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Abstract Carbon–nitrogen coupling is a critical constraint for improving carbon cycle and climate
simulations in Earth system models (ESMs), yet large uncertainties hinder inter‐model comparisons. Here, we
present CNit v2.0, an updated representation of the carbon–nitrogen cycle in MAGICC—a widely used
reduced‐complexity model (RCM). CNit v2.0 is calibrated to emulate carbon–nitrogen cycle dynamics in
various ESMs across historical, idealized (1pctCO2, 1pctCO2‐bgc), and multiple Shared Socioeconomic
Pathway (SSP) experiments, demonstrating strong emulation performance. The global annual‐mean emulation
from historical to SSP5‐8.5 (1850–2100) reveals increasing nitrogen limitation on net primary production
(NPP), with a multi‐model mean inhibition of 10.2 ± 5.6% by 2100 due to nitrogen deficits limiting plant
uptake. The stronger CO2 fertilization effect in carbon‐only (C‐only) ESMs exceeds the mitigating influence of
nitrogen limitation in CN‐coupled ESMs, implying a risk of continued NPP overestimation in C‐only ESMs—
even if a nitrogen cycle is later added—due to insufficient constraints on CO2 sensitivity. The climate response
of litter production is sign‐changing between C‐only (inhibition) and CN‐coupled (enhancement) ESMs,
suggesting nitrogen effects may be misattributed as climate effects in C‐only ESMs. Divergent climate
responses and nitrogen effects on litter decomposition—particularly litter respiration and labile soil organic
matter decomposition—are the primary drivers of total heterotrophic respiration differences between C‐only
and CN‐coupled ESMs. Alongside NPP, these factors shape distinct carbon cycle dynamics. While nitrogen
pools and fluxes generally follow carbon trends, they exhibit greater inter‐model spread. In light of the
calibration updates, we propose practical strategies to improve carbon cycle calibration in future RCMs.

Plain Language Summary Carbon and nitrogen cycles interact closely to regulate Earth's climate
and ecosystems. However, Earth system models (ESMs) differ in how they represent this coupling,
complicating result comparisons. We developed CNit v2.0, an updated carbon–nitrogen cycle module within
MAGICC, a widely used reduced‐complexity model. CNit v2.0 is calibrated to emulate carbon–nitrogen cycle
dynamics in 15 ESMs across historical, idealized, and scenario experiments, and it shows strong emulation
performance. Our results reveal that nitrogen increasingly limits plant growth through the 21st century under
high‐emission scenarios, reducing global net primary production by about 10% by 2100. Models without a
nitrogen cycle tend to overestimate plant growth due to stronger CO2 fertilization effects (where higher CO2
concentrations enhance growth). Nitrogen effects vary across turnover processes: they suppress litter production
and decomposition while enhancing soil respiration. Moreover, the climate response of litter production differs
in sign between models with and without nitrogen coupling. These patterns contribute to divergent carbon cycle
responses across models. While nitrogen pools and fluxes generally follow carbon trends, they show greater
inter‐model variability. Based on these findings and prior calibrations, we propose practical strategies to
improve carbon cycle calibration in future reduced‐complexity models, enhancing the reliability of climate
projections.

1. Introduction
The inclusion of the nitrogen cycle represents a major advancement in Earth system models (ESMs) participating
in the Coupled Model Intercomparison Project Phase 6 (CMIP6), compared to those from the CMIP5 era. The
significance of this development has been emphasized in many studies (Hungate et al., 2003). For instance, the
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implementation of an interactive carbon–nitrogen cycle helps address the overestimation of gross primary pro-
duction (GPP, i.e., photosynthesis) seen in CMIP5 ESMs (Gier et al., 2024). Moreover, the absolute values of
carbon–concentration and carbon–climate feedbacks are generally lower in carbon‐nitrogen coupled (CN‐
coupled) ESMs than in carbon‐only (C‐only) ESMs (Arora et al., 2020). This nitrogen limitation effect on carbon
cycle feedbacks can reduce their magnitude by up to 30% in individual ESMs (Ziehn et al., 2021). Including the
nitrogen cycle also reduces uncertainties in the modeled historical land carbon sink and significantly affects future
projections (Seiler et al., 2024; Zaehle et al., 2015).

These findings highlight the critical role of the nitrogen cycle in ESMs. However, incorporating nitrogen rep-
resentations also introduces substantial uncertainties in the modeled nitrogen cycle and carbon–nitrogen coupling.
An evaluation of the nitrogen cycle representation in land surface models participating in the TRENDY (Trends
and Drivers of Terrestrial Sources and Sinks of Carbon Dioxide) project reveals large inter‐model variability in
the magnitudes and trends of multiple nitrogen‐related variables (Kou‐Giesbrecht et al., 2023). More importantly,
such variability shows no correlation with carbon cycle variables or nitrogen process representations, suggesting a
disconnect between the carbon and nitrogen cycles in these models. Divergent representations of key nitrogen
cycle processes—such as biological nitrogen fixation (BNF) and ecosystem carbon:nitrogen stoichiometry—lead
to varying estimates of BNF and other nitrogen fluxes and states, yet result in similar estimates of net primary
production (NPP) or GPP (Davies‐Barnard et al., 2022; Meyerholt et al., 2020). On one hand, these findings
underscore the urgent need for observational constraints to improve nitrogen cycle modeling (Davies‐Barnard
et al., 2020; Zaehle et al., 2014). On the other hand, these findings draw attention to a critical question: What are
the key differences driving the diverse carbon–nitrogen cycle behaviors in CMIP6 ESMs? A detailed comparison
of the carbon–nitrogen cycle within a consistent framework is lacking, hindering efforts to attribute sources of
variability and quantify associated uncertainties.

Due to the high computational demands of ESMs, running large ensembles for uncertainty analysis is impractical.
Furthermore, implementing and testing diverse process formulations within a single ESM poses significant
technical challenges. Therefore, emulation—using simplified, parameterized representations to mimic the dy-
namics of complex models—emerges as a practical alternative for exploring sources of variability and uncertainty
(Wigley & Raper, 1987, 1992, 2001). MAGICC (Model for the Assessment of Greenhouse Gas Induced Climate
Change) is one of the most widely used emulators, or reduced‐complexity models (RCMs), in climate and carbon
cycle studies (e.g., Climate Change 2014: Synthesis Report, IPCC, 2014; Global Warming of 1.5°C, IPCC, 2018;
Climate Change 2023: Synthesis Report, IPCC, 2023). Its carbon–nitrogen module, CNit, is the first emulator to
include a fully coupled carbon–nitrogen cycle (Tang, Nicholls, Norton, et al., 2025). From the CNit v1.0 cali-
bration, we identified a consistent nitrogen limitation on NPP across many CMIP6 ESMs, persisting from 1850 to
2100 under a range of Shared Socioeconomic Pathway (SSP) scenarios. The calibration also revealed that, on
average, nitrogen limitation suppresses litter production and decomposition, while enhancing soil respiration.
However, limitations remain in our earlier emulation efforts, stemming from either parameterization choices or
calibration setup (details discussed in Tang, Nicholls, Norton, et al. (2025)). As MAGICC provides the standard
greenhouse gas concentration forcing for concentration‐driven CMIP experiments, it is crucial to improve its
model representation and calibration to better capture key carbon–nitrogen biogeochemical processes and
feedbacks.

In this work, we present CNit v2.0, a revised and enhanced version of the original CNit model. We calibrate CNit
v2.0 to 15 CMIP6 ESMs, including 10 CN‐coupled and 5 C‐only models, across historical, multiple SSPs,
1pctCO2, and 1pctCO2‐bgc scenarios. Section 2 introduces the updates made in CNit v2.0 compared to v1.0.
Section 3 describes the calibration procedures. In Section 4, we evaluate calibration performance by comparing
ESM outputs with CNit simulations. With the calibrated parameters, we use emulation results from the historical
and SSP5‐8.5 scenario (collectively referred to as hist_ssp585) as a representative case to highlight key vari-
abilities in carbon–nitrogen cycle fluxes and states in CMIP6 ESMs, and to identify the underlying drivers, which
refer to the varying responses of different processes in the models. We present and discuss the results in Sections 5
and 6, respectively. In Section 7, we explore the implications of the updated calibration, from which we provide
general recommendations for the carbon‐nitrogen cycle calibration in RCMs. Finally, we summarize the model
and calibration updates, highlight the key findings and their implications, and outline future applications of the
calibrated CNit v2.0 in Section 8. The CNit v2.0 calibration demonstrates the model's ability to emulate the
diverse carbon‐nitrogen cycle behaviors in CMIP6 ESMs. Moving forward, we will apply the CNit v2.0, coupled
with MAGICC's emission‐driven online run framework, to generate probabilistic projections of climate and
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carbon cycle future, spanning a wide range of scenarios and highlighting the crucial role of nitrogen cycle
feedbacks.

2. Model Description
2.1. Overview of the CNit v2.0

CNit v2.0 is a global box model comprising three carbon pools—plant (CP), litter (CL), and soil (CS)—and four
nitrogen pools—plant (NP), litter (NL), soil (NS), and mineral (NM). The model first computes key fluxes such as
net primary production (NPP), litter production respiration (LPR), biological nitrogen fixation (BNF), and ni-
trogen plant uptake (PU). These modeled fluxes, along with input fluxes from nitrogen atmospheric deposition
(AD), nitrogen fertilizer application (FT), and land use changes (LU, for both carbon and nitrogen), are used to
solve a system of differential equations based onmass conservation. This yields the carbon and nitrogen states and
turnover rates for each pool. The solved land carbon pool sizes determine the net land‐to‐atmosphere carbon flux,
which is used to update the atmospheric CO2 concentration and further inform the other modules (e.g., climate) in
MAGICC (Meinshausen et al., 2011). The overall framework of CNit v2.0 (Figure 1) is similar to that of CNit
v1.0 (Tang, Nicholls, Norton, et al., 2025), with updates to specific parameterizations and calculations. The
design philosophy remains consistent with that of MAGICC: “be as simple as possible while as mechanistic as
necessary in the sense of being based on physical principles and/or long‐term ESM calibrations.” In this section,
we focus on the updates and highlight the key differences.

Figure 1. Schematic overview of the MAGICC CNit v2.0 model structure (NPP: net primary production; LPR: litter
production respiration; PU: nitrogen plant uptake; BNF: biological nitrogen fixation; LP: litter production; LD: litter
decomposition; SR: soil respiration; LS: mineral nitrogen loss; LU: land use emission; AD: atmosphere nitrogen deposition;
FT: nitrogen fertilizer application; 2P, 2L, 2S, and 2M: the partition of fluxes into plant, litter, soil, and mineral pools). A
complete list of flux and state variables in CNit v2.0, along with detailed descriptions, is provided in Table A1.
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2.2. Carbon and Nitrogen Mass Conservation

Given the temporal resolution of interest in applications (e.g., annual), CNit partitions both NPP and cLUgrs (the
carbon flux from land use perturbation due to gross deforestation) among the three carbon pools. The partitioning
of NPP reflects turnover processes occurring within a single year. While NPP initially enters the plant pool, a
substantial fraction is turned over within the same year (e.g., leaf and fine‐root litter in deciduous forests) and thus
does not persist in the annual‐mean plant pool. To capture this, a fraction of NPP is directly allocated to the litter
pool (fNPP2L × NPP) and to the soil pool (fNPP2S × NPP), in addition to the turnover fluxes explicitly represented
in CNit. The partitioning of cLUgrs reflects that certain perturbations—such as biomass burning and land use
conversion—can lead to emissions from the litter and soil pools within the same time step. Litter decomposition
(cLD) is similarly partitioned, with a fraction transferred to the soil pool (fcLD2S × cLD) and the remainder
released to the atmosphere as respiration (fcLD2A × cLD). The latter flux includes both direct litter respiration and
the rapid mineralization of litter‐derived, labile soil organic matter within the same year. The carbon mass balance
equations for the plant, litter, and soil pools are as follows:

dCP
dt

= fNPP2P × NPP − LPR − cLP − fcLUgrs2P × cLUgrs (1)

dCL
dt

= fNPP2L × NPP + fcLP2L × cLP − cLD − fcLUgrs2L × cLUgrs (2)

dCS
dt

= fNPP2S × NPP + fcLP2S × cLP + fcLD2S × cLD − cSR − fcLUgrs2S × cLUgrs (3)

The total heterotrophic respiration (RH) is:

RH = LPR + fcLD2A × cLD + cSR (4)

By summing the dynamics of the plant, litter, and soil carbon pools (Equations 1–4), the total change in land
carbon pool size is obtained. Note that the sum of the partitioning fractions equals one, ensuring mass
conservation:

dCLand
dt

= NPP − RH − cLUgrs (5)

This change in the total land carbon pool also represents the net land carbon flux (cNetLand). It is conceptually
similar to net biospheric production, with the key distinction that the latter includes carbon fluxes from product
decay, which are not accounted for in cNetLand.

Consistent with the assumptions made for the carbon cycle, BNF, PU, and nLUgrs are partitioned among the three
organic nitrogen pools. Similarly, nLD is partitioned between the soil and mineral nitrogen pools.

dNP
dt

= fBNF2P × BNF + fPU2P × PU − nLP − fnLUgrs2P × nLUgrs (6)

dNL
dt

= fBNF2L × BNF + fPU2L × PU + fnLP2L × nLP − nLD − fnLUgrs2L × nLUgrs (7)

dNS
dt

= fBNF2S × BNF + fPU2S × PU + fnLP2S × nLP + fnLD2S × nLD − nSR − fnLUgrs2S × nLUgrs (8)

The net mineralization (NetMIN)—a key flux supplying the mineral nitrogen pool—is defined as:

NetMIN = fnLD2M × nLD + nSR (9)

Summing the dynamics of the plant, litter, and soil nitrogen pools (Equations 6–9) leads to the land organic
nitrogen dynamics:
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dNLando
dt

= BNF + PU − NetMIN − nLUgrs (10)

A new parameterized flux, nLUmin (nitrogen flux from land use perturbation in the form of mineral nitrogen
loss), is introduced to model changes in the mineral nitrogen pool size. This flux distinguishes land use emissions
from the organic pools (nLUgrs, e.g., deforestation and harvest) and the inorganic pool (nLUmin, e.g., fertilizer
application and soil disturbance). Further details on the land use perturbation flux are provided in Section 2.3.

dNM
dt

= AD + FT + NetMIN − PU − nLS − nLUmin (11)

The nLS represents the total nitrogen loss from the mineral pool, which includes both gaseous loss (nLSgas) and
leaching (nLSleach). Summing the dynamics of the organic and mineral nitrogen pools (Equations 10 and 11)
leads to the total land nitrogen conservation equation:

dNLand
dt

= BNF + AD + FT − nLS − nLUgrs − nLUmin (12)

The resulting change in the land nitrogen pool also represents the net land nitrogen flux (nNetLand). As with
previous versions of the carbon cycle in MAGICC (Meinshausen et al., 2011; Tang, Nicholls, Norton,
et al., 2025), CNit v2.0 does not include a product pool for either carbon or nitrogen, due to its much smaller size
relative to the other pools. Therefore, neither cNetLand nor nNetLand accounts for carbon or nitrogen fluxes from
product decay.

2.3. Land Use Emission Calculation

In CNit v1.0, an updated implementation of land use emissions and their impact on NPP was introduced, based on
the simple assumption of a constant regrowth rate during the regrowing period following any one‐time defor-
estation (see Section 2.7 in Tang, Nicholls, Norton, et al. (2025)). By default, CNit v1.0 uses net land use
emissions (for both carbon and nitrogen) as input, which is applicable in most model calibration and application
scenarios. However, this is not always the case, such as when gross emissions are provided instead of net
emissions in certain scenarios (e.g., CDR scenarios). In CNit v2.0, the same parameterizations are maintained,
with the addition of a method option parameter (mcLU and mnLU) to accommodate flexible inputs. The following
land use emission parameterizations apply to both carbon and nitrogen:

LUnet(t) = LUgrs(t) − LUrgr(t) (13)

where LUnet, LUgrs, and LUrgr represent the carbon or nitrogen flux from land use perturbation in terms of net
emission, gross deforestation, and regrowth, respectively. This relationship applies to the entire time series at each
time step t.

For each instance of gross deforestation at time step t, a constant regrowth flux is applied during the regrowing
period, starting at the subsequent time step (t + 1):

LUrgr(T) =
φ × LUgrs(t)

τrgr
, ∀ T ∈ [t + 1, t + τrgr] (14)

where φ is the regrowth fraction and τrgr is the regrowing time required to reach the partial regrowth. The total
regrowth at time t is the sum of contributions from all gross emissions that occurred within the τrgr years preceding
t, expressed as:

LUrgr(t) =
⎧⎪⎪⎨

⎪⎪⎩

∑
t− 1

T=max(0,t− τrgr)

φ × LUgrs(T)
τrgr

if t≥ 1

0 if t< 1

(15)
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Note that for t< 1, the initial year regrowth, LUrgr(0), is assumed to be zero, as regrowth by definition occurs only
after gross deforestation. Since information prior to the start of the time series is unavailable for a given land use
emission input, CNit v2.0 assumes that the gross deforestation and net emissions are equal in the initial year, that
is, LUnet(0) = LUgrs(0) − 0.

The newly introduced method option parameters (mcLU and mnLU) function under the following conditions:

1. When LUnet is used as input (mcLU or mnLU = 0, e.g., AFOLU (Agriculture, Forestry and Other Land Uses)
carbon emissions), LUgrs and LUrgr are progressively solved at each time step to match the LUnet input time
series.

2. When LUgrs is used as input (mcLU or mnLU = 1, e.g., gross nitrogen emission), LUrgr time series is directly
calculated (Equations 14 and 15), and LUnet is updated based on the calculated LUrgr.

3. When both LUgrs and LUrgr are provided as inputs (mcLU or mnLU = 2), LUnet is simply calculated as the
difference between the two (Equation 13).

For land use carbon, cLUrgr is further used in the NPP calculation (see Section 2.4). In addition to constructing
the mass conservation of the carbon pools (Equations 1–5), cLUgrs is used to proxy the effect of land use on NPP
(Tang, Nicholls, Norton, et al., 2025). For land use nitrogen, nLUgrs is used solely for mass conservation of the
nitrogen pools (Equations 6–12). The nLUrgr and nLUnet are diagnostic fluxes and are not involved in the BNF or
PU calculations, as these processes are proxied by NPP (see Section 2.6), which already accounts for the land use
effect (see Section 2.4). The nLUmin represents gross emissions by definition, specifically the direct loss of
mineral nitrogen from agricultural activities (e.g., AFOLU nitrogen emissions).

2.4. Refinements in NPP Formulation

NPP is one of the key fluxes modeled since the first MAGICC carbon cycle (Meinshausen et al., 2011). In CNit
v1.0, we introduced the effect of carbon‐nitrogen coupling and revised the impact of land use emissions (Tang,
Nicholls, Norton, et al., 2025). In CNit v2.0, we further update the NPP formulation as follows:

NPP = (NPP0 + cLUrgr) × ϵCO2 × ϵdT(NPP) × ϵCN(NPP) × ϵLU (16)

The key change from CNit v1.0 is the addition of cLUrgr to NPP0 (the baseline NPP). Both terms are then
influenced by CO2 fertilization (ϵCO2), temperature effects (ϵdT(NPP)), carbon‐nitrogen coupling effects (ϵCN(NPP)),
and land use effects (ϵLU). The parameterizations for these effects remain unchanged from CNit v1.0.

In CNit v1.0, cLUnet was directly used in the mass conservation calculation (where cLUnet = cLUgrs − cLUrgr,
maintaining mass conservation) (Tang, Nicholls, Norton, et al., 2025). This approach effectively treated regrowth
as an additional flux, independent of environmental factors, providing a simpler calculation but sacrificing its
mechanistic interpretation. The updated formulation in CNit v2.0 treats cLUrgr as the baseline regrowth after
deforestation, which is then scaled by the effects of CO2, temperature, nutrients, and additional land use per-
turbations. This update improves the representation of the ecological behavior of regrowth.

2.5. Explicit Representation of Nitrogen Deficit and Its Effect on NPP

In CNit v1.0, the nitrogen deficit was implicitly calculated from the nitrogen requirement for PU (PUreq) and AD,
based on the approximation that NetMIN is linearly correlated with PU (see details in Tang, Nicholls, Norton,
et al. (2025)). In the updated version, we first calculate the potential NPP (NPPpot) using Equation 16, by setting
ϵCN(NPP) = 1 (i.e., no nitrogen effect). PUreq is determined by NPPpot and a nitrogen‐to‐carbon ratio, reflecting
the requirement for plants to maintain a specific carbon‐to‐nitrogen stoichiometry during carbon assimilation:

PUreq = NPPpot × ncNPPpot (17)

Next, we calculate the nitrogen availability for PU (PUavail) from two sources: the current AD (assuming all
deposition is immediately available for plant uptake) and the NetMIN available for plant uptake (PUavailNetMIN).
For PUavailNetMIN, we further separate it into two components: one is the portion of the current NetMIN available
for plant uptake, and the other is long‐term NetMIN, which accumulates in the mineral nitrogen pool and becomes
available for plant uptake at the current time step. The former is modeled by a baseline NetMIN (NetMIN0),
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which includes a temperature effect scalar—expressed in exponential form with sensitivity parameter
sNetMIN2dT—as NetMIN (decomposition) rates are temperature‐dependent. The latter is parameterized as a
baseline long‐term NetMIN (NetMIMlt0), scaled by the NPPpot/NPP0 ratio and an exponential response to AD,
with sensitivity sNetMINlt2AD. The NPPpot/NPP0 considers that NPP determines the quantity of newly formed
organic carbon (i.e., the substrate for decomposition/mineralization, Equation 9), thereby controlling the baseline
rate for long‐term NetMIN. The effect of AD incorporates the understanding that NetMIN is a nitrogen‐
demanding process (NetMIN = mineralization—immobilization) (Cheng et al., 2019). Collectively, the PUa-
vail is derived from:

PUavail = AD + NetMIN0 × esNetMIN2dT×dT + NetMINlt0 ×
NPPpot
NPP0

× esNetMINlt2AD×AD (18)

The parameterization of PUavail effectively approximates mineral nitrogen availability for plant uptake without
explicitly relying on the current mineral nitrogen pool size. This approximation is necessary due to the emulator's
annual time scale, where the mineral nitrogen pool is substantially smaller than the total annual mineral nitrogen
demand.

With both the PUreq and PUavail, the nitrogen deficit relative to PU demand (PUdef) is determined as:

PUdef = PUreq − PUavail (19)

The effect of nitrogen deficit on NPP is given by:

ϵCN(NPP) = esNPP2PUdef×PUdef (20)

where sNPP2PUdef represents the sensitivity of NPP to PUdef. The resulting ϵCN(NPP) is then used in Equation 16 to
calculate the actual NPP (NPPact). NPPact is incorporated into the mass conservation equations (Equations 1–5)
to determine the carbon pool size dynamics.

2.6. PU and BNF Simulation

In CNit v1.0, the simulation of actual PU (PUact) is based on NPPact and a temperature response. This approach
is effective for most ESMs, where a near‐linear correlation between NPP and PU is commonly observed (Tang,
Nicholls, Norton, et al., 2025). However, in certain cases, such as MIROC‐ES2L and UKESM1‐0‐LL, this
relationship is less evident in their 1pctCO2 simulations, suggesting a weak coupling between NPP and PU under
that experimental design. As an emulator, CNit seeks to capture the best representation across all experiments,
which can sometimes lead to simultaneous overestimation of PU and underestimation of NPP (or vice versa)
when the assumed relationship does not hold (e.g., for the 1pctCO2 runs from MIROC‐ES2L and UKESM1‐0‐
LL). To enhance the emulation capacity and flexibility of CNit, the updated PUact parameterization replaces the
previous exponential formulation (with a − 1/NPPact exponent) with a sigmoidal response to NPPact, and in-
troduces an additional exponential downregulation by PUdef. The temperature response remains unchanged,
retaining its exponential form.

PUact = PU0 ×
ϵNPP(PU)max

1 + (ϵNPP(PU)max − 1) × e
− sPU2NPP×(NPPactNPP0

− 1)
× esPU2PUdef×PUdef × esPU2dT×dT

(21)

where PU0 is the baseline PU; ϵNPP(PU)max defines the maximum scaling effect of NPP on PU; sPU2NPP represents
the sensitivity of PU to relative changes in NPP; sPU2PUdef denotes the sensitivity of PU to the PUdef; and sPU2dT is
the sensitivity of PU to the temperature change.

This formulation reflects the concept that PUact is primarily driven by NPPact, with an upper limit defined by
ϵNPP(PU)max. The effect of PUdef accounts for the direct regulation of nitrogen uptake by the balance between
nitrogen availability and plant demand. The temperature effect captures the temperature sensitivity of enzymatic
activity and root metabolism associated with the nitrogen uptake process.
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In CNit v1.0, BNF is prescribed. In the updated version, a formulation analogous to the PU simulation is adopted
for BNF, reflecting their shared role in supporting plant nitrogen demand for carbon assimilation (McNeill &
Unkovich, 2007). However, different baseline rate (BNF0), response to NPPact (ϵNPP(BNF)max and sBNF2NPP),
sensitivity to PUdef (sBNF2PUdef), and temperature sensitivity (sBNF2dT) are applied, reflecting both the distinct
nature of the two processes and the diversity in how this process is represented across current ESMs (Davies‐
Barnard et al., 2022).

BNF = BNF0 ×
ϵNPP(BNF)max

1 + (ϵNPP(BNF)max − 1) × e
− sBNF2NPP×(NPPactNPP0

− 1)
× esBNF2PUdef×PUdef × esBNF2dT×dT

(22)

2.7. Revision of the Carbon‐Nitrogen Coupling Effect on Turnovers

In CNit v1.0, organic carbon and nitrogen turnovers follow a first‐order decay process within the box model, with
turnover fluxes calculated as the pool size divided by a turnover time (τ) and scaled by the carbon‐nitrogen
coupling effect (ϵCN) and the temperature effect (ϵdT).

turnover =
poolsizei

τi
× ϵCN × ϵdT (23)

where i refers to the plant, litter, and soil carbon/nitrogen pools, excluding the mineral nitrogen pool. The proxies
for the carbon‐nitrogen coupling effect in all carbon and nitrogen turnovers, with the exception of mineral ni-
trogen turnover, are PUact and AD (Tang, Nicholls, Norton, et al., 2025).

In this update, we replace PUact with PUdef, which more accurately reflects the nitrogen status of the plant, as
PUact does not provide information on whether the plant is nitrogen‐limited. Additionally, the effect of AD is
removed from the carbon‐nitrogen coupling in the turnover processes, as it should be considered a secondary
effect. Specifically, AD must first enrich the mineral nitrogen, which is then taken up by the plant before it can
influence turnover rates. Since AD is already accounted for in the nitrogen deficit calculation (Equations 18 and
19), where PUdef serves as the proxy for the carbon‐nitrogen coupling effect, removing AD prevents double
counting of the mineral nitrogen enrichment effect. The new, simplified formulation for the ϵCN is as follows:

ϵCN(i) = esi2PUdef×PUdef (24)

where si2PUdef refer to the sensitivity of turnover process i to PUdef.

The temperature effect retains the same exponential form:

ϵdT(i) = esi2dT×dT (25)

where si2dT represents the temperature sensitivity of turnover process i.

For the mineral nitrogen turnover, nLS, it is calculated as:

nLS =
NM
τNM

× [fnLS2A × ϵdT(nLSgas) + (1 − fLS2A)] (26)

where NM is the mineral nitrogen pool size, τNM is the turnover time of the mineral nitrogen pool, and fnLS2A is the
fraction of nLS released to the atmosphere. The first component of nLS, representing gaseous loss (nLSgas), is
assumed to be temperature‐sensitive (Maag & Vinther, 1996) and is therefore scaled by its temperature response
ϵdT(nLSgas), which is calculated by:

ϵdT(nLSgas) = esnLSgas2dT×dT (27)

The second component, nitrogen leaching (nLSleach), is assumed to be directly proportional to the size of the
mineral nitrogen pool.
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3. Model Calibration
3.1. Target Variables, Experiments, and CMIP6 ESMs

In this study, we focus on calibrating CNit v2.0 to the CMIP6 ESMs. The target variables for calibration include
key carbon and nitrogen fluxes (NPP, RH, PU, BNF, NetMIN), as well as all the carbon and nitrogen pool sizes
(CP, CL, CS, NP, NL, NS, and NM). The corresponding variable names in the CMIP6 published data are listed in
Table A1.

The target experiments consist of the historical runs, the four Tier‐1 SSP scenarios in ScenarioMIP (SSP1‐2.6,
SSP2‐4.5, SSP3‐7.0, and SSP5‐8.5) (O'neill et al., 2016), and two idealized scenarios (1pctCO2 and 1pctCO2‐
bgc). Additionally, the SSP1‐1.9 and SSP4‐6.0 experiments are included in the calibration where data is available
(Table 1). For clarity, we refer to the combined historical and SSP scenarios as the hist_ssp experiments in this
paper. The 1pctCO2 experiment is an idealized scenario in which atmospheric CO2 concentration increases by 1%
per year until it quadruples (∼140 years) from its preindustrial value (284.317 ppm in 1850). Concentrations of
other greenhouse gases and land use are held constant at preindustrial levels, making this experiment useful for
diagnosing carbon cycle feedbacks in ESMs. The 1pctCO2‐bgc experiment is based on 1pctCO2 but with the CO2
increase masked from the climate module (i.e., the rise in CO2 does not induce warming), thereby isolating the
“pure” CO2 effect on biogeochemical cycles. The inclusion of the 1pctCO2 and 1pctCO2‐bgc scenarios provides
effective calibration constraints, allowing for the separation of the CO2 fertilization effect and the temperature
effect on NPP, as well as the climate response and the carbon‐nitrogen coupling effect on pool turnovers.

Based on data availability from the Earth System Grid Federation (ESGF, https://esgf‐node.llnl.gov/projects/cmi
p6/, last accessed: 9 April, 2025), a total of 15 ESMs (10 CN‐coupled and 5 C‐only, Table 1) are included in the
calibration, covering all 11 ESMs from the CMIP6 carbon cycle feedback evaluation study (Arora et al., 2020).
CNit is technically composed of a carbon cycle module and a nitrogen cycle module (Figure 1). The model design
enables the emulation of C‐only ESMs by activating only the carbon cycle component and disabling the nitrogen
cycle and carbon‐nitrogen coupling (i.e., calibrating only the carbon‐related parameters in CNit v2.0 to carbon
fluxes and pool sizes for C‐only ESMs). This design aligns with the goal of CNit, which is to evaluate and
compare C‐only and CN‐coupled ESMs within a consistent framework, thereby synthesizing a comprehensive
picture of current model‐based understanding of the biogeochemical cycle.

Table 1
Details of the Calibrated CMIP6 ESMs and Availability of Additional Experiment Data

Model Land component Variant label
SSP1‐
1.9

SSP4‐
6.0 1pctCO2‐bgc Reference

ACCESS‐
ESM1‐5

CASA‐CNP, CABLE2.4 r1i1p1f1 No No Yes Ziehn et al. (2020)

CMCC‐CM2‐SR5 CLM4.5 r1i1p1f1 No No No, use it from CMCC‐ESM2 Lovato et al. (2022)

CMCC‐ESM2 CLM4.5, BGC configuration r1i1p1f1 No No Yes Lovato et al. (2022)

MIROC‐ES2L MATSIRO6.0, VISIT‐e v1.0 r1i1p1f2 Yes No Yes Hajima et al. (2020)

MPI‐ESM1‐2‐LR JSBACH3.2 r1i1p1f1 Yes No Yes Mauritsen et al. (2019)

NorESM2‐LM CLM5 r1i1p1f1 No No Yes Seland et al. (2020)

NorESM2‐MM CLM5 r1i1p1f1 No No No, use it from NorESM2‐LM Seland et al. (2020)

UKESM1‐0‐LL JULES‐ES‐1.0 r1i1p1f2 Yes No Yes Sellar et al. (2020)

CESM2‐WACCM CLM5 r1i1p1f1 No No No, use it from CESM2 Danabasoglu et al. (2020)

TaiESM1 CLM4 r1i1p1f1 No No No, leave it empty Wang et al. (2021)

BCC‐CSM2‐MR BCC‐AVIM2 r1i1p1f1 No No Yes Wu et al. (2021)

CNRM‐ESM2‐1 ISBA‐CTRIP, ISBA‐CC, SURFEX v8.0 r1i1p1f2 Yes Yes Yes Séférian et al. (2019)

CanESM5 CLASS3.6, CTEM1.2 r1i1p1f1 Yes Yes Yes Sigmond et al. (2023)

CanESM5‐1 CLASS3.6, CTEM1.2 r1i1p1f1 Yes Yes No, use it from CanESM5 Sigmond et al. (2023)

IPSL‐CM6A‐LR ORCHIDEE v2.0, Water/Carbon/Energy mode r1i1p1f1 Yes Yes Yes Boucher et al. (2020)

Note. Experiment data for historical, SSP1‐2.6, SSP2‐4.5, SSP3‐7.0, SSP5‐8.5, and 1pctCO2 experiments are available for all ESMs and are therefore not shown.
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For ESMs that submitted ensemble run results (e.g., from different realizations, initializations, model physics, and
forcings, as indicated by the variant label in the CMIP6 global attributes), we calibrate only the ensemble member
with the most complete data, typically the one labeled as “r1i1p1f1” (Table 1). It is important to note that output
from the 1pctCO2‐bgc scenario is not available for all selected ESMs. In such cases, we use data from a similar
ESM (if available) as a substitute. For example, CMCC‐CM2‐SR5 does not provide results for the 1pctCO2‐bgc
scenario, whereas CMCC‐ESM2 does. Since both ESMs share identical land components and exhibit very similar
behavior in the historical and SSP experiments, we use the 1pctCO2‐bgc results from CMCC‐ESM2 as the target
when calibrating CMCC‐CM2‐SR5. Details about the ESMs and data availability are provided in Table 1.

3.2. Data Collection and Post‐Processing

In addition to the target variables (Table A1), we also obtained model‐specific grid area data (areacella) and land
fraction data (sftlf) to convert the monthly gridded data into global annual‐mean values, as both CNit and
MAGICC run on an annual time step by default.

During our previous analysis of the CMIP6 ESM outputs, we identified a mass conservation issue from the
published data—specifically, a significant mismatch between the flux and pool size data (Tang, Nicholls,
Jones, et al., 2025). The primary causes of this issue include incomplete data publication (e.g., some ESMs did not
provide land use emission data) and inconsistencies in model definitions across different model intercomparison
projects (e.g., land use emissions in C4MIP and LUMIP). This mass conservation issue poses challenges to our
calibration, as both fluxes and pool sizes are part of the calibration targets. To harmonize the target variables and
address this issue, we implemented the following workaround for the original outputs in the current calibration:

1. For carbon, we used the AFOLU carbon emission (Emissions|CO2|MAGICC AFOLU) from the Reduced
Complexity Model Intercomparison Project (RCMIP) data set (Nicholls et al., 2021) as the cLUnet input for
CNit v2.0 (Equations 13–15). Historical emissions are based on a combination of PRIMAP‐hist Version 1.0
(1850–1959, PRIMAP—Potsdam Realtime IntegratedModel for probabilistic Assessment of emissions Paths)
(Gütschow et al., 2016) and the Global Carbon Budget 2016 (1959–2014) (Le Quéré et al., 2016). Future
emissions from 2015 to 2100 are taken from the Intergovernmental Panel on Climate Change (IPCC)'s Sixth
Assessment Report (AR6) Scenario Database (Byers et al., 2022; Gidden et al., 2019). By using the AFOLU
emission, the gross land use emission modeled in CNit will unavoidably differ from the original ESM outputs.
However, this approach represents the minimal modification necessary to maintain mass conservation.
Without this method, we would have to revise the state variables in the ESM outputs or introduce additional
carbon fluxes to account for the mass imbalance (with cumulative imbalance to hundreds of gigatons of
carbon, (Tang, Nicholls, Jones, et al., 2025)). Such an approach would be undesirable and difficult to justify.
The use of AFOLU emissions as input provides a clear method to account for land use emissions. Additionally,
as part of the AR6 scenario database, incorporating the AFOLU emissions ensures consistency between the
calibration and future applications of the MAGICC model in scenario simulations.

2. Similarly, we used the AFOLU nitrogen emissions (the sum of Emissions|N2O|MAGICC AFOLU, Emissions|
NH3|MAGICC AFOLU, and Emissions|NOx|MAGICC AFOLU) (Byers et al., 2022; Nicholls et al., 2021) as
the nLUmin input for CNit, and set the nLUgrs to zero. This treatment assumes that all nitrogen gross
emissions are directly removed from the mineral nitrogen pool. This assumption is based on the fact that the
dominant nitrogen emission species, NH3, primarily arises from agricultural activities that directly perturb the
mineral nitrogen pool.

3. It is important to note that applying steps 1 and 2 provides a consistent and reasonable approach to handling the
land use emission input but does not fully resolve the mass conservation issue in the data. While the value of
the mass imbalance should change, it remains after applying the AFOLU emission input. To reconcile the flux
and pool size, we employed a method similar to that used in our CNit v1.0 calibration (Tang, Nicholls, Norton,
et al., 2025), which was also suggested in our CMIP6 data conservation analysis (Tang, Nicholls, Jones,
et al., 2025). First, we retained the pool size data, as well as NPP, PU, and BNF, in accordance with the ESM
outputs (i.e., we assume the state variables and major fluxes are more reliable). Then, we reconstructed the RH
and NetMIN using mass conservation equations (Equations 1–12) and used them as the calibration targets.
This approach prioritizes the calibration of state variables while addressing the imbalance in fluxes—whether
from land use change, fire, or other processes—by incorporating them into RH and NetMIN. From a mass
conservation perspective, this is reasonable because we do not alter the destination of these fluxes. Although
we considered introducing the imbalance flux as a separate prescribed flux, such an approach would be model‐
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specific and experiment‐specific, making it difficult to implement in future model applications. As a result, we
chose not to pursue this approach.

4. CNit v2.0 requires nitrogen inputs for atmospheric deposition and fertilizer application (AD and FT in
Equations 11 and 12). For AD, we used nitrogen deposition data from the CMIP6 forcing data sets (input4-
MIPs, the sum of dry and wet deposition for both NHx and NOy, (Hegglin et al., 2016)) rather than the ESM
outputs (fNdep). This decision was based on two considerations: first, fNdep is not always available from ESM
outputs; second, in many cases, the calculated global annual‐mean fNdep does not align with the nitrogen
deposition values in input4mips, although the magnitudes and trends are similar. This discrepancy indicates
that while ESMs likely use the nitrogen deposition in input4MIPs as the nitrogen forcing, there may be some
numerical differences when reconstructing the global value. Since the goal of this calibration, and subsequent
applications, is to examine the responses of different processes rather than explore discrepancies caused by the
input data, we used the input4MIPs nitrogen deposition consistently for all the ESM calibrations. Similarly, we
used fertilizer application data from the input4MIPs (Land‐Use Harmonization (LUH2), the management data
(Hurtt et al., 2020)) for all calibrations.

5. Due to the limited availability of nitrogen loss flux data in ESM outputs (fNloss, fN2O, and fNleach),
combined with the aforementioned mass conservation issues, and our decision to use AFOLU nitrogen
emissions, input4MIPs nitrogen deposition, and LUH2 fertilizer application as inputs (nLUmin, AD, and FT),
we did not use the ESM nitrogen loss outputs as calibration targets. Instead, we set the mineral nitrogen pool
size as the target to allow CNit v2.0 to capture the dynamics of mineral nitrogen. This approach is reasonable
because when we set influxes and pool sizes as targets, the total ecosystem outflux will be automatically
constrained. While we have updated our parameterization for the nitrogen loss term (Equation 26), we do not
fully utilize its capacity due to the lack of data for separating gaseous loss and leaching loss. Therefore, we
fixed the gaseous loss fraction, fnLS2A, to 1 in the current calibration, assuming that all nitrogen losses occur as
gaseous emissions and are influenced by temperature.

3.3. Calibration Process

The inputs for CNit v2.0 include cLUnet (and/or cLUgrs), nLUnet (and/or nLUgrs), nLUmin, AD, and FT
(Figure 1). As detailed in the previous section, we used AFOLU emissions for cLUnet and nLUmin, and
input4MIPs data for AD and FT, to ensure consistent inputs across all ESMs used in the calibration (Figure A1).

For the target variables, each SSP scenario was combined with the corresponding historical experiment to form a
continuous hist_ssp time series from 1850 to 2100. For the 1pctCO2 and 1pctCO2‐bgc experiments, we used the
first 150 years of data, which is the common length provided by most ESMs, even though some ESMs extend to
165 years.

This offline calibration was conducted using output from the concentration‐driven ESM simulations. The cali-
bration procedure followed that described in the CNit v1.0 calibration study (Tang, Nicholls, Norton, et al., 2025).
Briefly, we prescribed the land surface global‐mean temperature (derived from the ESM output variable tas) and
atmospheric CO2 concentration (from input4MIPs (Meinshausen et al., 2017, 2020)) to drive CNit. The pre-
scribed temperature and CO2 trajectories are shown in Figure A1.

The cost function for the calibration was defined as the sum of normalized squared errors across the selected
fluxes and pool sizes. For each target variable, the normalized error was calculated as:

cost(var) =

⎛

⎜
⎜
⎜
⎜
⎝

emulation − target
target × targetmax − targetmin

target

⎞

⎟
⎟
⎟
⎟
⎠

2

(28)

This formulation scales the squared error between the model emulation and the ESM target by the product of the
target itself and a dimensionless factor that captures the temporal range of the target time series normalized by its
mean. The purpose of this normalization is twofold: first, it ensures that variables with larger magnitudes or
greater variability do not dominate the cost function; second, it allows for more balanced weighting across
variables with different units or orders of magnitude. This approach facilitates a fair comparison and integration of
diverse target variables in the overall cost function.
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All experiments for each ESMwere calibrated simultaneously, with the total cost function computed as the sum of
unweighted errors across all experiments, resulting in a single set of parameters for each ESM. Using one
parameter set to emulate an ESM across multiple experiments aligns with CNit's goal as a universal framework
capable of reproducing ESM behavior under varying forcings (since ESMs run different experiments with
different input forcing rather than different parameter values). Although this approach may reduce emulation
performance—because the simplified framework may not fully capture non‐linear responses across experiments
—it remains the preferred strategy for emulators. Calibrating parameters separately for each experiment would
also limit CNit's reliability in projecting broader scenarios, particularly when the calibration experiment differs
substantially from the target scenarios.

The calibration followed a two‐step procedure. First, global optimization was performed using the Differential
Evolution algorithm (Storn & Price, 1997), with 30,000 iterations and five random initializations. The resulting
five parameter sets were then used as initial values for the Nelder–Mead algorithm (Gao &Han, 2012), which was
applied for local minimization with a maximum of 2,000 iterations per initialization. The parameter set yielding
the lowest total cost was selected as the final calibrated result. A complete list of the calibrated parameter values
for the 15 ESMs is archived on Zenodo (Tang, Zaehle, et al., 2025).

4. Evaluation of Emulation Performance Against ESM Outputs
The calibrated CNit v2.0 model effectively emulates the carbon‐nitrogen cycle in the studied CMIP6 ESMs, as
evidenced by its reproduction of key fluxes and pool sizes (Figure 2), although performance varies across var-
iables, experiments, and models. The error for the emulated NPP fluctuates around zero in most cases. The mean
error for NPP remains within ±1.0 GtC/yr for all ESMs across all experiments, with the majority falling within
±0.4 GtC/yr. Exceptions include the 1pctCO2 experiment, where the CNit emulation underestimates NPP for
MPI‐ESM1‐2‐LR and overestimates it for CanESM5‐1 (mean errors across 1pctCO2 experimental period of
approximately − 3.5 GtC/yr and +1.2 GtC/yr, respectively).

The emulation error for CLand is within ±20.0 GtC for most ESMs across their hist_ssp runs, with a mean error
within ±5.0 GtC (relative error <0.5%). Larger errors are observed for UKESM1‐0‐LL and BCC‐CSM2‐MR,
where the mean error ranges from approximately − 7.0 to − 20.0 GtC, corresponding to a ∼0.6%–∼1.0% un-
derestimation. In the hist_ssp370 and hist_ssp585 scenarios, the two CanESM models exhibit larger emulation
errors, with mean values of approximately − 10.0 GtC and − 20.0 GtC (relative errors of ∼0.4% and ∼0.7%),
respectively. In the 1pctCO2 and 1pctCO2‐bgc scenarios, maximum emulation errors range from 30.0 to 80.0
GtC for most ESMs, with both positive and negative biases. Exceptions with lower emulation errors (<20.0 GtC)
include the two CMCC models (in both scenarios), TaiESM1 (in 1pctCO2), and CNRM‐ESM2‐1 (in 1pctCO2‐
bgc). Larger emulation errors are observed for the two CanESM models and BCC‐CSM2‐MR. Specifically, the
emulation systematically underestimates CLand in the two CanESM models, with mean errors of approximately
− 220.0 GtC in the 1pctCO2 scenario and − 150.0 GtC in the 1pctCO2‐bgc scenario (relative errors of ∼8.0% and
∼5.0%, respectively). Conversely, it overestimates CLand for BCC‐CSM2‐MR, with mean errors of approximately
+100.0 GtC in the 1pctCO2 scenario and +75.0 GtC in the 1pctCO2‐bgc scenario (relative errors of ∼4.0% and
∼2.5%, respectively). The soil carbon pool contributes significantly to these emulation errors (not shown). These
results indicate that the carbon cycle behaves differently in the hist_ssp and idealized scenarios within the ESMs,
in ways that are not well represented by the CNit model. Nevertheless, these errors are still smaller than the
intermodal differences in land carbon sequestration (with a standard deviation of 356.4 GtC over the whole
experimental period) observed among the studied CMIP6 ESMs in the 1pctCO2 scenario.

For the cNetLand flux, emulation errors generally fluctuate around zero, with most errors falling within±1.0 GtC/
yr. The mean error for cNetLand is less than 0.2 GtC/yr for most ESMs in most of the experiments. Higher
emulation errors are observed for BCC‐CSM2‐MR and the two CanESM models, with mean errors reaching
approximately 0.6 GtC/yr and − 0.8 GtC/yr, respectively, in the hist_ssp runs, and 2.0 GtC/yr and − 4.0 GtC/yr in
their 1pctCO2 runs.

The above results demonstrate that the CNit emulation captures both the fluxes and states in the land carbon cycle
from CMIP6 ESMs, especially in the hist_ssp experiments. The more pronounced emulation errors for CLand and
cNetLand in the 1pctCO2 scenario can be attributed to multiple factors. First, the AFOLU land use emissions
input used in CNit differs from the original ESM outputs (as explained in Section 3.2). Although we acknowledge
this difference, it was the best available option for ensuring consistency. Second, CNit does not simulate fire
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emissions, while most of the selected CMIP6 ESMs do (Rabin et al., 2017). As a result, fire emissions are
embedded within heterotrophic respiration (i.e., pool turnover) simulated by CNit (see Section 3.2). Since fire
emissions differ significantly between the hist_ssp and 1pctCO2 experiments, calibrating these experiments
together in CNit results in the use of identical turnover parameters (e.g., turnover time and sensitivity) to model
fluxes that are not only largely different but also not inherently part of the turnover flux itself. Therefore, the
emulation performance decreases. Third, other ESM components that drive the carbon cycle, such as precipitation
and the water cycle, may respond differently to the hist_ssp and 1pctCO2 forcings. CNit does not account for
these differences, which affects its ability to capture the distinct carbon cycle behaviors between the hist_ssp and
idealized scenarios. Lastly, we calibrate all experiments simultaneously. As a result, the hist_ssp experiments
carry more weight than the 1pctCO2 and 1pctCO2‐bgc experiments, leading the calibration to favor the hist_ssp
scenarios when they diverge from the idealized scenarios, in order to minimize the global cost function.

The emulated PU and BNF closely match the CMIP6 ESM outputs, with absolute errors<0.2 GtN/yr (most<0.05
GtN/yr) for PU and <0.03 GtN/yr (most <0.01 GtN/yr) for BNF. The largest PU emulation error is found for

Figure 2. Distribution of emulation errors for target variables, including net primary production (NPP), land carbon pool size (CLand), net land carbon flux (cNetLand),
nitrogen plant uptake (PU), biological nitrogen fixation (BNF), land organic nitrogen pool size (NLando), mineral nitrogen pool size (NM), and net land nitrogen flux
(nNetLand), across the hist_ssp series, 1pctCO2, and 1pctCO2‐bgc experiments. Gray dashed lines (with annotations) indicate the 10th to 90th percentile range of
emulation errors across all CMIP6 ESMs within each experiment. Black dashed lines (unlabeled) indicate zero error.
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ACCESS‐ESM1‐5 (up to ±0.15 GtN/yr). For most ESMs in the hist_ssp and 1pctCO2‐bgc experiments, mean
emulation errors remain within ±0.01 GtN/yr for PU and ±0.004 GtN/yr for BNF. Given that PU ranges from
0.35 to 2.5 GtN/yr (mostly 0.6–1.5 GtN/yr) and BNF ranges from 0.025 to 0.23 GtN/yr across the studied ESMs,
these small mean errors highlight the effectiveness of the updated CNit parameterizations in capturing these
fluxes. In the 1pctCO2 experiment, larger PU overestimations are observed for the two CMCC models, MIROC‐
ES2L, NorESM2‐LM, UKESM1‐0‐LL, and CESM2‐WACCM (mean errors of 0.02–0.05 GtN/yr), while a PU
underestimation of approximately 0.025 GtN/yr is found for MPI‐ESM1‐2‐LR. BNF is also overestimated for
ACCESS‐ESM1‐5 and MIROC‐ES2L (0.008–0.025 GtN/yr) and underestimated for the two NorESM models
(∼0.02 GtN/yr) in their 1pctCO2 simulations.

For nitrogen states, the CNit emulation of NLando performs better in the hist_ssp series and 1pctCO2‐bgc ex-
periments than in the 1pctCO2 experiment. The absolute error is smaller than 2.5 GtN (mean error mostly within
±0.3 GtN) in the former, while it can reach approximately − 5.0 GtN in the latter for ACCESS‐ESM1‐5,
NorESM2‐LM, and CESM2‐WACCM (mean error between − 1.7 and − 2.1 GtN). This negative bias persists
throughout the 1pctCO2 experiment. The NM is less well emulated than the NLando, with the largest error found for
ACCESS‐ESM1‐5 under the hist_ssp experiments (persistent overestimation with a mean of ∼3.0 GtN). Larger
emulation errors are also seen for the two NorESM models and CESM2‐WACCM, with mean errors within − 0.5
to − 1.0 GtN (underestimations). These models feature larger NM pools than the others—∼36.0 GtN for ACCESS‐
ESM1‐5,∼6.0 GtN for the NorESMmodels, and <4.0 GtN for the rest. There are overestimations in the emulated
nNetLand, which shows persistent positive bias for ACCESS‐ESM1‐5, the two NorESM models, and CESM2‐
WACCM (mean errors of ∼0.05, ∼0.015, and ∼0.01 GtN/yr, respectively). In contrast, NM and nNetLand
emulation errors from the 1pctCO2 and 1pctCO2‐bgc experiments show underestimations, with a mean of <1.5
GtN for NM and <0.015 GtN/yr for nNetLand in most ESMs.

This NM emulation is a model limitation since CNit v1.0 (Tang, Nicholls, Norton, et al., 2025). The current
emulation error is comparable to the previous one. For ACCESS‐ESM1‐5, the error is even larger than the others
(note that this model was not included in the prior calibration). Potential causes were discussed in the CNit v1.0
calibration (Tang, Nicholls, Norton, et al., 2025). On the parametrization side, we revised the NM turnover
formulation to separately represent gaseous and leaching losses (Equation 26). However, due to the lack of data on
the different forms of mineral nitrogen loss, this enhanced model capability was not utilized in the current
calibration (see Section 3.2). As a result, the formulation limitation presents in CNit v1.0 remains. A key dif-
ference in this calibration is the consistent use of AFOLU nitrogen emissions (as nLUmin) and LUH2 fertilizer
application (as FT) as inputs for CNit v2.0 (see Section 3.2 for the justification), rather than ESM outputs used in
the previous calibration. The LUH2 fertilizer application flux increases from zero (before the 1910s) to 0.1–0.2
GtN/yr by 2100 (Figure A1), depending on the SSP scenarios, which is a large flux compared to atmospheric
deposition (<0.08 GtN/yr for all SSP scenarios). Since FT directly enters theNM (Figure 1), the discrepancy arises
if the ESMs do not use LUH2 FT in their simulations, while we do in our calibration. Consequently, NM over-
estimation primarily occurs in the hist_ssp experiments, but not in the 1pctCO2 and 1pctCO2‐bgc experiments
(Figure 2), where FT is set to zero to reflect pre‐industrial conditions. To enhance the CNit simulation of NM, we
suggest that future CMIP ESMs adopt more consistent nitrogen fertilizer input data and report gaseous and
leaching losses separately. This would allow CNit to use the same inputs as the ESMs and test updated NM
turnover parameterizations. Nevertheless, given the much smaller size of NM compared to organic nitrogen pools
(<1 GtN vs. >100 GtN), the emulation error is unlikely to substantially affect estimates of total land nitrogen
dynamics.

For some models, the emulation exhibits systematic bias in the 1pctCO2 and 1pctCO2‐bgc experiments, but not in
the hist_ssp experiments (for both carbon and nitrogen variables). This occurs because model behavior with or
without land use change forcings can differ substantially in ESMs. Such non‐linearity, driven by regional dif-
ferences or underlying physical processes, presents a challenge for CNit, which aims to capture all dynamics
within a simplified global annual‐mean framework (see Section 3.3). Future updates to CNit's land use repre-
sentation are expected to improve performance in these idealized experiments.

5. Carbon–Nitrogen Cycle Dynamics and Process Attribution in CNit Emulations
The following results and discussions focus on the varying responses of processes to CO2 concentration, climate,
and nitrogen status, as diagnosed from the process‐based CNit emulation (despite the use of highly parameterized
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process representations). Detailed calculations for updated processes are provided in Section 2. Calculations
unchanged from CNit v1.0, such as the CO2 fertilization and temperature effects, are provided in Tang, Nicholls,
Norton, et al. (2025). Since all experiments are calibrated simultaneously using a single set of best‐estimate
parameters for each ESM (see Section 3.3), we present results from the hist_ssp585 experiment as an illustra-
tive example. The diagnosed effects and responses in the other experiments show broadly similar trends to their
corresponding drivers (Figure A1), consistent with the exponential formulations (e.g., Equations 24 and 25). We
reiterate that the effects parameterized in the CNit emulation—represented as unitless scalars quantifying the
responses of processes to various factors—are based on global annual‐mean values.

5.1. The CO2 Fertilization, Climate Response, and Carbon‐Nitrogen Coupling Effects on NPP

The emulated NPP for the C‐only ESMs shows larger variability compared to the CN‐coupled ESMs (67.2–156.5
vs. 54.0–101.0 GtC/yr in 2100, Figure 3). Among all the ESMs studied, the NPP emulated for the two CanESM
models maintains the highest values and shows a large increase across the entire period (from 62.2 to 156.5 GtC/
yr), whereas the NPP emulated for ACCESS‐ESM1‐5 and TaiESM1 shows much smaller starting values and
increases (from 42.2 to 54.9 GtC/yr). The multi‐model mean NPP increases for both the C‐only and CN‐coupled
ESMs, with the former consistently showing higher values (49.3–110.4 vs. 44.9–75.6 GtC/yr). Additionally, NPP
accelerates faster in the C‐only ESMs starting around 2000. The above also reflects the original ESM outputs,
given the close match between the CNit emulations and the ESM‐simulated NPP (Figure 2).

From the CNit parameterization, the multi‐model mean CO2 fertilization effect (ϵCO2) is larger in the C‐only
ESMs than in the CN‐coupled ESMs, with an expanding difference in the future (ϵCO2 of 2.03 ± 0.48 vs.
1.74± 0.33 in 2100), explaining the more rapid NPP increase in the C‐only ESMs. There is an outlier high ϵCO2 of
2.86 in 2100 for BCC‐CSM2‐MR. If excluding an outlier C‐only ESM, BCC‐CSM2‐MR, the multi‐model mean
ϵCO2 for the C‐only ESMs becomes 1.82 ± 0.13 in 2100, which is less variable but remains larger than that of the
CN‐coupled ESMs. This is in line with previous findings that demonstrate the overlap of carbon‐concentration
feedbacks between C‐only and CN‐coupled ESMs (Arora et al., 2020).

The emulated temperature response of NPP is similar for both the C‐only and CN‐coupled ESMs (multi‐model
mean ϵdT(NPP) of 1.05 in 2100 for both groups), though it shows greater variability for the C‐only ESMs. The
strongest negative climate response of NPP is found for BCC‐CSM2‐MR (ϵdT(NPP) of 0.80 in 2100, i.e., 20%
reduction of NPP), while a large enhancement of NPP with warming is found for the two CanESM models
(ϵdT(NPP) of 1.30 in 2100). All these models are C‐only, which contributes to the large spread in the results. The
strong negative climate response in BCC‐CSM2‐MR counters its high CO2 fertilization, leading to a moderate
increase in NPP across the hist_ssp585 period (43.1–101.1 GtC/yr). The high ϵdT(NPP) combined with the
moderate ϵCO2 in the two CanESM models are responsible for their nearly tripled NPP increase from 1850 to
2100.

Figure 3. The emulated net primary production (NPP) and its response to CO2 fertilization (ϵCO2), temperature change (ϵdT(NPP)), and carbon‐nitrogen coupling (ϵCN(NPP))
for CMIP6 ESMs under the hist_ssp585 experiment. The dashed lines represent the multi‐model mean values (red: C‐only ESMs; blue: CN‐coupled ESMs). The shaded
areas indicate the multi‐model mean ± 1 standard deviation ranges (red: C‐only ESMs; blue: CN‐coupled ESMs).
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The carbon‐nitrogen coupling effect on NPP (ϵCN(NPP)) consistently indicates nitrogen limitation across the
CN‐coupled ESMs throughout the hist_ssp585 period (i.e., a nitrogen deficit). This limitation increases over time
for most ESMs, with ϵCN(NPP) ranging from a minimum of 0.83 (CMCC‐CM2‐SR5) to a maximum of 0.97
(TaiESM1) by 2100.

5.2. The Climate Response and Carbon‐Nitrogen Coupling Effect on Carbon Turnovers

The multi‐model mean cLP for both groups is very similar, increasing from ∼12.0 to ∼18.0 GtC/yr during the
hist_ssp585 period (Figure 4). The emulated cLP for the C‐only ESMs shows less variability compared to the
CN‐coupled ESMs, with a standard deviation of 7.5 versus 12.9 GtC/yr in 2100. The emulated cLP for MIROC‐
ES2L shows the highest values throughout the entire period, increasing from 29.2 to 33.4 GtC/yr. Interestingly,
from a multi‐model mean perspective, the emulated temperature response of cLP shows opposite signs between
the C‐only ESMs (− 6.5%) and CN‐coupled ESMs (+15.6%). The nitrogen deficit inhibits litter production by an
average of 23.1% in 2100. The strongest limitation is found for the two NorESMs (∼50.0% reduction), while a
slight enhancement in cLP is observed for ACCESS‐ESM1‐5 (2.8%).

During the experimental period, the emulated cLD for the C‐only ESMs increases from 41.7± 10.0 to 93.7± 41.2
GtC/yr, while for the CN‐coupled ESMs, it increases from 35.0 ± 15.2 to 55.2 ± 24.4 GtC/yr. The highest cLD is
observed for the two CanESMmodels (∼133.0 GtC/yr in 2100), which correlates with their high NPP (the highest
among the studied ESMs, Figure 3). Their elevated cLD is driven by a strong temperature response (>80.0%
enhancement of cLD in 2100). The highest warming‐enhanced cLD is found for BCC‐CSM2‐MR (88.5% in
2100), concurrent with its highest CO2 fertilization effect and strongest negative climate response of NPP
(Figure 3). These responses yield a multi‐model mean temperature response of cLD of 1.60 ± 0.36 for the C‐only

Figure 4. The emulated carbon turnover processes, including litter production (cLP), litter decomposition (cLD), and soil respiration (cSR), and their responses to
temperature change (ϵdT) and carbon‐nitrogen coupling (ϵCN) for CMIP6 ESMs under the hist_ssp585 experiment. The dashed lines represent the multi‐model mean
values (red: C‐only ESMs; blue: CN‐coupled ESMs). The shaded areas indicate the multi‐model mean± 1 standard deviation ranges (red: C‐only ESMs; blue: CN‐coupled
ESMs).
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ESMs in 2100, compared to 1.30 ± 0.14 for the CN‐coupled ESMs (i.e., an average cLD enhancement of 60.0%
vs. 30.0%). The multi‐model mean nitrogen effect on litter decomposition is limiting the process
(ϵCN(cLD) = 0.95 ± 0.11 in 2100) but this is model‐dependent, as ACCESS‐ESM1‐5, MPI‐ESM1‐2‐LR, and
TaiESM1 show an enhancement of litter decomposition due to the nitrogen effect (<10.0% in 2100).

Most emulated cSR values range from 10.0 to 30.0 GtC/yr. The lowest and highest cSR values are found for
TaiESM1 (from 4.8 to 6.7 GtC/yr) and UKESM1‐0‐LL (from 59.7 to 96.5 GtC/yr), respectively. The emulated
cSR for C‐only ESMs is consistently lower than for CN‐coupled ESMs (∼10.0 GtC/yr lower on average), yet their
climate response is stronger (mean ϵdT(cSR) 1.79 vs. 1.30 in 2100). The strongest climate response in soil respi-
ration is found for the two CanESMmodels, with an approximately doubled increase by 2100 (ϵdT(cSR) of 1.94 and
2.08, respectively). The nitrogen effect is increasing soil respiration, with the largest enhancements of 44.4% and
48.4% for NorESM2‐LM and NorESM2‐MM, respectively. Other models show ϵCN(cSR) values ranging from 1.03
to 1.23, resulting in a multi‐model mean of 1.18 ± 0.16 in 2100.

5.3. The Heterotrophic Respiration, Land Carbon State, and Net Land Carbon Flux

The emulated RH shows clear differences between the C‐only and CN‐coupled ESMs, with the former consis-
tently exhibiting higher values (Figure 5). Overall, RH follows similar trends to those of NPP (Figure 3), which is
expected, as their difference determines the cNetLand (i.e., net biosphere production). This flux should be similar
across all ESMs, particularly during the historical period. It also suggests that if a model overestimates one
component, the other is likely to be overestimated as well (e.g., the extremely high NPP and RH in the two
CanESM models).

The initial CLand varies substantially among ESMs, ranging from 984.6 GtC in IPSL‐CM6A‐LR to 3300.3 GtC in
CMCC‐ESM2 (Figure 5). The multi‐model mean emulated CLand is consistently smaller for the C‐only ESMs
than for the CN‐coupled ESMs throughout the entire hist_ssp585 period. However, the emulated CLand shows a
larger increase during the scenario phase for the C‐only ESMs, resulting in total carbon uptake (ΔCLand) of
451.8 ± 159.8 GtC and 206.5 ± 121.1 GtC for the C‐only and CN‐coupled ESMs, respectively. In the historical
period, the emulated CLand decreases (i.e., negative cNetLand) for the CN‐coupled ESMs, a pattern not observed
for the C‐only ESMs based on their multi‐model means. The mean cNetLand remains consistently higher for the
C‐only ESMs than for the CN‐coupled ESMs, with the difference widening in the scenario phase (2.5 ± 2.3 vs.
5.1 ± 3.1 GtC/yr in 2100).

5.4. The Biological Nitrogen Fixation, Land Nitrogen State, and Net Land Nitrogen Flux

The emulated BNF increases across most of the ESMs during the hist_ssp585 period (Figure 6). The multi‐model
mean increases from 0.086 ± 0.047 to 0.157 ± 0.033 GtN/yr, with a sharp increase beginning in the 1950s. The
highest BNF occurs in ACCESS‐ESM1‐5, which remains above 0.175 GtN/yr throughout the period. However, it

Figure 5. The emulated heterotopic respiration (RH), land carbon pool size (CLand), land carbon uptake (ΔCLand), and net land carbon flux (cNetLand) for CMIP6 ESMs
under the hist_ssp585 experiment. The dashed lines represent the multi‐model mean values (red: C‐only ESMs; blue: CN‐coupled ESMs). The shaded areas indicate the
multi‐model mean ± 1 standard deviation ranges (red: C‐only ESMs; blue: CN‐coupled ESMs).
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first plateaus at ∼0.210 GtN/yr (around 2000s), then flattens before slightly declining. These patterns are also
observed in the original ESM outputs, as BNF is well emulated by CNit (Figure 2).

The emulated NLand shows considerable variation throughout the period, with its multi‐model mean increasing by
∼11.0 GtN during the hist_ssp585 period (from 172.2 ± 72.6 to 183.2 ± 73.6 GtN, Figure 6). The largest
emulated NLand values are found for the two CMCC models and NorESM2‐LM, which are more than three times
larger than the smallest NLand observed in MPI‐ESM1‐2‐LR (>250.0 vs. <70.0 GtN).

The emulated land nitrogen accumulation (ΔNLand) shows an increasing spread after 1950, with the standard
deviation reaching 8.2 GtN in 2100 (compared to a mean of 11.0 GtN). The largest ΔNLand is emulated for
ACCESS‐ESM1‐5 and the two NorESMmodels, ranging from 10.0 to 18.0 GtN in 2100. In contrast, the smallest
ΔNLand is emulated for UKESM1‐0‐LL and MIROC‐ES2L (2.4 and 3.8 GtN), both of which show a decreasing
trend in the later phase of the ssp585 scenario.

Similar to ΔCLand, ΔNLand shows a decreasing trend before 1950 due to negative nNetLand. However, the
decrease in nNetLand after 2050 is much more rapid than that of cNetLand (from a multi‐model mean
perspective). The emulation for both UKESM1‐0‐LL and MIROC‐ES2L show negative cNetLand in 2100 (i.e.,
net land nitrogen emission, ∼0.07 GtN/yr).

6. Discussion
6.1. Overestimation of NPP in CMIP6 ESMs—The Role of CO2 Fertilization

The overestimation of historical GPP in CMIP5 and CMIP6 C‐only ESMs (compared to observations and
reanalysis data sets for 1986–2005) has been extensively reported in previous studies (Anav et al., 2013; Gier
et al., 2024), with this bias attributed to the absence of nitrogen cycle representation in these models. A similar
positive bias in modeled NPP (compared to observations) from CMIP6 ESMs has been observed, although
smaller than that seen in CMIP5 models (e.g., ∼12% vs. ∼31%, for 2001–2005, values from Varney et al. (2022)
andWei et al. (2022). This overestimation of both GPP and NPP persists into the more recent period (2000–2014),
with biases of 16% and 13%, respectively, as reported by Hu et al. (2022). Our results also reveal a notably higher
NPP in the C‐only ESMs, with a more pronounced acceleration during the scenario period (Figure 3, consistent
with the ESM outputs), suggesting that these models continue to overestimate NPP, particularly under high‐
emission future scenarios.

Although the inclusion of the nitrogen cycle is a key factor in explaining the more constrained NPP in CN‐coupled
ESMs (Anav et al., 2013; Davies‐Barnard et al., 2020; Gier et al., 2024), our emulation shows that the CO2
fertilization effect (on average, 29% stronger in C‐only ESMs than in CN‐coupled ESMs, Figure 3) plays a larger
role than nitrogen limitation on NPP (on average, 10%). Given that the mean climate response is nearly identical
for both C‐only and CN‐coupled ESMs, this suggests that, from a global annual‐mean perspective, the over-
represented CO2 fertilization sensitivity has a greater impact on NPP overestimation than nitrogen cycle inclusion

Figure 6. The emulated biological nitrogen fixation (BNF), land nitrogen pool size (NLand), land nitrogen uptake (ΔNLand), and net land nitrogen flux (nNetLand) for
CMIP6 ESMs under the hist_ssp585 experiment. The dashed lines represent the multi‐model mean values (CN‐coupled ESMs). The shaded areas indicate the multi‐
model mean ± 1 standard deviation ranges (CN‐coupled ESMs).
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(i.e., incorporating the nitrogen cycle may not sufficiently offset the overestimation of CO2 fertilization effect).
Excluding the extreme CO2 fertilization sensitivity in BCC‐CSM2‐MR, the 8% difference in CO2 fertilization
remains comparable to the difference observed between ESMs with or without a nitrogen cycle, highlighting the
critical role of accurately representing NPP sensitivity to elevated CO2 (Kolby Smith et al., 2016; Schimel
et al., 2015). Consequently, the current carbon‐concentration feedback in ESMs may be overestimated (Arora
et al., 2020).

Experiments show that NPP and biomass accumulation responses to CO2 enrichment vary depending on
ecosystem type and age (Jiang et al., 2020), but models struggle to capture these differences effectively (Walker
et al., 2019). A recent study focusing on the period 1982–2015 reports a declining trend in the CO2 fertilization
effect in models, although this trend is substantially weaker than that observed (Wang et al., 2020). This
underrepresentation is likely due to model limitations in simulating nutrient constraints (He et al., 2017), soil
water availability (and water use efficiency) (Li et al., 2021), regional disparities (McGrath & Lobell, 2013),
and their combined effects (Zhang et al., 2022). The overestimation of GPP and leaf area index in Sub‐Saharan
Africa and the United States, and their underestimation in Northeastern South America, are persistent model
biases since CMIP5 for both C‐only and CN‐coupled ESMs (Gier et al., 2024), indicating that future model
development should devote greater attention to CO2 fertilization strength in these regions. These results further
support the need for refinement of CO2 fertilization representations in ESMs. Nevertheless, there remains
considerable variability in the climate response of NPP across CMIP6 ESMs, both in global annual‐mean
values (Figure 3) and spatial patterns (e.g., tropical vs. extratropical regions, (Zhu et al., 2022)). Thus,
climate response cannot be entirely disregarded when comparing the relative strength of different effects across
individual models.

A key limitation of the current calibration, as well as our previous calibration (Tang, Nicholls, Norton,
et al., 2025), is the lack of C‐only reference simulation results from the CN‐coupled ESMs. In other words, direct
constraints on the emulated nitrogen effect on NPP are unavailable. However, several factors increase our
confidence in the emulated nitrogen effect on NPP.

First, the emulated carbon‐nitrogen coupling effect on NPP is comparable to results from many land surface
models running C‐only and CN‐coupled experiments. For example, JULES‐CN (the land component in
UKESM, Table 1) in the RCP8.5 scenario show a ∼6% reduction in NPP in 2100 in the CN‐coupled mode
compared to the C‐only mode (estimated from Huntingford et al. (2022)). There is a 12.7% NPP reduction from
O‐C to O‐CN in the historical simulation (1860–2002) (Zaehle et al., 2010), and a ∼10% reduction in NPP from
its C‐only reference to O‐CN's 30 model ensemble (with various representations for C:N flexibility, BNF,
ecosystem nitrogen loss, and their combinations) at the end of their RCP8.5 and RCP2.6 scenario runs
(Meyerholt et al., 2020). JSBACH shows a smaller NPP reduction (∼10%) by CN‐coupling over the entire
1pctCO2 scenario period (Goll et al., 2017). Similarly, the MIT Integrated Global Systems Model (IGSM)
shows comparable nitrogen limitations on both GPP and autotrophic respiration (Sokolov et al., 2008). Some
models, however, report much larger NPP reductions in CN‐coupled mode, such as a 15%–45% reduction in
different CN‐coupled schemes (TECO‐CN, CLM 4.5, and O‐CN) compared to the TECO‐C mode during the
Duke Forest simulation from 1996 to 2007 (Du et al., 2018). Some models report more than ∼50% NPP re-
ductions, such as an early version of CLM‐CN (CLM v3.0 + Biome‐BGC v4.1.2) during the later phases of the
SRES A2 scenarios (Thornton et al., 2007), or the CABLE model in 2100 under RCP8.5 (Fleischer
et al., 2019). These large differences highlight the significant uncertainty in carbon‐nitrogen coupling. None-
theless, a >50% nitrogen limitation on global NPP is unlikely unless the NPP simulated in the C‐only mode is
excessively high. This suggests the possibility of overly strong CO2 sensitivity in these models, which further
support our emulation results (Figure 3).

Second, the inclusion of the 1pctCO2 and 1pctCO2‐bgc simulations in our calibration allows us to disentangle the
climate response and CO2 fertilization effects. The ≥4 SSP scenarios, with their wide range of co‐varying CO2
concentrations and temperatures, further constrain both the CO2 fertilization and climate effects. If the CO2
fertilization effect and temperature response are validated, this will indirectly constrain the emulated nitrogen
effect.

Finally, the historical period is calibrated for both C‐only and CN‐coupled ESMs. Since the historical NPP in-
crease is similar across the ESMs, this also serves as an indirect constraint on the emulated nitrogen effect.
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6.2. Turnover‐Driven Divergence of Land Carbon Dynamics in CMIP6 ESMs

The C‐only ESMs exhibit both higher NPP and RH compared to the CN‐coupled ESMs (Figures 3 and 5).
However, these changes are not proportional, leading to higher estimates of land carbon uptake and net biosphere
production in the C‐only ESMs (Figure 5). The inclusion of the nitrogen cycle and nitrogen availability are key
factors driving these differences (Kou‐Giesbrecht et al., 2023; Zaehle et al., 2015).

When breaking it down into processes, our emulation shows that the difference arises not only from NPP and the
effects on it (Figure 3), but also from nearly all turnover fluxes and their responses to climate and nitrogen
availability (Figure 4).

First, the turnover fluxes differ substantially across ESMs. In 1850, the maximum cLP and cSR fluxes are about
three times their respective minima, reflecting differences in initial carbon pool sizes (Figure 5). A comparison
with observations reveals both overestimations and underestimations of soil and litter carbon by CMIP6 ESMs
(Varney et al., 2022), highlighting the significant uncertainty in the modelled soil and litter carbon states.

Second, the climate response of cLP is opposite in the C‐only and CN‐coupled ESMs (Figure 4). The similar
multi‐model mean cLP in both C‐only and CN‐coupled ESMs results from the simultaneous positive climate
response and nitrogen limitation in the CN‐coupled ESMs (in contrast to the negative climate response in the
C‐only ESMs), highlighting the importance of nitrogen inclusion. The warming‐induced vegetation shift
leading to ecological drought contributes to the positive climate response of cLP (Tietjen et al., 2017). Ni-
trogen limitation on litter production aligns with the community‐level leaf lifespan's dependence on nutrient
availability, with longer leaf lifespan communities in nutrient‐poor environments maximizing nitrogen use
efficiency (Aerts & Chapin, 1999; Pornon et al., 2011; Reich et al., 1997). Without this consideration, the
C‐only ESMs may misattribute nitrogen limitation to the negative climate response. Overall, the cLP in
CMIP6 ESMs shows a negative response (within ∼10% inhabitation, i.e., slowing plant mortality and/or leaf
shedding) to the combined climate and nutrient conditions in the hist_ssp585 period. Nutrient limitation,
warming‐induced precipitation increases (Trenberth, 2011), warming‐altered leaf senescence (Zohner
et al., 2023), and the shift in productivity allocation to belowground (Liu et al., 2018) contribute to this global
annual‐mean response.

Lastly, the climate response of cLD and cSR in the C‐only ESMs is higher than in the CN‐coupled ESMs (multi‐
model mean values, Figure 4), but still insufficient to offset their high NPP (Figure 3). The cLD (fraction to
atmosphere, cLD2A, i.e., litter respiration and labile soil organic matter decomposition) and cSR are component
fluxes of RH (Equation 4). The cLD2A contributes 40%–90% of RH except for UKESM‐0‐LL, which lacks a litter
pool. Comparatively, the cLD2A in the C‐only ESMs shows a higher contribution than in the CN‐coupled ESMs
(with lower cSR and higher RH in the C‐only ESMs, Figures 4 and 5). This suggests that the climate response of
cLD is underestimated in the C‐only ESMs, as it is not sensitive enough to respire the excessively high NPP.
Given the multi‐model mean nitrogen effect in limiting cLD, nitrogen inclusion further differentiates cLD be-
tween the C‐only and CN‐coupled ESMs, explaining the lower RH increase in the CN‐coupled ESMs (Figure 5).
The global nitrogen effect on litter decomposition remains inconclusive, with litter quality and climate as the
primary factors influencing the decomposition rate (Knorr et al., 2005; Krishna & Mohan, 2017; Mcclaugherty
et al., 1985). This suggests that the emulated nitrogen effect is a global aggregation of multiple factors, explaining
its variability across CMIP6 ESMs.

For the cSR, the climate effect in the C‐only ESMs is ∼1.5 times that in the CN‐coupled ESMs, suggesting a
potential misattribution of nitrogen effects in the climate response of the C‐only ESMs (similar to cLP, Figure 4).
A recent study examining land carbon cycle feedbacks indicates that soil carbon‐climate feedback dominates land
carbon‐climate feedback in CMIP6 ESMs (Varney et al., 2024). Our results underscore the necessity of further
disentangling nitrogen cycle feedbacks to accurately estimate carbon‐cycle feedbacks (Kou‐Giesbrecht
et al., 2025; Ziehn et al., 2021).

In the studied CN‐coupled ESMs, nitrogen deficit consistently stimulates cSR to a degree comparable to its
climate response (Figure 4), which contrasts with the nitrogen limitation effect observed for cLD in the multi‐
model mean. Observations of reduced soil respiration following nitrogen enrichment in forest soils (Janssens
et al., 2010; Sun et al., 2014; Zeng et al., 2023) partially support this nitrogen deficit–induced enhancement of
cSR. Contributing factors include changed carbon availability (Eberwein et al., 2015), increased recalcitrant
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carbon utilization (Zeng et al., 2023), and enhanced below‐ground carbon allocation (Janssens et al., 2010). The
latter is consistent with the emulated nitrogen limitation on cLP. In our emulation, nitrogen deficit reflects the
imbalance between plant nitrogen demand and availability (Equations 17–19), serving as an indicator of
ecosystem nitrogen status. However, this does not necessarily imply a nitrogen deficit for litter and soil organic
matter decomposition. For the whole system, the reduced nitrogen plant uptake under deficit conditions may
increase nitrogen availability for microbial communities, thereby enhancing cSR. The divergent climate re-
sponses and nitrogen effects on cLD and cSR largely contribute to the differences in RH between the C‐only and
CN‐coupled ESMs (Figure 5).

6.3. Variability of Land Nitrogen Dynamics in CMIP6 ESMs

There is significant spread in both BNF and land nitrogen dynamics in the emulation results (Figure 6,
consistent with the ESM outputs). Despite the more constrained NPP in the CN‐coupled ESMs during the
historical period (Figure 3), the spread in BNF is larger in the historical period than in the scenario period
(standard deviation of 0.047 GtN/yr in 1850 vs. 0.033 GtN/yr in 2100, Figure 6). Compared to NPP (Figure 3),
the emulated BNF also exhibits more diverse trends among models in the scenario period (Figure 6). As the
largest natural land nitrogen input, BNF is a key flux influencing model‐based estimates of net land carbon
uptake (Meyerholt et al., 2016). However, neither observational data nor current model representations provide
a consistent and high‐confidence global estimate of BNF (Davies‐Barnard et al., 2022; Davies‐Barnard &
Friedlingstein, 2020; Vitousek et al., 2013). Globally, there is no uniform relationship between BNF and NPP
—BNF:NPP ratios vary across models, showing increases, decreases, or no change (Figure A2)—nor between
NLand and CLand (Figure A2).

All ESMs, except ACCESS‐ESM1‐5, simulate an increasing land N:C ratio during the historical period
(Figure A2), followed by a decline in the scenario period. Considering that both carbon and nitrogen accumulate
on land during the scenario period (Figures 5 and 6), the declining N:C ratio indicates that nitrogen loss is more
sensitive to future climate than carbon. This aligns with our emulated temperature sensitivity of nitrogen loss,
which shows a 1.4–2.5‐fold amplification of initial nitrogen loss (Figure A3). Historical overestimation of ni-
trogen loss from denitrification—nearly twice the isotope‐based estimates—has been reported (Feng et al., 2023),
suggesting that high climate sensitivity may further accelerate nitrogen loss in the future due to accumulated
nitrogen in the historical period being more prone to volatilization.

Nitrogen addition experiments using offline land surface models from CMIP6 ESMs reveal diverse responses in
BNF, nitrogen use efficiency, and various components of the land nitrogen budget (Davies‐Barnard et al., 2020).
These differences align with the varied changes in land nitrogen pool sizes and net land nitrogen fluxes (Figure 6).
Our emulation of nitrogen turnover fluxes shows that most of the uncertainty arises from nLP, based on the
relative variability among ESMs (standard deviation‐to‐mean ratios of 0.60, 0.41, 0.40, and 0.20 for nLP, nLD,
nSR, and nLS, respectively; Figure A3). While the multi‐model mean trends of climate and nitrogen responses in
nitrogen turnover processes resemble those of their carbon counterparts, the inter‐model spread is larger—
particularly for soil respiration (Figure A3).

7. Comparison With CNit v1.0 Calibration and Insights for Future RCM Calibration
Strategies
In CNit v2.0 and its calibration, we have addressed three major limitations from our previous work (Tang,
Nicholls, Norton, et al., 2025): the explicit parameterization of nitrogen status, the inclusion of BNF simulation,
and the disentangling of climate response and carbon‐nitrogen coupling effects. The first two improvements are
related to updated parameterizations, while the third is a calibration setup enhancement (by incorporating
1pctCO2 and 1pctCO2‐bgc scenarios in the calibration). Additionally, we have updated the parameterization
for nitrogen loss flux simulation and improved the separation of anthropogenic nitrogen emissions between the
mineral and organic pools, aiming to enhance the emulation of the mineral nitrogen pool size. However, the
dynamics of the mineral nitrogen pool size remain relatively less well emulated (Figure 2). There are mainly two
reasons: (a) we have applied consistent AFOLU land use emissions and LUH2 nitrogen fertilization inputs for
CNit v2.0, which may differ from the ESM‐simulated land use emissions and fertilizer applications; and (b) we
have not yet applied the new nitrogen loss formulation that separates gaseous and leaching losses in the current
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calibration, limited by data availability in the studied ESMs and the mass conservation issues in the existing data
(Tang, Nicholls, Jones, et al., 2025). The latter should become more accessible in the future as ESMs couple the
land nitrogen cycle with the atmosphere and ocean, where the separation of gaseous and leaching losses is
essential.

Using AFOLU, LUH2, or other scenario‐based emissions as input for the CNit calibration—while it may un-
dermine calibration performance (in general, not just for mineral nitrogen dynamics)—is suggested to become a
standard approach in calibrating RCMs' carbon and nitrogen cycles. This is because emission scenarios in RCM
applications are derived from Integrated Assessment Models, which are the sources of the AFOLU and LUH2
data sets. This trade‐off is worthwhile because it ensures consistency in both calibration and application, and
provides convenience for future applications. This is also supported by our carbon and nitrogen mass conservation
analysis of the existing CMIP6 data (Tang, Nicholls, Jones, et al., 2025). When these fluxes are problematic or not
available in the published output, it is advisable for users to apply consistent treatment and/or utilize external data
sets to ensure fundamental mass conservation.

We recommend that RCMs consider including at least the historical, 1pctCO2, and 1pctCO2‐bgc experiments as
calibration targets in their carbon cycle calibration. This setup effectively tests RCMs' ability to correctly
emulate CO2 fertilization and climate effects. Moreover, the 1pctCO2 and 1pctCO2‐bgc scenarios are commonly
used to quantify carbon cycle feedbacks. Calibrating with both would benefit RCM applications in uncertainty
quantification of these feedbacks. We also suggest that RCMs use more reliable ESM outputs, including major
fluxes (e.g., NPP, RH, BNF, PU, and NetMIN) and all pool sizes, as calibration targets. Along with the utili-
zation of AFOLU and LUH2 data sets, this will allow RCMs to capture key dynamics in the carbon and nitrogen
cycles.

8. Conclusions
This paper presents CNit v2.0, with significant advancements in nitrogen deficit representation, BNF, land use
emissions, and carbon–nitrogen coupling effect parameterization. CNit v2.0 shows strong emulation of key
carbon and nitrogen fluxes and pools across the majority of CMIP6 ESMs, encompassing historical and various
idealized and SSP scenario runs (Figure 2).

Emulation of the hist_ssp585 period shows that higher NPP in C‐only ESMs relative to CN‐coupled ESMs arises
from both the absence of nitrogen limitation and a stronger CO2 fertilization effect. Based on multi‐model mean
values, nitrogen limitation alone cannot fully compensate the overestimated CO2 fertilization effect, highlighting
the need for re‐calibration of the coupled carbon‐nitrogen system in the future C‐only ESM development. All
CN‐coupled ESMs show increasing nitrogen limitation on NPP, reaching 10.2 ± 5.6% inhibition by 2100. The
multi‐model mean climate response of NPP is positive (warming‐enhanced) and similar in magnitude for both
C‐only and CN‐coupled ESMs, though sign‐changing uncertainty persists.

Initial land carbon pools vary widely among ESMs (900–3500 GtC). Multi‐model mean values indicate that
nitrogen deficits relative to plant uptake suppress litter production and decomposition while enhancing soil
respiration, although between‐model variation remains large. The C‐only ESMs may misattribute these nitrogen
effects to climate responses. Despite higher climate‐driven litter and soil respiration, total heterotrophic respi-
ration in C‐only ESMs does not fully counterbalance elevated NPP, leading to overestimated land carbon uptake
historically and increasingly in future scenarios compared to CN‐coupled ESMs. These results emphasize the
importance of nitrogen effect on both NPP and turnover.

Between‐model BNF variability is smaller during the scenario period than in the historical period. Both ni-
trogen turnover and net nitrogen uptake follow trends similar to carbon turnover and net carbon uptake,
though with greater variability among ESMs. This corroborates that land acted as a net carbon source before
the 1950s and highlights the nitrogen cycle's role in constraining the carbon cycle. During the scenario period,
net land nitrogen flux declines faster than net carbon flux, with the multi‐model mean turning negative by
2100—indicating that land becomes a net nitrogen source—driven by strong climate‐induced nitrogen loss.
These results suggest that future nitrogen benefits for carbon storage may be offset by increased nitrogen
emissions.
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Overall, the diagnosis from CNit emulation demonstrates the significant role of the nitrogen cycle in constraining
the carbon cycle, highlighting its importance for broader inclusion in ESMs. The high uncertainty in the current
nitrogen cycle underscores the need for further validation. Future work will apply the calibrated CNit v2.0 in
probabilistic climate projections using the updated MAGICC‐CNit to advance atmospheric CO2 and climate
projections while quantifying carbon and nitrogen cycle feedbacks. Insights and recommendations from the CNit
v2.0 calibration are expected to promote greater consistency in future RCM calibrations.

Appendix: Supplementary Figures and Tables
The Appendix provides additional figures and tables to support the descriptions and discussions in the main text
(see Figures A1–A3).

(See Table A1).

Figure A1. The prescribed temperature change (dT, derived from tas in the CMIP6 ESM outputs), atmospheric CO2 concentration, carbon from land use perturbation as
net emission (cLUnet), nitrogen from land use perturbation as mineral nitrogen loss (nLUmin), nitrogen fertilizer application (FT), and atmospheric nitrogen deposition
(AD) for calibration. The dashed lines represent the multi‐model mean values (red: C‐only ESMs; blue: CN‐coupled ESMs). The shaded areas indicate the multi‐model
mean ± 1 standard deviation ranges (red: C‐only ESMs; blue: CN‐coupled ESMs).
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Figure A2. The emulated nitrogen‐to‐carbon ratios of biological nitrogen fixation (BNF) to net primary production (NPP), and land nitrogen (NLand) to land carbon
(CLand). The dashed lines represent the multi‐model mean values (CN‐coupled ESMs). The shaded areas indicate the multi‐model mean ± 1 standard deviation ranges
(CN‐coupled ESMs).

Figure A3. The emulated nitrogen turnover processes, including litter production (nLP), litter decomposition (nLD), soil respiration (nSR), and mineral nitrogen loss
(nLS), and their responses to temperature change (ϵdT) and carbon‐nitrogen coupling (ϵCN) for CMIP6 ESMs under the hist_ssp585 experiment. The dashed lines
represent the multi‐model mean values (CN‐coupled ESMs). The shaded areas indicate the multi‐model mean ± 1 standard deviation ranges (CN‐coupled ESMs).
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Table A1
Target Variables in CNit and Their Corresponding Variable Names in CMIP6

Variable name in CNit
Variable name in

CMIP6 Extra information

NPP npp Net primary production (calibration target).

RH rh Heterotrophic respiration (calibration target).

PU fNup Nitrogen plant uptake (calibration target).

BNF fBNF Biological nitrogen fixation (calibration target).

NetMIN fNnetmin Nitrogen net mineralization (i.e., mineralization ‐ immobilization) (calibration target).

CP cVeg Vegetation carbon pool size (i.e., plant carbon pool size) (calibration target).

CL cLitter Litter carbon pool size (calibration target).

CS cSoil Soil carbon pool size (calibration target).

NP nVeg Vegetation nitrogen pool size (i.e., plant nitrogen pool size) (calibration target).

NL nLitter Litter nitrogen pool size (calibration target).

NS nSoil Soil nitrogen pool size (calibration target).

NM nMineral Mineral nitrogen pool size (calibration target).

AD fNdep Nitrogen deposition on land (model input).

FT fNfert Nitrogen fertilizer application (model input).

NPP2X – X = P (plant), L (litter), or S (soil); Fraction of NPP that goes into plant, litter, or soil pool
within the 1‐year time step.

PU2X – X = P (plant), L (litter), or S (soil); Fraction of PU that goes into plant, litter, or soil pool
within the 1‐year time step.

BNF2X – X = P (plant), L (litter), or S (soil); Fraction of BNF that goes into plant, litter, or soil pool
within the 1‐year time step.

cLP (or nLP) – Carbon (or nitrogen) flux from litter production (i.e., leaf dropping).

cLP2X (or nLP2X) – X = L (litter) or S (soil); Fraction of cLP (or nLP) that goes into litter or soil pool within
the 1‐year time step.

cLD (or nLD) – Carbon (or nitrogen) flux from litter decomposition. Within 1‐year timescale, it includes
the litter decomposition to soil organic matters, and the subsequent mineralization of
fresh/labile soil organic matters (fast).

cLD2X (or nLD2X) – X = S (soil), A (atmosphere) or M (mineral); Fraction of cLD that goes into soil and
atmosphere pool (or nLD that goes into soil and mineral pool) within the 1‐year time
step.

cSR (or nSR) – Carbon (or nitrogen) flux from soil respiration. It is mainly from decomposition of
recalcitrant soil organic matter (slow) when a litter pool is present.

nLS – Nitrogen flux from the mineral nitrogen loss.

nLSgas, nLSleach – nLS in terms of gaseous loss or leaching loss.

cLUnet, cLUgrs, cLUrgr (or nLUnet, nLUgrs,
nLUrgr)

– Carbon (or nitrogen) flux from land use perturbation in terms of net emission, gross
deforestation, and regrowth, respectively.

cLUgrsX (or nLUgrsX) – X = P (plant), L (litter), or S (soil); Fraction of cLUgrs (or nLUgrs) that occurs in plant,
litter, or soil pool.

nLUmin – Direct mineral nitrogen loss from land use perturbation.

CLand (or NLand) cLand (or nLand) Total land carbon (or nitrogen) pool size; CLand is the sum of CP, CL, and CS. NLand is the
sum of NP, NL, NS, and NM.

NLando – Total land organic nitrogen pool size; NLand is the sum of NP, NL, and NS.

cNetLand (or nNetLand) nbp (for carbon) Net land carbon (or nitrogen) flux from land to atmosphere (i.e., net biosphere production
for carbon).
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Data Availability Statement
The CNit v2.0 model code and the calibrated parameters for the studied CMIP6 Earth systemmodels are available
at https://doi.org/10.5281/zenodo.15569386 (Tang, Zaehle, et al., 2025). The accompanying Python code is
primarily intended to support review and reproducibility and includes essential documentation. A ready‐to‐use,
standalone Python package for CNit is now available on PyPI (https://pypi.org/project/cnit), with full docu-
mentation hosted at https://cnit.readthedocs.io. The source code is publicly available on GitHub (https://github.co
m/gangtang-au/cnit). The MAGICC Fortran code, including the MAGICC‐CNit implementation, is available on
GitLab at https://gitlab.com/magicc/magicc.

Calibration data are available from the Earth System Grid Federation (ESGF, https://esgf‐node.llnl.gov/projects/
cmip6/) for original CMIP6 ESM outputs, and from https://doi.org/10.5281/zenodo.14060168 (Tang et al., 2024)
for the processed global annual‐mean data. See Section 3.1, “Target Variables, Experiments, and CMIP6 ESMs,”
and Section 3.2, “Data Collection and Post‐Processing,” for details.
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