacks, originally reported for the CMIP5 ensemble, still hold for the CMIP6 ensemble. We adopt identi-
cal methods to diagnose the present-day diagnostics and the carbon cycle feedbacks, as described in Section 2. 
The updated emergent constraints on carbon cycle feedbacks are then presented and discussed in Section 3 and 
summarized in Section 4.

2. Data and Methods
2.1. Models and Model Simulations

In order to test the emergent constraints out-of-sample with a new ensemble that was not included in the orig-
inal studies (W14, W16), we use ESMs with an interactive carbon cycle that participate in CMIP6 (Eyring 
et al., 2016b), which are in particular models from the Coupled Climate-Carbon Cycle Model Intercomparison 
Project (C4MIP; Jones et al., 2016). The consistent CMIP experimental design additionally allows us to combine 
the previous CMIP5 models with the CMIP6 models to form a larger ensemble of models. This helps to test the 
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robustness of the existing emergent constraints and to increase the statistical significance that was rather limited 
in the original studies due to the small number of available ESMs. It is important to note that CMIP6 and CMIP5 
models are not entirely independent from another. The latest generation of models are developed based on previ-
ous versions, which have (at least partly) participated in CMIP5. However, the verification of both previously 
derived emergent relationships from the CMIP5 models with the new generation of ESMs provides still useful 
evidence to confirm the existence of the emergent constraints.

In order to directly compare to W14 and W16, we use the same methods, but an extended historical time period 
up to 2014 for the larger ensemble of models in order to quantify both carbon cycle feedback parameters. In this 
study, we use model output from seven CMIP5 models and nine CMIP6 models (see Table 1). Not all models 
are participating in both analysis sections, due to data availability, which is explicitly indicated in Table 1. Each 
model performed three different simulation experiments which are listed in Table 2. We downloaded all models 
from the Earth System Grid Federation (ESGF) archive, which provided all necessary data (see Table S1 in 
Supporting Information S1) to diagnose the required quantities.

Ensemble ESM Land modules Ocean modules Nitrogen cycle
EC on 

γ/ß Main reference

CMIP5 CanESM2 CLASS2.7 and CTEM1 CMOC No γ + β Arora et al. (2011)

CESM1-BGC CLM4 BEC Yes γ + β Gent et al. (2011) and Lindsay et al. (2014)

GFDL-ESM2M LM3 MOM4 No γ + β Dunne et al. (2012)

HadGEM-ES JULES and TRIFFID Diat-HadOCC No γ Clark et al. (2011) and Cox (2001)

IPSL-CM5A-R ORCHIDEE PISCES No γ Krinner et al. (2005)

MIROC-ESM MATSIRO and SEIB-DGVM COCO No β Watanabe et al. (2011)

MPI-ESM-LR JSBACH HAMOCC5 No β Giorgetta et al. (2013)

NorESM1-ME CLM4 HAMOCC5 Yes γ + β Tjiputra et al. (2013)

CMIP6 ACCESS-ESM1-5 CABLE2.4 with CASA-CNP/ WOMBAT Yes (p-cycle) γ + β Law et al. (2017) and Ziehn et al. (2017)

CanESM5 CLASS-CTEM CMOC No γ + β Swart et al. (2019)

CESM2 CLM5 MARBL Yes γ —

CNRM-ESM2-1 ISBA-CTRIP PISCESv2-gas No γ + β Decharme et al. (2019)

GFDL-ESM4 LM4p1 COBALTv2 No γ + β Dunne et al. (2019)

MPI-ESM1-2-LR JSBACH3.2 MPIOM1.6 + HAMOCC6 Yes β Mauritsen et al. (2019)

MRI-ESM2-0 HAL MRI.COMv4 No β Yukimoto et al. (2019)

NorESM2-LM CLM5 HAMOCC5.1 Yes γ + β Seland et al. (2020)

UKESM1-0-LL JULES-ES1.0 NEMO + MEDUSA-2 Yes γ + β Sellar et al. (2019)

Table 1 
Overview of CMIP5 and CMIP6 Models Included in This Study

Experiment Coupling of carbon cycle Available period Forcing

CMIP5 esmHistorical Fully coupled 1850–2005 Greenhouse gases, anthropogenic and volcanic climate 
forcing, land use change, solar forcing, and aerosolsExtended by esmrcp85 2006–2099

1pctCO2 Fully coupled 0–140 1%/yr CO2 increase

esmFixClim1 Uncoupled 0–140 1%/yr CO2 increase

CMIP6 esm-hist Fully coupled 1850–2014 Greenhouse gases, anthropogenic and volcanic climate 
forcing, land use change, solar forcing, and aerosols

1pctCO2 Fully coupled 0–140 1%/yr CO2 increase

1pctCO2-bgc Uncoupled 0–140 1%/yr CO2 increase

Table 2 
Overview of the Model Simulation Experiments Used in This Study for CMIP5 and CMIP6
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In the CMIP5 ensemble only two models (CESM1 and NorESM2-LM) included an interactive nitrogen cycle, 
but in the CMIP6 ensemble six models include this feature (see Table 1). One model, ACCESS-ESM1-5, addi-
tionally includes a phosphorus cycle. Models with interactive nutrient cycles are expected to have weaker CO2 
fertilization as they explicitly account for nutrient limitations on plant photosynthesis under higher CO2 concen-
tration (Thornton et al., 2007; Zaehle et al., 2010). However, models including an interactive nitrogen cycle are 
also expected to show a less negative impact of warming on land carbon storage, as warming of the soil increases 
nitrogen availability, as well as accelerating the decomposition of organic matter.

We use emission-driven historical simulations (esm-hist; Eyring et  al.,  2016a) for the period of 1860–2014, 
where atmospheric greenhouse gas concentrations are simulated rather than prescribed. For the CMIP5 models, 
we extend the esmHistorical simulation (Taylor et  al., 2012) that ends in 2005 with the first 10 years of the 
esmrcp85 future projections (see Table 2). The choice of climate scenario is not significant for such a short 
extension period. Additionally, for diagnosing the carbon cycle feedbacks, we use idealized simulations, where 
the increase of CO2 concentration in the atmosphere is prescribed by 1% per year until quadrupling (1pctCO2; 
Eyring et al., 2016a). To analyze the relative importance of CO2 fertilization and climate change on future carbon 
uptake, we compare the historical simulation with a biogeochemically coupled simulation which excludes climate 
change effects on the carbon cycle and has a prescribed atmospheric CO2 increase of 1% per year until 4 × CO2 
(1%BGC; Jones et al., 2016), starting from a preindustrial value for 1850 of ∼285 ppmv.

2.2. Observations

For the sensitivity of global land carbon fluxes to tropical temperatures, which is used to constrain the 
carbon-climate feedback, we use the latest data from the Global Carbon Project (GCP; Friedlingstein et al., 2020). 
GCP provides a CO2 budget including a report on the fossil fuel and the land use change emission data, the 
observed atmospheric CO2 growth rate, an estimate of the ocean carbon uptake from nine ocean biogeochemical 
models constrained by observed oceanic uptake data, and an estimate of land carbon uptake from 17 Dynamical 
Global Vegetation Models (DGVM), constrained by observed carbon flux data. For our study, we used the resid-
ual of atmospheric carbon and ocean carbon sink for the land carbon sink, to avoid any circularity with using a 
DGVM-derived flux to evaluate the ESMs. The GCP data set covers the period from 1959 to the present, and is 
updated each year. The most recent changes are listed in the annually updated publications of the GCP project 
(e.g., Friedlingstein et al., 2020).

The IAV in the tropical near-surface temperature (30°S–30°N) is calculated using annual mean temperatures from 
the NOAA-National Climate Data Center (NCDC, http://www.esrl.noaa.gov/psd/data/gridded/data.noaamerged-
temp.html). This data set covers the period from 1880 to present at a monthly resolution.

The observed range in the sensitivity of the CO2 seasonal cycle amplitude to rising atmospheric CO2 levels is 
diagnosed from in situ measurements at Pt. Barrow in Alaska. This data is provided by the National Oceanic 
and Atmospheric Administration (NOAA)/Earth System Research Laboratory (ESRL, http://www.esrl.noaa.gov/
gmd/ccgg/trends) and covers a period from 1979 to present. The measuring site is a high-latitude station much 
less affected by midlatitude agriculture.

2.3. Emergent Constraints on Carbon Cycle Feedbacks

The carbon cycle feedback parameters are generally estimated following Friedlingstein et al. (2006), with addi-
tional assumptions made by W14 and W16 for the CMIP5 models and errors given as standard deviations. Here, 
we adopt these methods, which are summarized below.

The carbon cycle-climate feedback parameter γLT is derived from the difference between the land carbon stor-
age of the coupled (1%COU) and uncoupled (1%BGC) simulations, and the temperature change in the coupled 
simulation, following W14. The subscript “LT” denotes the long-term response of the carbon cycle to climate 
change. Similar to W14, the changes in these variables are computed for the tropical land (30°N–30°S) as the 
absolute change between year 30 and year 110 after the start of the simulation. γLT is constrained by γIAV, which 
is the sensitivity of the Net Biome Productivity (NBP) to interannual changes in tropical near-surface tempera-
ture. In contrast to W14, we use NBP only to diagnose γIAV, rather than a combination of land and ocean carbon 
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fluxes. The short-term response of the carbon cycle to changes in near-surface temperature, γIAV, is derived from 
emission-driven historical simulations.

Similar to W16, the carbon cycle-CO2 feedback is diagnosed from the fractional change over time of the GPP 
between 1860 and 1930 from the uncoupled (1%BGC) simulations only. For each model, the CO2 fertilization 
factor is diagnosed individually for the northern Hemisphere high latitudes (60°N–90°N) for a doubling of atmos-
pheric CO2 concentration from its preindustrial value of 285 ppmv. Not all models provide output from year zero; 
therefore, the fractional change was calculated from 5-year means centered on year 10 and year 70. To account 
for the missing first 10% of the CO2 increase the fraction was divided by a factor of 0.9. W16 found that the 
fractional change of GPP can be constrained by the sensitivity of the CO2 seasonal cycle amplitude to increasing 
atmospheric CO2 concentrations. For this, first the amplitude of the seasonal cycle is derived as the difference 
between the maximum and minimum monthly mean atmospheric CO2 concentrations for each year. Second, we 
diagnose the slope of the linear regression of amplitude versus CO2 concentration for those, over the full length 
of the records available from the observations and the historical model simulations (1860–2014) for the CMIP5 
and CMIP6 models, in order to estimate the effect of increasing atmospheric CO2 concentrations on the seasonal 
CO2 cycle.

For both carbon cycle feedbacks, we use emergent constraints to derive observational constraints on the corre-
sponding feedback parameters. Emergent constraints use an intermodel relationship (the so-called “emergent 
relationship”) between a target quantity (here: carbon cycle feedback parameters) and an observable diagnostic 
from the past or present-day climate to derive a constraint for the target variable. To avoid spurious correlations, 
it is important that these relationships are based on robust physical mechanisms (e.g., Caldwell et al., 2014). 
Ultimately, emergent constraints provide a probabilistic estimate of the target variable in the form of a probability 
density function (PDF) based on the emergent relationships and observations of the Earth system. Details on 
the exact derivation of this PDF can be found in various other studies (e.g., Chai et al., 2021; Cox et al., 2018; 
Schlund et al., 2020).

2.4. ESMValTool

In order to ensure that the emergent constraints can be repeated on new model simulations, we implemented all 
routines into the new version of the Earth System Model Evaluation Tool (ESMValTool) version 2.3 (Eyring 
et  al.,  2020; Lauer et  al.,  2020; Righi et  al.,  2020; Weigel et  al.,  2021). The ESMValTool is an open-source 
community diagnostics and performance metrics tool for the evaluation of ESMs (https://www.esmvaltool.org/) 
that also ensures provenance. A specific ESMValTool recipe was written that can be used to reproduce the figures 
of this paper.

3. Results
As shown in Figure 1, the change in tropical land carbon storage shows a wide spread among the ensembles of 
CMIP5 and CMIP6 models. The spread in the full (CMIP5 and CMIP6) ensemble of models is of the order of 
1,200 GtC for the coupled runs (1%COU, Figures 1a and 1b), with a minimum of 50 GtC (ACCESS-ESM1-5) 
to a maximum of 1,250 GtC (CanESM5); and 1,250 GtC for the uncoupled runs (1%BGC, Figures 1c and 1d), 
from 200 GtC (ACCESS-ESM1-5) to 1,450 GtC (CanESM5)). It is interesting to note that the boundaries of the 
spread are dominated by CMIP6 models, where especially CanESM5 increases the spread by simulating a high 
NBP increase in the coupled and uncoupled simulations (Davies-Barnard et al., 2020), respectively. Therefore, 
Figure 1 underlines the need of further constraining carbon cycle feedbacks with observations in particular since 
in the new set of CMIP6 models the spread in the future projections of land carbon sink even increases compared 
to CMIP5.

3.1. Emergent Constraint on the Carbon-Climate Feedback

From the quantities shown in Figure 1, the climate-carbon cycle sensitivity γLT can be quantified in terms of 
carbon loss per unit temperature increase from the difference of coupled and uncoupled simulations. γLT values 
for each model are shown in Figure 2 and listed in Table 3. As found by previous studies (Arora & Boer, 2013; 
Arora et al., 2020; Cox et al., 2000; Friedlingstein, 2001; Friedlingstein et al., 2006; Sabrina Wenzel et al., 2014), 
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γLT is negative for all models. However, there is a wide range of results in γLT (Figure  2a), from −7  GtC/K 
in CESM1-BGC to −135  GtC/K in GFDL-ESM2M (see Table  3). Interestingly, the maximum range is still 
given by the same models from the CMIP5 ensemble as shown by W14, even though the CMIP6 models show 
a larger spread of changes in tropical land carbon storage. The CMIP6 ensemble estimates of γLT only range 
between −27 ± 4 GtC/K (CESM2) and −94 ± 6 GtC/K (GFDL-ESM4). Hence, the intermodel spread in the 
carbon-climate feedback parameter has been reduced from CMIP5 to CMIP6 models.

W14 found that models from the CMIP5 model ensemble including an interactive nitrogen cycle show less nega-
tive γLT values. This finding is also true for the CMIP6 models that include a nitrogen cycle and for one model 
(ACCESS-ESM1-5) that additionally includes a phosphorus cycle. Among these models, the lowest values are 
simulated by the UKESM1-0-LL model with −48 ± 4 GtC/K.

For consistency with the CO2 observational data, γIAV is calculated for the period 1960–2014 from the histor-
ical simulations shown in Figure 2b. γIAV varies in the CMIP5 and CMIP6 model ensemble from close to zero 

Figure 1. Tropical (30°N–30°S) quantities to quantify γLT from CMIP5 (left panels) and CMIP6 (right panels) models. Cumulated NBP from (a, b) coupled and (c, d) 
uncoupled simulations. (e, f) Averaged near-surface air temperature anomalies from coupled simulation.
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(nonsignificant) for CESM1-BGC to −17 GtC/yr/K for GFDL-ESM2M, 
with a multimodel average of −5.5 ± 1.9 GtC/yr/K (Figure 2b).

From the GCP land carbon fluxes versus the IAV of tropical (30°S–30°N) 
temperature from NCDC data, we derive an observed value for γIAV of 
−4.06 ± 0.67 GtC/yr/K. This is similar to W14 and well within the range of 
previous studies (Cox et al., 2013).

Comparing the values for γLT and γIAV (Figure 2), it is evident that the models 
that show a high (low) carbon cycle-climate feedback parameter γLT, also 
show a high (low) short-term sensitivity of land and ocean carbon fluxes to 
tropical warming γIAV, as found in W14 for CMIP5 models. Correlating both 
values and accounting for the observed γIAV reveals the emergent constraint 
shown in Figure 3. As previously found by Cox et  al.  (2013) and W14, it 
shows a clear linear relationship for the individual CMIP ensembles (CMIP5: 
R 2 = 0.97, CMIP6: R 2 = 0.84) as well as for the combined CMIP5 and CMIP6 
ensembles (R 2 = 0.86).

Including the CMIP6 models within the ensemble of models reduces the 
sharpness of the unconstrained model PDF. This is especially because 
the CMIP6 ensemble tends to generally estimate lower values for γLT than 
the  CMIP5 models have (Table  3). Additionally, they also have a weaker 
linear relation between the short and long-term response of the carbon cycle 
to climate warming than the CMIP5 ensemble.

Generally, CMIP6 models cluster more around the observational range, in 
itself slightly narrowing the range of γLT to −52 ± 35 GtC/K (Figure 3b) in 
the CMIP6 ensemble compared to −49 ± 40 GtC/K for the CMIP5 ensemble 
alone (W14). We can also confirm the findings of W14 that models including 
interactive nutrient cycles still fit on this linear relationship. This underlines 

Figure 2. Sensitivities for the individual CMIP5 (blue) and CMIP6 (green) 
models showing (a) the long-term sensitivity of tropical (30°N–30°S) NBP 
due to rising near-surface tropical temperature using 1% CO2 BGC simulations 
(1880–1960) and (b) the short-term sensitivity of Net Biome Productivity 
(NBP) due to interannual changes in the near-surface temperatures using 
esm-hist simulations (1960–2014) and observations (black). Hashed bars 
indicate models including a N-cycle.

Ensemble Model γLT (GtC/K) γIAV (GtC/yr/K)

CMIP5 CanESM2 −74.21 ± 7.2 −9.87 ± 0.86

CESM1-BGC −7.27 ± 7.0 −1.37 ± 1.16

GFDL-ESM2M −134.95 ± 9.3 −16.96 ± 2.06

HadGEM-ES −64.60 ± 6.4 −7.77 ± 0.72

IPSL-CM5A-R −36.61 ± 4.7 −6.72 ± 1.14

NorESM1-ME −7.47 ± 4.3 −3.34 ± 1.14

CMIP6 ACCESS-ESM1-5 −30.01 ± 5.7 −3.23 ± 0.57

CanESM5 −56.38 ± 4.4 −7.10 ± 0.94

CESM2 −26.86 ± 3.6 −2.89 ± 0.39

CNRM-ESM2-1 −72.87 ± 5.7 −6.07 ± 0.99

GFDL-ESM4 −93.55 ± 6.1 −8.22 ± 0.87

NorESM2-LM −35.44 ± 3.0 −2.64 ± 0.39

UKESM1-0-LL −47.93 ± 3.6 −5.13 ± 0.62

OBS – −4.30 ± 0.67

CMIP5 model mean −54 ± 40 −7.67 ± 1.17

CMIP6 model mean −51 ± 35 −5.04 ± 0.68

CMIP5 + CMIP6 model mean −52 ± 39 −6.25 ± 0.91

Table 3 
Summary of the Derived Sensitivities γLT and γIAV for Each Model, the Observations Used to Constrain the Carbon-Climate 
Feedback (See W14), and for the Multimodel Means of CMIP5 and CMIP6 and Combined
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that the inclusion of a nitrogen cycle as well as a phosphorus cycle does not seem to change the relationship 
between the short and the long-term responses of tropical land carbon to climate.

By constraining the individual CMIP ensembles and the whole model ensemble with the observed γIAV, condi-
tional PDFs can be calculated (Cox et al., 2013). The PDF for the combined CMIP ensemble reveals a constraint 
value for γLT of −37  ±  14  GtC/K which is well within the uncertainty range of W14's diagnosed value of 
−44 ± 14 GtC/K. The PDF for the observationally constrained value of γLT shows a sharper peak than the PDF 
derived from the raw model ensembles, implying that this emergent constraint has successfully reduced the 
uncertainty in γLT.

3.2. Emergent Constraint on the Carbon-Concentration Feedback

The fertilization effect of increasing CO2 concentrations on plant photosynthesis has been quantified by W16 
as the fractional change in GPP due to doubling of the atmospheric CO2 concentrations. This study repeats that 
analysis but focuses on the high-latitude site (Pt. Barrow, Alaska) only. Therefore, Figures 4a and 4b show the 
high-latitude (60°–90°N) annual mean GPP versus the annual global mean atmospheric CO2 concentrations for 
the 1%BGC runs of the CMIP5 and CMIP6 models. All models show a positive response of GPP to increasing 
atmospheric CO2 concentrations (Table 4 and Figure 5a), with the smallest response given by CanESM5 with 
about 8% increase and the largest increase given by CNRM-ESM2-1 with about 65%.

For CMIP5, W16 found that the magnitude of the high-latitude CO2 fertilization effect is well-correlated with 
the rate at which the amplitude of the CO2 seasonal cycle increases with annual mean CO2 at Pt. Barrow from 
1860 to 2014. Following W16, Figures 4c and 4d show the CO2 seasonal amplitude versus the annual mean 
atmospheric CO2 concentrations at Pt. Barrow for the historical simulations of the CMIP5 and CMIP6 models. In 
these figures, the sensitivity of the CO2 seasonal cycle amplitude to CO2 can be diagnosed by the slope of a linear 
regression between the two variables. These slopes are plotted in Figure 5b, which shows a positive linear trend 
for all CMIP5 and CMIP6 models over the period 1860–2014 (ranging from 0.015 to 0.074 ppmv/ppmv) and for 
observations from the ESRL over the period 1960–2014 (0.055 ± 0.007 ppmv/ppmv). The CMIP5 models show 
a higher variation in the sensitivity of the CO2 amplitude to atmospheric CO2 increase from 0.015 to 0.074 ppmv/
ppmv and tend to underestimate the observed value. On the contrary, the CMIP6 models only span a range of 
0.041–0.073 ppmv/ppmv, which is more consistent with the observed range measured by ESRL.

As already shown by W16, for the CMIP5 models, the high-latitude (60°–90°N) GPP response to increasing CO2 
in the 1%BGC run (y-axis) is well-correlated with the change in the CO2 seasonal cycle amplitude at Pt. Barrow 

Figure 3. Emergent constraint on the carbon cycle-climate feedback. (a) Long-term sensitivity of tropical land carbon storage to climate warming (γLT) versus the 
short-term sensitivity of atmospheric CO2 to interannual temperature variability (γIAV) for the CMIP5 (blue) and CMIP6 (green) models. The red line shows the best-fit 
line across all models, whereas the blue and green line correspond to the CMIP5 and CMIP6 ensemble. The orange shaded area represents the standard prediction error 
for the linear regression including all models, and the gray shaded area shows the range of the observed γIAV according to Figure 2 (mean ± one standard deviation). 
Crosses denote models including a nitrogen cycle. (b) Probability density function (PDF) for γLT. The solid lines were derived after applying the interannual variability 
(IAV) constraint model ensembles while the dashed lines are the corresponding prior PDFs, derived purely from the models, before applying the IAV constraint.
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(x-axis; see blue markers in Figure 6). However, in the uncoupled 1%BGC simulations (blue circles in Figure 6a), 
the annual mean high-latitude GPP shows a weaker response to increasing CO2 than in the historical simulations 
(blue crosses in Figure 6a). A similar positive correlation can be found for the CMIP6 models (green markers 
in Figure 6). Some of these CMIP6 models show higher differences in the GPP response to CO2 between the 
(fully coupled) historical and 1%BGC runs, which implies that additional climate change effects (e.g., changes 
in surface temperature, changes in precipitation) contribute to the increase in GPP apart from the CO2 fertiliza-
tion effect alone. Variations in GPP response to climate or CO2 across models are partly due the fact that only a 
subset of the models includes a nitrogen cycle, but also to the representation of underlying processes relevant to 
GPP such as carbon allocation, and interaction with the hydrological cycle (e.g., Lian et al., 2018). However, the 
assumption W16 made, that “the change in CO2 amplitude remains strongly correlated with the strength of the 
CO2 fertilization across the model ensemble” is still valid. In addition, Schlund et al. (2020) show that the emer-
gent relationship proposed by W16 also holds for fully coupled CMIP5 Representative Concentration Pathway 
(RCP) 8.5 simulations, which further corroborates W16's assumption.

Correlating the CO2 fertilization effect with the observable short-term sensitivity of the atmospheric CO2 seasonal 
cycle amplitude to CO2 increase follows the relationship as presented in Figure 7a. The linear best-fit lines for 

Figure 4. Upper panels: Annual global mean CO2 change versus the annual mean high-latitude Gross Primary Productivity (GPP) in CMIP5 (left) and CMIP6 
(right) models. Lower panels: Annual mean atmospheric CO2 concentration versus the amplitudes of the CO2 seasonal cycle at Pt. Barrow from historical simulations 
(1860–2014) and observations (black).
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the CMIP5 and CMIP6 ensembles are similar; however, the CMIP6 models cluster around the observational 
range on the x-axis but not around the y-axis. As a consequence, the emergent relationship in CMIP6 (R 2 = 0.03) 
is much weaker than in CMIP5 (R 2 = 0.89). When combining the results of both CMIP ensembles, the linear 
relation is not as strong (R 2 = 0.29) and tight (in terms of the standard prediction error of the linear regression; 
see orange shaded area in Figure 7a) as estimated by W16 for the CMIP5 ensemble alone. We estimate a multi-
model mean CO2 fertilization effect of 34 ± 15% for all participating CMIP models. The multimodel range is 
much wider for CMIP6 with some models showing very high (CNRM-ESM2-1) and very low (CanESM5) GPP 
responses (see also Table 4). Nevertheless, CMIP6 models that do include an interactive nitrogen cycle show a 
smaller intermodel spread in the CO2 fertilization than models that do not include this. Similar to the previous 
section, we calculate the PDFs for the unconstrained and constrained (using the CO2 observations of ESRL at Pt. 
Barrow) model ensembles, both for the CMIP5, CMIP6, and combined ensemble (see Figure 7b). The combined 
constrained ensemble gives a CO2 fertilization effect of 39 ± 13%, which is consistent with the constraint reported 
by W16 (37 ± 9%). As expected by the emergent relationships in Figure 7a, the constrained PDF for the CMIP5 
ensemble is much tighter than its CMIP6 counterpart, which indicates that the emergent relationship is weaker 
when applied to the CMIP6 models. Therefore, a further reduction of the uncertainty with the emergent constraint 
of W16 cannot be achieved by including the CMIP6 ensemble.

Figure S1 in Supporting Information S1 shows a summary of both constrained carbon cycle feedbacks evaluated 
on the CMIP5 and CMIP6 models. For the carbon cycle-climate feedback (y-axis), the CMIP6 models (green) 
show a slightly better agreement with the observational constraint (horizontal dashed lines) than the CMIP5 
models (blue). For the carbon cycle-concentration feedback (x-axis), CMIP5 models consistently underestimate 
the constrained feedback strength (vertical dashed lines), while CMIP6 models overestimate and underestimate 
it. Notably, two CMIP6 models agree with both observational constraints (gray shaded area); both models use an 
interactive nitrogen cycle. Moreover, models that use an interactive nitrogen cycle (crosses) tend to agree  better 

Ensemble Model
GPP(2 × CO2)/
GPP(1 × CO2)

Offset to initial amplitude, 
a0 (ppmv)

CO2 sensitivity of 
amplitude, a (ppmv/ppmv)

CMIP5 CanESM2 1.16 ± 0.04 4.84 ± 0.88 0.018 ± 0.002

CESM1-BGC 1.22 ± 0.04 2.30 ± 0.49 0.022 ± 0.001

GFDL-ESM2M 1.25 ± 0.05 5.40 ± 1.37 0.015 ± 0.004

MIROC-ESM 1.41 ± 0.06 −2.45 ± 1.60 0.052 ± 0.004

MPI-ESM-LR 1.47 ± 0.12 0.28 ± 1.38 0.074 ± 0.004

NorESM1-ME 1.25 ± 0.05 3.17 ± 0.68 0.019 ± 0.002

CMIP6 ACCESS-ESM1-5 1.19 ± 0.04 −6.41 ± 1.96 0.055 ± 0.005

CanESM5 1.08 ± 0.07 −1.00 ± 0.93 0.044 ± 0.002

CNRM-ESM2-1 1.65 ± 0.04 −8.61 ± 1.21 0.047 ± 0.003

GFDL-ESM4 1.49 ± 0.06 −2.43 ± 0.93 0.048 ± 0.002

MPI-ESM1-2-LR 1.41 ± 0.06 −4.47 ± 1.44 0.062 ± 0.003

MRI-ESM2-0 1.49 ± 0.07 −6.10 ± 1.60 0.073 ± 0.004

NorESM2-LM 1.32 ± 0.11 −5.01 ± 1.59 0.048 ± 0.004

UKESM1-0-LL 1.39 ± 0.045 −5.68 ± 1.34 0.041 ± 0.003

OBS – −6.95 ± 3.84 0.055 ± 0.007

CMIP5 mean 1.29 ± 0.06 – 0.036 ± 0.002

CMIP6 mean 1.37 ± 0.11 – 0.052 ± 0.003

CMIP5 + CMIP6 mean 1.34 ± 0.09 – 0.046 ± 0.003

Note. Barrow, Alaska used to constrain the carbon-concentration feedback (see W16) for the individual models as well as for 
the multimodel means of CMIP5 and CMIP6 and combined.

Table 4 
Summary of the Changes in High-Latitude GPP (60°–90°N) at a Doubling of Atmospheric CO2 Concentrations and the 
Amplitude of the CO2 Seasonal Cycle at Pt
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with the observational constraints than models without an interactive nitro-
gen cycle (circles). Note that only models are shown that provide the neces-
sary data to diagnose both carbon cycle feedbacks.

4. Summary and Conclusions
In this study, two previously published observationally based constraints on 
carbon cycle feedbacks are evaluated on ESMs participating in CMIP6. In 
this new phase of model intercomparison, the size of the land carbon sink in 
future projections still varies widely across the ensemble (Arora et al., 2020) 
and remains a key uncertainty. To test the robustness of both emergent 
constraints, nine models from CMIP6 are added to the already existing 
ensemble of seven CMIP5 models, increasing the total number of participat-
ing ESMs to 15. The CMIP6 models can be used to perform out-of-sample 
tests of the emergent constraints since these new ESMs have not been used to 
derive the emergent relationships in the original publications.

In the first part of this study, the tropical land carbon cycle-climate feedback 
parameter γLT is constrained using the short-term sensitivity of the atmos-
pheric CO2 growth rate to IAV in the near-surface tropical temperature γIAV. 
This is a continuation of past studies that analyzed this emergent constrained 
for the CMIP5 ensemble (W14) and the C4MIP ensemble (Cox et al., 2013). 
Similar to these previous analyses, we find a strong linear relationship 
between γLT and γIAV for the CMIP6 models, indicating that the emergent 
relationship still holds in the CMIP6 ensemble. The linear fits for the CMIP5 
and CMIP6 models are very similar, which further corroborates the robust-
ness of this emergent constraint. Additionally, in both ensembles, ESMs with 
an interactive nitrogen cycle exhibit higher (i.e., less negative) values for γLT 

and γIAV. Using the combined ensemble of CMIP5 and CMIP6 models, we find an observational constraint of 
−37 ± 14 GtC/K for γLT. This is fully consistent with the uncertainty range given by W14 of −44 ± 14 GtC/K for 
the CMIP5 models alone. In contrast to that, the multimodel mean of the combined ensemble is −52 ± 35 GtC/K; 
therefore, the uncertainty range can be reduced by 60% using the emergent constraint. Moreover, we find that  the 
CMIP6 models exhibit a smaller intermodel range in γIAV (x-axis of the emergent constraint) than the CMIP5 
models which is also more consistent to the observations. This suggests that the new CMIP6 models include a 

Figure 5. (a) Bar chart showing the relative change in high-latitude Gross 
Primary Productivity (GPP) at a doubling of CO2 in the 1%BGC simulations 
(1860–1920) in CMIP5 (blue) and CMIP6 (green) models. (d) Bar chart 
showing the corresponding gradient of the linear regressions from Figure 4b at 
Pt. Barrow.

Figure 6. (a) The correlation between the change in high-latitude Gross Primary Productivity (GPP) and the annual CO2 at Pt. Barrow (BRW) for both, the historical 
(asterisks) and the 1%BGC (circles) CMIP5 (blue) CMIP6 (green) model simulations. The markers show the values for the individual years and lines show the linear 
best-fit for each CMIP5 (blue) and CMIP6 (green) model. (b) The comparison of the gradients in (a) for each model. The red solid line shows the best-fit straightline 
and the black dashed line indicates a 1:1 relationship. Crosses denote models including a nitrogen cycle.
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better representation of the sensitivity of the atmospheric CO2 growth rate to short-term changes in the tropical 
temperature than the corresponding CMIP5 models.

The second part of the study focuses on an emergent constraint on the high-latitude carbon cycle-concentration 
feedback. Similar to the original publication (W16), we use the high-latitude (60°–90°N) CO2 fertilization effect 
(diagnosed as the fractional GPP change at the time of CO2 doubling in a 1%BGC run) as target variable and 
the sensitivity of the CO2 seasonal cycle amplitude to increasing atmospheric CO2 concentrations as an obser-
vational constraint. We find very similar emergent relationships (in terms of the linear fit) for the CMIP5 and 
CMIP6 ensembles; however, the correlation between the target variable and the observable is much weaker for 
the CMIP6 models. The reason for this is a clustering of the CMIP6 models around the observations on the 
x-axis without an accompanying reduction of the spread in the target variable on the y-axis. This suggests that 
the CMIP6 models exhibit an improved representation of the historical CO2 seasonal cycle amplitude relative to 
the CMIP5 models; however, there is still a substantial spread in future CO2 fertilization which even increased in 
CMIP6. Thus, the emergent constraint of W16 has reduced skill for the CMIP6 ensemble. This is further under-
pinned by the PDFs and uncertainty ranges that can be derived for this emergent constraint: For the combined 
model ensemble of CMIP5 and CMIP6 models, the observational constraint for the fractional GPP change at 
the time of CO2 doubling is 39 ± 13%, which is consistent with the findings of W16 of 37 ± 9% for the CMIP5 
models, but shows a considerably larger uncertainty range. Moreover, we find that CMIP6 models with an inter-
active nitrogen representation generally exhibit a smaller intermodel range in the CO2 fertilization, which might 
be related to nutrient limitations of the terrestrial biosphere.

The weakening of the emergent relationships when moving from the CMIP5 to CMIP6 ensemble is not new: 
As shown by Schlund et  al.  (2020), multiple emergent constraint on the effective climate sensitivity derived 
for the CMIP3 or CMIP5 ensembles do not hold in CMIP6 anymore. Schlund et al. (2020b) hypothesize that 
the increased complexity of the CMIP6 models might be a possible reason for this loss of skill of the emergent 
constraints. A basic assumption of the emergent constraint approach is that a single observable process or physi-
cal aspect in the current climate dominates the uncertainty in the target variable. However, for the more complex 
ESMs of CMIP6 that include much more processes than their predecessor models, this assumption might not 
be valid anymore. Thus, a possible reason for the weakening of the W16 emergent relationship in CMIP6 is an 
improved simulation of the increasing CO2 seasonal cycle amplitude that causes the models to cluster within 
observational uncertainty which is not accompanied by the necessary reduction in the spread of CO2 fertilization. 
The latter might be explained by further processes that have been added to the land components of the more 

Figure 7. Emergent constraints on the relative increase of large-scale Gross Primary Productivity (GPP) for a doubling of CO2. (a) Correlations between the sensitivity 
of the CO2 amplitude to annual mean CO2 increases at Pt. Barrow (x-axis) and the high-latitude (60°–90°N) CO2 fertilization on GPP at 2 × CO2) for the CMIP5 (blue) 
and CMIP6 (green) models. The red line shows the best-fit line across all models, whereas the blue and green line correspond to the CMIP5 and CMIP6 ensemble, 
respectively. The orange shaded area represents the standard prediction error for the linear regression including all models, and the gray shaded area shows the range of 
the observed CO2 amplitude to annual mean CO2 increases according to Figure 5 (mean ± one standard deviation). Circles and crosses denote models without and with 
a nitrogen cycle, respectively. (b) Probability density function (PDF) for the unconstrained CO2 fertilization of GPP (dashed) and the conditional PDF arising from the 
emergent constraints (solid) for high-latitude GPP for CMIP5, CMIP6, and combined.
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complex CMIP6 models. Multivariate approaches such as those applied by Schlund et  al.  (2020a) should be 
further examined to help constraining uncertainties in climate projections.

Data Availability Statement
The corresponding recipe that can be used to reproduce the figures of this paper will be included in the ESMVal-
Tool (Eyring et  al., 2020; Lauer et  al., 2020; Righi et  al., 2020; Weigel et  al., 2021) as soon as the paper is 
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is released under the Apache License, VERSION 2.0. The latest release of ESMValTool v2 is publicly available 
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