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Abstract The individual contributions of various human‐induced forcings under scenarios compatible with
the Paris Agreement targets are highly uncertain. To quantify this uncertainty, we analyze three types of models
with physical parameter perturbed large ensembles under global warming levels of 1.5 and 2.0°C. The scenarios
use adaptive CO2 emissions, while non‐CO2 emissions are prescribed. The residual emission budgets in the
scenarios are measured in terms of CO2 forcing equivalent (CO2‐fe). Our simulations quantify approximately
0.8 (0.2–1.3 for a 90% confidence interval) and 1.9 (0.9–3.0) TtCO2‐fe for the 1.5 and 2.0°C targets by the end of
the 21st century. About 37.5% (73.7%) of the budget for 1.5°C (2.0°C) originates from the CO2 emission
pathways, highlighting the importance of non‐CO2 forcings. Aerosols dominate the uncertainty in non‐CO2
contributions to global responses in both temperature and precipitation. Our modeling results underline the need
to constrain the response to each climate forcing, particularly aerosol, to build an accurate mitigation and
adaptation plan under the pledges of the Paris Agreement. Moreover, we demonstrate robust differences in
global and regional temperature and precipitation responses between the higher and lower CO2 emission
scenarios, highlighting the significance of carbon neutrality.

Plain Language Summary In 2020, human activities caused global warming to reach 1.2°C since
pre‐industrial times, leaving us with 0.3 and 0.8°C to meet the objectives of the Paris Agreement. Multiple
model simulations are conducted under the adaptive emission scenarios to explore the relevant mitigation
pathways, similar to the United Nations Framework Convention on Climate Change (UNFCCC) strategy. The
effects of CO2 and non‐CO2 factors (like non‐CO2 greenhouse gases and aerosols) are analyzed through
extensive ensemble simulations with various climate sensitivities. Our simulations illustrate that both forcing
contributions are substantial, and the uncertainty in climate response to aerosols is the key hindrance to accurate
climate projections under the Paris Agreement targets. The climate simulations exposed to the additional CO2
emissions display substantial and measurable global and regional differences in temperature and precipitation.
For example, according to the ensemble‐averaged results, 1.1 trillion tons of additional CO2 emissions
correspond to 0.5°C and 0.7% increases in global mean temperature and precipitation, highlighting the urgency
to achieve carbon emission neutrality as soon as possible. Our findings accentuate that any further CO2 emission
in the future increases the chance of the emergence of unfavorable climate characteristics jeopardizing current
ecosystems and human well‐being.

1. Introduction
The Paris Agreement (Paris Agreement, 2015) is a binding international agreement that aims to limit global
warming to below 2.0°C while striving to keep it below 1.5°C. It is vital for mitigating the impacts of rising
temperatures on our planet (e.g., Baker et al., 2018; Farinosi et al., 2020; D. Lee et al., 2018; Lehner et al., 2017;
Park et al., 2022; X. Zhang et al., 2023).

Two scientific inquiries arose at the initial stage of the Paris Agreement. The first one is the definition of global
warming levels to build accurate pledges. As global warming physically derives from increased radiative forcing
by changing atmospheric composition with human activities, the metric of anthropogenic radiative forcing
induced temperature is devised (e.g., Haustein et al., 2017; Otto et al., 2015). The other inquiry quantifies the
allowable emission amount compatible with the Paris Agreement temperature goals. A simple method was
suggested based on the concept of Transient Climate Response to Cumulative Emissions (TCRE, °C/TtCO2)

RESEARCH ARTICLE
10.1029/2024EF005580

Key Points:
• We assess uncertainty in temperature

and precipitation change in perturbed‐
physics ensembles for 1.5°C and 2°C
adaptive emission scenarios

• For a given warming level and non‐
CO2 emissions scenario, aerosol forc-
ing dominates uncertainty in the carbon
budget and climate response

• Regional precipitation impacts of CO2
forcing are robust, highlighting the
need for rapid CO2 emission mitigation

Supporting Information:
Supporting Information may be found in
the online version of this article.

Correspondence to:
D. Lee,
donghyun.lee@imperial.ac.uk

Citation:
Lee, D., Sparrow, S. N., Willeit, M., Ceppi,
P., & Allen, M. R. (2025). Quantifying
CO2 and non‐CO2 contributions to climate
change under 1.5°C and 2°C adaptive
emission scenarios. Earth's Future, 13,
e2024EF005580. https://doi.org/10.1029/
2024EF005580

Received 1 NOV 2024
Accepted 10 MAR 2025

Author Contributions:
Conceptualization: Donghyun Lee, Sarah
N. Sparrow, Myles R. Allen
Data curation: Donghyun Lee
Formal analysis: Donghyun Lee, Sarah
N. Sparrow
Funding acquisition: Myles R. Allen
Investigation: Donghyun Lee, Myles
R. Allen
Methodology: Donghyun Lee, Sarah
N. Sparrow, Matteo Willeit, Myles
R. Allen
Project administration: Myles R. Allen
Resources: Donghyun Lee, Sarah
N. Sparrow
Software: Donghyun Lee, Sarah
N. Sparrow, Matteo Willeit
Supervision: Sarah N. Sparrow, Myles
R. Allen

© 2025. The Author(s).
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

LEE ET AL. 1 of 18

https://orcid.org/0000-0003-0184-2712
https://orcid.org/0000-0002-1802-6909
https://orcid.org/0000-0002-3754-3506
mailto:donghyun.lee@imperial.ac.uk
https://doi.org/10.1029/2024EF005580
https://doi.org/10.1029/2024EF005580
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2024EF005580&domain=pdf&date_stamp=2025-03-22


exhibiting quasi‐linearity between accumulated CO2 emission amount and global mean temperature responses,
explained by the relationship between thermal sensitivity and carbon cycle characteristics (Allen et al., 2009).

As forcing agents other than CO2 (hereafter non‐CO2) may occupy the residual emission budget of CO2 (Mat-
thews et al., 2020; Millar et al., 2017; Nicholls et al., 2020), this CO2 TCRE concept was updated to include the
non‐CO2 impact by converting non‐CO2 emissions to comparable CO2 emissions, named CO2 forcing equivalent
(CO2‐fe) emissions. The quasi‐linearity between accumulated CO2‐fe emission amount and global‐mean tem-
perature (CO2‐fe TCRE, °C/TtCO2) is exploited to assess plausible ranges of the emission budget (Jenkins
et al., 2018, 2021).

Although the science of emission budgets has gradually improved, gaps remain in terms of quantifying and
understanding climate change impacts at the target warming levels of the Paris Agreement. Previous literature has
addressed this question by examining two different types of simulation: (a) preexisting simulations from the
Coupled Model Intercomparison Project (CMIP) future projection scenarios (Meinshausen et al., 2011, 2020),
sampled in decades where global warming is at the chosen levels (e.g., Farinosi et al., 2020; King et al., 2018; S.‐
M. Lee & Min, 2018; Seneviratne & Hauser, 2020; W. Zhang & Zhou, 2021; X. Zhang et al., 2023), or (b) newly
introduced simulations making assumptions about the mitigated forcing conditions (e.g., Jahn, 2018; D. Lee
et al., 2018; Lehner et al., 2017; Lo et al., 2019; Madakumbura et al., 2019; Park et al., 2022; Wehner et al., 2018;
W. Zhang & Zhou, 2021). The global warming impacts of 1.5°C and 2.0°C were assessed based on both types of
simulations (IPCC, 2018).

However, the above approaches come with important shortcomings. The first simulation type is not forced by
stabilized CO2 emissions, resulting in a remaining warming trend (e.g., S.‐M. Lee & Min, 2018; W. Zhang &
Zhou, 2021). For the second simulation type, rough assumptions and the prescribed mitigation forcing conditions
are applied for two experiments: multiple atmosphere‐only models with statistical assumptions in the ocean and
mitigated forcings (Lo et al., 2019; Mitchell et al., 2017) and a single climate model in an empirical mitigation
scenario (Graff et al., 2019; Sanderson et al., 2017; Sigmond et al., 2018). Each experiment has a limitation: it
cannot account for interactions between ocean and atmosphere or the large structural model uncertainties un-
derlying climate projections.

More refined experiments are therefore needed to understand the remaining uncertainty in the mitigation path-
ways and the associated impacts on global and regional climate change. Recent work (Terhaar et al., 2022) has
introduced the Adaptive Emission Reduction Approach (AERA) algorithm, which is comparable to the actual
political stocktake plans of the United Nations Framework Convention on Climate Change (Català &
Wyns, 2022). This algorithm creates adaptive emission scenarios based on the concept of CO2‐fe TCRE,
simultaneously considering anthropogenic global warming levels and climate sensitivities in the thermal and
carbon cycles.

AERA experiments have been performed by the Earth SystemModel (ESM) modeling groups (Silvy et al., 2024).
However, the high computational expense of ESMs limits the number of ensembles involved and the range of
possible thermal, carbon, and hydrological sensitivities considered. Comparing AERA‐based projections across
much larger ensembles is required to account for the extensive uncertainty exceeding the ensemble numbers of
existing ESMs. These ensembles must have less complexity in model structure to save computational cost but act
like ESMs in global mean senses.

To address this gap, here we quantify the forcing‐driven contributions and corresponding climate responses under
1.5° and 2.0°C adaptive emission scenarios, by exploring low‐cost multiple‐ensemble simulations from three
types of climate models at various levels of complexity but acting like ESMs. Each forcing contribution is
assessed using extensive ensemble simulations with a range of thermal, carbon, and hydrological sensitivities.
The global and regional climate impacts of additional CO2 emissions are also examined, and the probability of
climatological shifts is evaluated for various CO2‐induced warming levels.

2. Data and Methods
2.1. Climate Models

We use large ensembles of perturbed physical parameters in three types of climate models, each with different
complexity, to assess the consistency of our findings: a simple climate model, an atmospheric‐ocean coupled
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General Circulation Model (GCM), and an Earth system model of intermediate complexity. In our analysis, the
climate sensitivities of ensemble members are within 0.7–3.0°C, 1.4–5.8°C, 0.2–1.1°C/TtCO2, and 1.4–3.8%/°C
for transient climate response (TCR), equilibrium climate sensitivity (ECS), Transient Climate Response to
Emission (TCRE), and hydrological sensitivity (α), respectively. The full description of each climate model and
the selection process for its physically perturbed parameter ensembles are delineated in Text S1 in Supporting
Information S1.

Although the models used in this study have low resolutions with simple structures in interactions relative to the
latest ESMs (Silvy et al., 2024), their climate sensitivities and responses to the forcings are comparable to their
full ranges of GCMs and ESMs in CMIP5 and CMIP6 (Jones & Friedlingstein, 2020; D. Lee et al., 2023; Meehl
et al., 2020; Nijsse et al., 2020), proving our climate models can illustrate possible future projection uncertainties
in the latest adaptive emission scenarios. The climate sensitivity ranges within the ensembles of each model type
are summarized in Table 1. Our study primarily focuses on the simulation results from 2001 to 2100, with
extended simulations (2101–2155) of FaIR presented in Supporting Information S1 for discussion (Figures S1
and S5).

2.2. AERA Application for Concentration‐Driven Models

AERA, an adaptive emission scenario algorithm, generates CO2 emission mitigation pathways to regulate and
stabilize global warming levels (Terhaar et al., 2022). Our AERA scenarios mostly resemble the scenario of
CMIP6 Shared Socio‐economic Pathways (SSP) 1–2.6 (Meinshausen et al., 2020) and emerge after the simulation
year 2025, with adjustments in human‐induced CO2 emissions reflecting model sensitivities in thermal and
carbon cycles. The other anthropogenic forcings in future projections (non‐CO2)—the sum of methane (CH4),
nitrous oxide (N2O), other well‐mixed greenhouse gases (owmGHGs), and aerosols—continuously solely follow
the SSP1‐2.6 scenario, pursuing sustainable development. Note that we adopt the definition of owmGHGs (e.g.,
halogenated gases: CFCs, HCFCs, HFCs, PFCs, SF6, and HFOs) from Smith et al. (2021), following the
component description in the Intergovernmental Panel on Climate Change Fifth Assessment Report
(IPCC, 2013).

AERA generates the emission amount for the following 5 years through two iterative processes. First, AERA
calculates the anthropogenic radiative forcing‐driven temperature and matches it with the cumulative CO2 forcing
equivalent emission amount (CO2‐fe) to estimate CO2‐fe TCRE (Jenkins et al., 2018, 2021). In AERA, CO2
concentration, non‐CO2 radiative forcings, and globally averaged temperature are used to account for anthro-
pogenic global warming (Terhaar et al., 2022). The non‐CO2 radiative forcing and its CO2‐fe emission amount
can be estimated by implementing and inverting the carbon cycle model of FaIR (Jenkins et al., 2021). The re-
sidual emission budget required to reach the target temperature can be inversely calculated with the linearity of
TCRE. Second, the climate model restarts from the last simulation year and runs under the AERA scenario for the

Table 1
The Horizontal Resolution, Ensemble Size, Simulation Years, and Climate Sensitivity Indices of Physically Perturbed
Ensembles From the Three Climate Models Are Shown

FaIR HadCM3 (HC3) CLIMBER‐X (CLX)

Horizontal Resolution – 3.75° × 2.5° (96 × 73) 5° × 5° (72 × 36)

Ensemble Size 5,000 29 10

Simulation Years 1850–2155 1881–2100 1750–2100

TCR [°C] 1.88 (0.47) 2.06 (0.35) 1.87 (0.81)

ECS [°C] 3.35 (1.00) 3.57 (1.03) 3.81 (1.27)

CO2 TCRE [°C/TtCO2] 0.51 (0.18) 0.42 (0.13) 0.53 (0.16)

α [%/°C] 2.57 (0.33) 2.03 (0.36) 3.14 (0.21)

Reference Leach et al. (2021) Sparrow et al. (2018) Willeit et al. (2022)

Note. TCR and ECS are estimated from FaIR or tuned‐FaIR for HadCM3 and CLIMBER‐X. CO2 TCRE and hydrological
sensitivity (α) are measured from the simulation differences between AERA2.0 and AERA1.5, except for the α of FaIR. The
α of FaIR follows the CMIP6 GCMs (read Section 2.3 for details). Italics and parentheses indicate the means and standard
deviations of ensembles in climate sensitivity.
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next 5 years. These two processes are repeated every 5 years (like the concept
of the global stocktake framework; Català & Wyns, 2022), gradually regu-
lating the simulated temperatures at the targeted warming level, reaching an
equilibrium state eventually.

Unlike FaIR, HadCM3 (Sparrow et al., 2018) and CLIMBER‐X (the early
release version in Willeit et al., 2022) do not include a carbon cycle module
(but note that the latest version of CLIMBER‐X has a carbon cycle module;
Willeit et al., 2023). To translate emissions to concentration amounts, we
incorporate the carbon cycle component of FaIR to interpret the AERA CO2
emission amount as comparable CO2 concentrations in their projections,
replacing the role of carbon cycle modules in ESMs. The AERA algorithm
and FaIR are coupled with HadCM3 and CLIMBER‐X every 5 years to ac-
count for carbon cycle responses in a globally averaged sense (see method
details in Text S2). We denote these FaIR carbon‐cycle coupled, hybrid‐
model results as HadCM3‐FaIR (HC3F) and CLIMBER‐X‐FaIR (CLXF).

To investigate possible uncertainty sources in our AERA application strategy,
we implemented three test experiments: (a) randomly selected carbon cycle
parameters for hybrid models (Figure S1 in Supporting Information S1), (b)
various options for the non‐CO2 pathways (Figure S5 in Supporting Infor-
mation S1), and (c) definition for target ΔT (not shown). Briefly, our

extensive ensemble results are insensitive to settings of carbon cycle parameters and the definition of target ΔT.
The total CO2‐fe emission budget is insensitive to the choice of SSP non‐CO2 pathway, although the fractional
contributions from CO2 and non‐CO2 are. Each test experiment's details and associated results are further
described in Text S3 in Supporting Information S1, and the future non‐CO2 pathway is discussed in Section 4.

A schematic illustration of the workflow and interaction of the different models is summarized in Figure 1. All
AERA scenarios in this study adhere to the relative warming concept, which considers the residual emission
amount to achieve the target warming levels relative to the current global warming level in observations (1.2°C in
2020, Terhaar et al., 2022). AERA2.0 and AERA1.5 refer to the 2.0°C and 1.5°C scenarios, respectively. Figure 2
illustrates the emission amount and atmospheric concentration level of CO2 in AERA scenarios compared to those
in the SSP1‐2.6.

2.3. Precipitation Emulation

On climate timescales, latent heat release amount from precipitation is balanced by tropospheric radiative cooling
and remaining atmospheric heating caused by various radiative forcing components after considering surface
sensible heat flux (Allen & Ingram, 2002; D. Lee et al., 2023; Richardson et al., 2016, 2018; Yeh et al., 2021). To
quantify physically decomposed contributions to precipitation change, we use the concept of the decomposable
numerical emulation introduced by D. Lee et al. (2023), reproducing the forcing‐driven precipitation changes in
this climatological atmospheric energy budget sense. These changes can be simplified as functions of temperature
and scaled radiative forcings:

∆P ∼ α ⋅∆T − (β/L) ⋅∆FGHGs + (γ/L) ⋅∆FAerosols (1)

The ΔP and ΔT in Equation 1 represent the annual average globally averaged precipitation and temperature
change. ΔFGHGs and ΔFAerosols represent the atmospheric radiative energy flux changes caused by greenhouse
gases (GHGs) and aerosols. To convert CO2, CH4, and N2O concentrations into atmospheric radiative forcing
amounts (∆FCO2, ∆ FCH4, and∆ FN2O), we utilize the method proposed by Etminan et al. (2016). The effective
radiative forcing values of owmGHGs and aerosols under the SSP1‐2.6 scenario are adopted from Smith (2020) to
estimate ΔFowmGHGs and ΔFAerosols, respectively. The unit conversion coefficient, denoted as L (1%·W− 1·m2),
accounts for the latent heat of condensation (Allen & Ingram, 2002). Three parameters indicate each ensemble's
precipitation sensitivities to the temperature (α) and the radiative forcings of GHGs (β) and aerosols (γ),
respectively.

Figure 1. Illustration of the application of the AERA algorithm to the ESM‐
like simulations (FaIR, HC3F, and CLXF). Three components mutually
interact every 5 years: the concentration‐driven climate model, the AERA
algorithm, and the emission‐driven version of the FaIR model. The
emission‐driven version of the FaIR model translates CO2 emission to
concentration scenarios by considering the carbon cycle characteristics and
thermal responses to the forcings. The colors represent the output variables
of the climate model (purple), the AERA algorithm (turquoise), and FaIR
(black). The heads of arrows denote the input direction of the variables. All
the interactions between variables are globally averaged on an annual scale.
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The distinct merit of Equation 1 is conciseness and exemplary performance in reproducing simulated ΔP (D. Lee
et al., 2023; Yeh et al., 2021). As the current version of FaIR does not resolve precipitation variables, we use
emulated ΔP as their simulated results. The three parameters of FaIR are statistically estimated by their rela-
tionship with ECS (Watanabe et al., 2018; see process details in Text S4 in Supporting Information S1). To check
the validity of the emulated precipitation of FaIR, we compare the FaIR emulated ΔP with the CMIP6 GCMs'
simulated ΔP and confirm their similarities under SSP1‐2.6 scenarios (Figure S2 in Supporting Information S1).

The parameters of the HC3F and CLXF ensembles are empirically estimated from their AERA1.5 and AERA2.0
results by considering CO2 forcing differences between two AERA scenarios (see Text S4 in Supporting In-
formation S1). The paired differences between simulated ΔP and emulated ΔP of each ensemble member of
HC3F and CLXF are mostly within ±0.2% (Figures S3d and S3e in Supporting Information S1), supporting the
validity of Equation 1 and estimated parameters in a 20‐year‐averaged climate sense.

2.4. Forcing Contributions to the Emission Budgets and Climate Changes

Our results for CO2‐fe emission and changes in ΔT and ΔP are decomposed into the anthropogenic contributions
from CO2 and non‐CO2 components. Since the CO2‐fe emissions are computed from FaIR, we run FaIR ex-
periments with individual or combined forcings in AERA scenarios (CO2, non‐CO2, CH4, N2O, and aerosols) to
explore each forcing contribution to the CO2‐fe emission budget. For the contribution of Other forcings (Other),
we measure it as the residual after subtracting CH4, N2O, and aerosols from the results of non‐CO2, implying the
sum of the effects of owmGHGs and other anthropogenic forcings such as land use change, black carbon on snow,
aviation contrails which are included in FaIR (Leach et al., 2021). While CO2‐fe emission of non‐CO2

Figure 2. (a) Globally averaged annual CO2 emission amount from observations (OBS) and FaIR 5,000 ensemble‐averaged results under AERA1.5, AERA2.0, and
SSP1‐2.6 (SSP126) scenarios, respectively. (b) Same as (a), except for the concentration. (a and b) Vertically dashed lines indicate the stocktake years (every 5 years)
from 2025 to 2150, during which the AERA algorithm generates the adjusted scenarios for the next 5 years. Observation data for CO2 emissions and concentrations are
taken from Friedlingstein et al. (2022) and Lan et al. (2023) for comparison.
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components is estimated from the SSP1‐2.6 scenario, CO2 emissions are measured individually for AERA1.5 and
AERA2.0, respectively.

Accordingly, we collect individual forcing experiment results of FaIR ΔT to measure each contribution inde-
pendently. For FaIR, HC3F, and CLXF, we indirectly compute the CO2 and non‐CO2 contributions by consid-
ering the models' CO2 TCRE sensitivities (Figure 3). This CO2 TCRE value is calculated from the differences in
results between AERA2.0 and AERA1.5, where the only difference in their experimental designs is CO2 con-
centration. By multiplying the cumulative emission of CO2 (ECO2) by TCRE, we estimate the CO2 contribution to
ΔT (ΔTCO2 in Equation 2). The non‐CO2 contribution is estimated by subtracting the CO2 contribution from the
gross mean temperature change (ΔTnon − CO2 in Equation 3).

∆TCO2 ∼ TCRE ⋅ECO2 (2)

ΔTnon− CO2 ∼ ∆T − ∆TCO2 (3)

We also examine the forcing contributions to ΔP based on Equation 1 and ΔT decomposition (Equations 2 and 3).
CO2 and non‐CO2 contributions to ΔP (∆PCO2 and ∆Pnon − CO2) are calculated by Equations 4 and 5, respectively.

∆PCO2 = α ⋅∆TCO2 − (β/L) ⋅∆FCO2 (4)

∆Pnon− CO2 ∼ ∆P − ∆PCO2 (5)

∆Tnon − CO2 (Equation 3) and∆Pnon − CO2 (Equation 5) of AERA2.0 and AERA1.5 have minimal variations of up to
0.1°C and 0.2% in absolute magnitude, respectively (one standard deviation range from 5,000 FaIR ensembles).
These variations originate from the nonlinearity in the radiative forcing interactions between the concentrations of
CO2 and non‐CO2 GHGs (e.g., Etminan et al., 2016). For simplicity, our non‐CO2 results from Equations 3 and 5
only show the averaged results between AERA2.0 and AERA1.5. These TCRE‐based contribution sizes are
named as statistically estimated quantifications.

Figure 3. (a) Scatter plot for the cumulative emission amount of CO2 and CO2‐induced temperature change estimated from the difference between AERA2.0 and
AERA1.5, shown in each model ensemble‐averaged results. Dotted lines represent the linearly fitted equations for each group according to their TCRE values. (b) The
TCRE probability density function fromGaussian kernel density estimation of 5,000 FaIR ensembles. Colored triangles show the TCRE values of each ensemble case of
HC3F (red) and CLXF (green), respectively.
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In addition to this statistical quantification, we examine the results of FaIR ensembles forced by single forcing
components of AERA scenarios, named physically estimated contribution. As we use the emulation for FaIR ΔP
(see Section 2.3 and Text S4 in Supporting Information S1), each CO2 and non‐CO2 forcing‐driven ΔP can be
described as the sum of ΔT effects and fast response to the radiative forcing perturbation effects, as per Equa-
tions 4 and 6–9, respectively, by considering the ΔT decomposition in Equation 10.

∆PCH4 ∼ α ⋅∆TCH4 − (β/L) ⋅∆FCH4 (6)

∆PN2O ∼ α ⋅∆TN2O − (β/L) ⋅∆FN2O (7)

∆POther ∼ α ⋅∆TOther − (β/L) ⋅∆FowmGHGs (8)

∆PAerosols ∼ α ⋅∆TAerosols + (γ/L) ⋅∆FAerosols (9)

∆T ∼ ∆TCO2 + ∆TCH4 + ∆TN2O + ∆TOther +∆TAerosols (10)

Since the quantified contributions from statistical and physical methods are comparable for both CO2 and non‐
CO2 cases, we assert the feasibility of TCRE‐based statistical estimation (Figures 4c and 5c). Natural forcings,
like volcanic and solar forcings, are not considered in our decomposition due to their negligible impacts (about
− 0.04°C in 2100 from FaIR ensembles) relative to those of anthropogenic forcings (e.g., Lurton et al., 2020;
Nazarenko et al., 2022; Terhaar et al., 2022).

2.5. CO2 Mitigation Effect Samples

As the forcing difference between the two AERA scenarios is only the CO2 emission amount (Terhaar
et al., 2022), we examine the paired‐ensemble differences between these scenarios to contrast additional CO2‐
driven effects on climate. We examine the simulated years of 2026–2100, where AERA splits the mitigation
pathways apart from the SSP1‐2.6 after the first stocktake year (2025). Since FaIR can only illustrate the global
responses, we focus on the results of HC3F and CLXF to highlight the details of the CO2 mitigation effects on
regional scales.

To check the robustness of our ESM‐like model simulations, we also explore the CO2 mitigation samples from 11
ensembles of CMIP6 ESMs under the scenarios of 1pctCO2 and esm‐1pct‐brch‐1000PgC from the Zero Emis-
sions Commitment Model Intercomparison Project (ZECMIP) introduced by Jones et al. (2019). The esm‐1pct‐
brch‐1000PgC scenario sets CO2 emissions to zero after reaching 1,000 PgC (∼3.7 TtCO2) cumulative carbon
emissions from pre‐industrial levels, corresponding to around 2.0°C warming above pre‐industrial levels (Jones
et al., 2019). The details of the CO2 mitigation sampling process from these CMIP6 ensembles are described in
Text S5 in Supporting Information S1. We refer to these samples as CMIP6 (ZECMIP).

As the CO2 concentration is the only difference in CMIP6 (ZECMIP) samples (Figure S4 in Supporting Infor-
mation S1), their results are similar to the differences between AERA2.0 and AERA1.5 of HC3F and CLXF
(Figure 6 and Figure S7 in Supporting Information S1). Notably, our results are computed by AERA2.0 minus
AERA1.5 (1pctCO2 minus esm‐1pct‐brch‐1000PgC), highlighting the impacts of reduced CO2 mitigation.

3. Results
3.1. Residual Emission Budget for the Paris Agreement

We examine the residual CO2‐fe emission budget required to achieve the global warming levels set by the Paris
Agreement. The FaIR results of CO2 emissions and concentrations align well with observations for the recent
period (Figure 2). AERA suggests that emissions should decrease to near zero for the late 21st century (Figure 2
and Figure S1 in Supporting Information S1), resulting in a gradual decline in CO2 concentration beyond the
simulation year 2100 (Figure 2). To quantify the residual emission budget, we cumulate the CO2‐fe emission
amount from 2021 to 2100 (Figure 4). The cumulative emission amount increases gradually in the middle of the
21st century for all AERA scenarios. However, its trend progressively decreases and reaches near zero around
2100 for AERA1.5 and 2120 for AERA2.0 (Figures 2a and 4a and Figure S5a in Supporting Information S1).
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In multiple ensembles averaged sense, FaIR converges to a residual emission budget of 0.8 (0.2–1.3 for a 90%
confidence interval) and 1.9 (0.9–3.0) TtCO2‐fe by 2100 to limit global warming to 1.5°C and 2.0°C, respectively.
The ensemble‐averaged results of HC3F and CLXF are 0.9 (2.1) and 1.3 (2.4) TtCO2 for AERA1.5 (AERA2.0),
which are located within the 90% confidence interval ranges of FaIR. Those results and ensemble spread are
similar to the inversely calculated CO2‐fe cumulative emission budget from the best observationally constrained
CO2‐fe TCRE values in Jenkins et al. (2021).

Next, we investigate the CO2‐fe budget contributions from CO2 and non‐CO2 components by conducting single‐
forcing experiments with the FaIR models (see Section 2.4). Figure 4b presents the three models' decomposed
emission budget amounts under the AERA scenarios. In the FaIR ensemble average, the budget of CO2 emissions
is 0.3 and 1.4 TtCO2 for 1.5°C and 2.0°C, while that of non‐CO2 is 0.5 TtCO2‐fe. A statistically significant
(hereinafter: at least 5% significance level) negative correlation is found between the CO2‐fe budgets of CO2 and
non‐CO2 (r = − 0.90 and − 0.78 for AERA1.5 and AERA2.0).

Figure 4. (a) Time series of cumulative CO2‐fe emission amounts since 2021 under the 1.5°C (AERA1.5) and 2.0°C (AERA2.0) scenarios. The ensemble‐averaged
values are shown by thick solid, dashed, and dotted lines for FaIR, HC3F, and CLXF, respectively. For comparison, the observation‐constrained CO2‐fe TCRE (Jenkins
et al., 2021) based budgets for 1.5°C and 2.0°C warming levels are displayed with error bars (90% confidence intervals) and squares (medians). (b) Scatter plots for
cumulative emission amount of CO2 and nonCO2‐fe of FaIR ensembles by the year 2100 under AERA1.5 and AERA2.0 scenarios. The ensemble‐averaged values of
FaIR, HC3F, and CLXF are denoted in black, red, and green circles. The dotted lines show the CO2 emission mitigation amount for half a degree differences (AERA2.0
—AERA1.5). (c) Human‐induced CO2‐fe contributions for each forcing component of AERA scenarios, measured by FaIR single‐forcing experiments. The ensemble‐
averaged results of HC3F and CLX3F are shown in circles. Shading in (a) and error bars in (c) represent the 5th and 95th percentiles of FaIR ensembles.
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As AERA non‐CO2 emissions are identical, but CO2 emissions differ for all ensemble simulations (see Sec-
tion 2.2), our findings underscore the critical role of thermal sensitivity to non‐CO2 forcings in determining the
residual anthropogenic CO2 emissions budget. The ensemble‐averaged results of HC3F and CLXF follow the
inverse relationship of the FaIR ensemble members, reinforcing the robustness of the relationship between the
emission budgets of CO2 and non‐CO2 forcers. The budget differences between AERA2.0 and AERA1.5
highlight that reducing future CO2 emissions by around 1.1 TtCO2 is necessary to achieve half a degree of global
warming level mitigation according to the ensemble‐averaged results of FaIR, HC3F, and CLXF.

To further analyze the decomposed contributions from non‐CO2 components, we examine the results of
individual‐forcing FaIR simulations (Figure 4c). Following the SSP1‐2.6 scenario, the CO2‐fe emission amount
of CH4 and owmGHGs decreases while N2O increases slightly (Meinshausen et al., 2020; Smith et al., 2021).
Reducing anthropogenic aerosol emissions acts as a positive radiative forcing and, thus, positive CO2‐fe emis-
sions. A statistically significant positive relationship is confirmed between aerosols and non‐CO2 (r = 0.95 from
5,000 FaIR ensemble members, Figure S6a in Supporting Information S1).

Figure 5. (a) Time series of globally averaged surface air temperature relative to the 2011–2030 climate under the 1.5°C (AERA1.5) and 2.0°C (AERA2.0) scenarios.
The ensemble‐averaged values are shown by thick solid, dashed, and dotted lines for FaIR, HC3F, and CLXF, respectively. For comparison, the likely ranges for the two
scenarios are shown by the error bars, representing ±0.2°C around the target warming levels as stated in the AERA algorithm (Terhaar et al., 2022). Squares show the
target temperatures of AERA scenarios. (b) The scatter plot illustrates CO2 and non‐CO2 forcings contributions to temperature change at 2100, estimated from FaIR
ensembles under AERA1.5 and AERA2.0. Black, red, and green triangles denote the ensemble‐averaged values of FaIR, HC3F, and CLXF. The quantified contribution
size of each group is estimated statistically by TCRE values (see Section 2.4). The dotted lines show the CO2 emission mitigation effects, around 0.5°C, as designed in
AERA. (c) Bars and error bars represent the quantified contributions to the temperature change in the year 2100 from the FaIR ensembles under each forcing‐only
experiment. The triangles represent the ensemble‐averaged TCRE‐based contribution sizes, corresponding to panel (b). Shading in (a) and error bars in (c) represent the
5th and 95th percentile ranges of the FaIR ensembles.
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According to the significant relationships between the budgets of CO2 and non‐CO2 and between aerosols and
non‐CO2, we conclude that the sensitivity in the radiative forcing responses to the aerosols mainly explains the
ensemble spread in the emission budget of CO2 and non‐CO2. This characteristic is also verified in a statistically
significant negative relationship between the budgets of CO2 and aerosols (not shown, r = − 0.84 and − 0.73 from
5,000 FaIR ensembles for AERA1.5 and AERA2.0). Primarily, our findings emphasize the importance of
assessing the plausible range of aerosol sensitivity, which is key to tackling the considerable uncertainty
remaining in the CO2 emission budget.

3.2. Forcing‐Driven Contribution to Climate Change Under the Paris Agreement

We investigate ΔT and ΔP under the AERA scenarios to quantify each forcing‐driven contribution to warmer
worlds of the Paris Agreement. Our results show the changes relative to the 20‐year averaged climate centered on
2020 (2011–2030), conceptually matching with the reference global warming levels in the AERA algorithm
(+1.2°C in 2020).

Figure 6. Same as Figure 5, except for the globally averaged precipitation change. (a) The likely ranges of the statistical prediction model (D. Lee et al., 2023) are shown
together, and squares (error bars) represent the best‐estimated values (the 0.5th and 99.5th percentile values) from statistical assumptions based on CMIP6 simulations at
two global warming levels of 1.5 and 2.0. (b) CO2 and non‐CO2 contributions to precipitation changes in 20‐year climate (2081–2100) are statistically estimated using
TCRE‐based ΔT contribution and the decomposed ΔP emulation equation (see Section 2.4). (c) FaIR single‐forcing results of temperature and relevant radiative forcing
of GHGs and aerosols are used to estimate the precipitation change (2081–2100) contributions (see Sections 2.3 and 2.4). The triangles represent the ensemble‐averaged
TCRE‐based contribution sizes, corresponding to panel (b). Shading in (a) and error bars in (c) represent the 5th and 95th percentiles of FaIR ensembles.
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Figure 5 illustrates ΔT under two different mitigation pathways. While the FaIR simulations of SSP1‐2.6 exhibit
an uncertainty range of 1.4°C between the 5th and 95th percentile values in the year 2100 (not shown), Figure 5a
demonstrates that AERA achieves well‐centered ΔT around each target with a much‐reduced uncertainty size by
incorporating the sensitivities of models (Table 1) into the mitigation future scenarios (Figure 4a). As our AERA
experiments use the relative warming framework (see Section 2.2), those ensemble simulation results of ΔT
gradually stabilized around +0.3°C and +0.8°C. The uncertainty size in ΔT is more considerable for the 2030s
than for the later periods of the 21st century because the AERA algorithm effectively shrinks ΔT uncertainty by
controlling CO2 emissions.

To quantify the contributions of CO2 and non‐CO2 forcings, we utilize the linear‐like characteristic in TCRE (see
Section 2.4). In an ensemble‐averaged sense, FaIR, HC3F, and CLXF project 0.3°C and 0.8°C of warming in the
late 21st century (Figure 5a). The TCRE‐based quantification reveals 0.1°C and 0.6°C from ΔTCO2 for AERA1.5
and AERA2.0, respectively, and 0.2°C from ΔTnon − CO2. Those results are almost equal to the individual forcing
experiment results of FaIR ΔTCO2 (0.1°C and 0.6°C for AERA1.5 and AERA2.0, respectively) and ΔTnon − CO2
(0.2°C), rounded to the first decimal place.

Figure 5b confirms a significant anti‐correlation between the ΔTCO2 and ΔTnon − CO2, consistent with our findings
from the residual emission budget analysis (Figure 4b). While the CO2 and non‐CO2 contributions from FaIR and
HC3F are similar, CLXF exhibits a substantial negative contribution from non‐CO2, equivalent to the 5

th

percentile of the 5,000 FaIR ensembles (Figure S6b in Supporting Information S1). Nonetheless, the various
ensembles agree on a half‐degree temperature change resulting from the CO2 difference between AERA2.0 and
AERA1.5.

The non‐CO2 contributions are further decomposed using individual forcing experiments with the FaIR model
(Figure 5c). The spread in the non‐CO2 contributions is primarily explained by aerosols (r= 0.93 from 5,000 FaIR
ensembles, Figure S6b in Supporting Information S1). Furthermore, aerosols make up the largest contribution to
the response in AERA1.5 (and second‐largest in AERA2.0), with 72.1% (40.7%) of the 5,000 ensemble members
showing a more considerable contribution to temperature from aerosols than from CO2 in AERA1.5 (AERA2.0).

ΔP under the two mitigation pathways is illustrated in Figure 6. Figure 6a illustrates the time series of ΔP from
emulations (FaIR, see Section 2.3) and simulations (HC3F and CLXF). The ensemble‐averaged time series
between the two scenarios are similar between 2025 and 2030s. ΔP under the two scenarios are split after the
2040s when ΔT also emerges. Although ΔT of FaIR, HC3F, and CLXF are similar, they have various ΔP at either
AERA1.5 (+1.2%, +0.8%, and +0.8%) and AERA2.0 (+1.9%, +1.2%, and +1.6%), respectively, because they
have different sensitivity in precipitation parameters (Figures S3a–S3c in Supporting Information S1). Regardless
of increasing uncertainty sources, our results are primarily within the statistically estimated ranges from CMIP6
simulations (D. Lee et al., 2023), reaffirming the validity of our multi‐model extensive ensemble results.

Out of three types of models, HC3F exhibits the smallest ΔP under AERA2.0 due to its lowest value in the α
parameter, representing hydrological sensitivity and indicating how ΔP scales with ΔT (Table 1 and Figure S3a in
Supporting Information S1). Although AERA2.0 projects ∼0.5°C warmer conditions than AERA1.5 (Figure 5a),
some ensemble cases of CLXF and FaIR under AERA1.5 have more considerable ΔP increase than those of
HC3F under AERA2.0. Contrary to the good agreement in ΔT (Figure 5a), this result highlights that ΔP is more
uncertain than ΔT, linked to diverse precipitation sensitivities among the model (Equation 1, Table 1 and Figure
S3 in Supporting Information S1).

It is also worth mentioning that the total change in precipitation per degree of warming, that is, the apparent
hydrological sensitivity (Fläschner et al., 2016), of AERA1.5 (e.g., 4%/°C, 2.7%/°C, and 2.7%/°C for FaIR,
HC3F, and CLXF) is much higher than that of AERA 2.0 (e.g., 2.4%/°C, 1.5%/°C, and 2.0%/°C) because the
increased amount of atmospheric CO2 concentration in AERA2.0 inhibits latent heat release and decreases ΔP
effectiveness (Equations 1 and 4).

We decompose the CO2 and non‐CO2 contributions to ΔP (ΔPCO2 & ΔPnonCO2) as described in Section 2.4
(Figure 6b). The forcing‐induced contribution to ΔP is shown as a 20‐year average (2081–2100) to minimize
uncertainty from interannual variability. In the FaIR ensemble average, the TCRE‐based statistical quantification
reveals that CO2 contributes 0.3% and 1.1% to ΔP in AERA1.5 and AERA2.0, respectively, and nonCO2
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contributes 0.9%. Those results are close to the individual forcing experiment results of FaIR (0.3%, 1.0%, and
1.0% for AERA1.5 ΔPCO2, AERA2.0 ΔPCO2, and ΔPnon − CO2).

We also confirm a significant anti‐correlation between ΔPCO2 and ΔPnonCO2, consistent with the results obtained
from the analysis of the emission budget and ΔT (Figures 4b and 5b). The TCRE‐based CO2 mitigation effects for
half a degree (Figure 6b: 0.8%, 0.5%, and 1.0% for FaIR, HC3, and CLXF) are similar to ΔP differences between
AERA2.0 and AERA1.5 (Figure 6a: 0.7%, 0.4%, and, 0.8% for FaIR, HC3, and CLXF), reaffirming the validity of
linear assumptions in the calculation (e.g., Figures 3a and 5c).

In Figure 6c, the spread in ΔPnon − CO2 is explained primarily by ΔPAerosols (r = 0.94 from 5,000 FaIR ensemble
members, Figure S6c in Supporting Information S1). Remarkably, both the contribution sizes and the un-
certainties from aerosols are the largest out of all anthropogenic forcings, implying again the critical role of
anthropogenic aerosols in driving ΔP at 1.5°C and 2.0°C stabilized worlds. Additionally, 81.0% (59.0%) of 5,000
ensemble members reveal a greater contribution to ΔP from aerosols than from CO2 in AERA1.5 (AERA2.0),
stressing the necessity of better quantifying aerosol impacts.

3.3. CO2 Mitigation Effects on the Hydrological Cycle

In our CO2‐controlled simulations, inter‐model uncertainty is more remarkable in ΔP than ΔT (Figure 6a),
originating from diversity in precipitation sensitivities. To isolate the uncertainties from the non‐CO2 contribu-
tions and address the significance of CO2 mitigation effects, we investigate the paired differences between
AERA2.0 and AERA1.5 to disclose the specific response from adding CO2 at different CO2‐induced global
warming levels (ΔTCO2). Since FaIR results are not spatially resolved, CMIP6 (ZECMIP) samples are addi-
tionally examined (see Section 2.5 and Text S5 in Supporting Information S1). The paired differences between
simulations at different CO2 concentrations identically display the additional CO2 emission effects, showing the
inverse of CO2 mitigation effects (Figure 7 and Figure S7 in Supporting Information S1).

As the impacts of CO2 radiative forcing on regional temperature are clear (Figures 5 and 6, and Figure S7 in
Supporting Information S1), we focus on examining the CO2‐induced hydrological cycle shift. Since HC3F has
the most ensembles except FaIR, we draw a probability density function (PDF) for each bin of global warming
levels from its ensembles. These PDF results, computed by Gaussian kernel density estimation, illustrate the
chance of experiencing a shifted climate at the global warming levels caused by additional CO2 emissions.

Temperatures rise worldwide (Figures S7a–S7c in Supporting Information S1), but regional precipitation changes
are highly inhomogeneous: wet and dry patterns (Figures S7d–S7f in Supporting Information S1) under the
addition of CO2. Contrary to the immense uncertainties in ΔPnon − CO2 (Figure 6c and Figure S6c in Supporting
Information S1), we find robust model agreements in the global and some regional CO2‐induced precipitation
changes (Figure 7a and Figures S7d–S7f in Supporting Information S1).

In terms of globally averaged responses, ΔPCO2 (Figure 7b), the samples of HC3F, CLXF, and CMIP6 (ZECMIP)
indicate larger ΔPCO2 at the warmer ΔTCO2, highlighting the dominant effects of ΔTCO2 increases rather than
offsetting effects from CO2 radiative heating (Equation 4). Specifically, CLXF exhibits the most extensive
changes, reflecting its higher α value than for other models (Figure S3a in Supporting Information S1). The
probability of a positive ΔPCO2 exceeds 92.0% from the bins warmer than 0.2°C ΔTCO2 (Figure 7b), showing that
for our large ensemble size, even a tiny warming increment can shift the ΔP to a new standard, frequently
experiencing a wetter year than the current state.

We identify six “hotspot” regions having statistically significant precipitation change at ΔTCO2 levels of 0.5°C.
Among the wet‐hotspot regions, the Arctic and Antarctic show a clear signal of precipitation increase, with less
than a 10% chance of a dry climate within the 0.2°C–0.6°C warming bins (Figures 7c and 7f). This likelihood
implies a clear benefit of CO2 mitigation in these regions, preventing rapid hydrological climate shifts. The
equatorial Pacific and Asia regions also demonstrate consistent precipitation increases, with their PDFs tran-
sitioning to positive values in all climate model groups (Figures 7d and 7e).

The two dry regions (Atlantic and southeastern Pacific) are likely to experience a drier climate with increasing
atmospheric CO2. The probability of a climate shift in dry hotspot regions is smaller than in wet hotspot regions
(Figures 7g and 7h). These drying patterns suggest the presence of dynamical processes that outweigh the positive
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thermodynamic contribution from rising temperature effects, leading to more water vapor in the atmosphere
(Figures S7a–S7c in Supporting Information S1).

We highlight the significance of our finding that, despite the large variations in climate model sensitivities
(Table 1 and Figure S3 in Supporting Information S1) and disagreement in the contribution signs of non‐CO2
forcings (Figure 6c), all model results agree on the sign of global‐mean changes (Figure 7b) and in hotspot regions
(Figures 7c–7f) caused by additional CO2 emissions. This consensus supports the understanding that reducing
CO2 emissions can robustly alter the magnitude of changes in temperature and precipitation (Figure S7 in
Supporting Information S1).

Figure 7. (a) Additional CO2 emission effects on precipitation change at around 0.5°C additional global warming by measuring 20 years (2081–2100) climate change
difference between HC3F AERA2.0 and HC3F AERA1.5 relative to 2011–2030. Stipples in grids indicate statistically significant differences at the 5% significance
level based on the paired t‐test. Boxes denote the hot spot regions with two colors: green (wet) and orange (dry). (b) Probability density function (PDF) of globally
averaged precipitation samples, grouped by six bins of the global warming levels. For PDF, gaussian kernel density estimation is applied for 20 years of climate
difference of HC3F, which are collected from 2021 to 2100 for every 5‐year shift. The raw histograms of HC3F samples are shown together with solid black lines for
comparison. The samples of CLXF and CMIP6 (ZECMIP) only show the sample‐averaged results for comparison with those of HC3F (circles). The positive climate
shift probability in the PDF is shaded with green colors, and these numbers are shown together. (c–f) Same as (b), except for the four wet regions. (g and h) Same as (b–f)
except for the two dry regions emphasizing the negative climate shift probability in the PDF with orange colors.

Earth's Future 10.1029/2024EF005580

LEE ET AL. 13 of 18

 23284277, 2025, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024E

F005580 by H
elm

holtz-Z
entrum

 Potsdam
 G

FZ
, W

iley O
nline L

ibrary on [07/10/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



4. Discussion and Conclusions
This study aims to provide a physically based estimate of the range of radiative forcing contributions compatible
with the 1.5°C and 2.0°C global warming targets, as well as the corresponding impacts on temperature and
precipitation at global and regional scales. To achieve this, we exploit a set of perturbed‐physics multi‐ensemble
simulations from three types of ESM‐like climate models with a range of thermal, carbon, and hydrological
sensitivities, forced with adaptive emission scenarios for 1.5°C and 2.0°C.

Our study fills a gap in the existing literature of ESM‐based or emulator‐based research exploring various
mitigation scenarios pursuing the goals of the Paris Agreement. Studies based on ESMs typically use small
ensemble sizes (e.g., Silvy et al., 2024), limiting their ability to assess structural model uncertainty. Those based
on simple emulators have large ensemble sizes (e.g., Jenkins et al., 2021; Lamboll et al., 2023; Watson‐Parris &
Smith, 2022). However, these scenarios must be verified and compared with results from ESMs. Our study in-
troduces a new method to run ESM‐like hybrid models (HC3F & CLXF) considering carbon cycle interactions in
the globally averaged sense, which demand much less computing cost than ESM.

We manifest that the 1.5°C and 2.0°C samples of AERA are physically and politically the best projections to
analyze the impacts under the factual mitigation plan of UNFCCC, given the shortcomings of preexisting
samples: mismatched net‐zero concept, decreasing CO2 emissions (Meinshausen et al., 2011, 2020); neglected
interaction between atmosphere and ocean (Lo et al., 2019; Mitchell et al., 2017), limiting realism in the
simulation of the climatological mean and extreme phenomena (Chu et al., 2020; Fischer et al., 2018; Huang
et al., 2022; King et al., 2018); or using single GCMs in an empirical mitigation pathway (Graff et al., 2019;
Sanderson et al., 2017; Sigmond et al., 2018).

Our CO2 residual emission budgets (0.3 TtCO2 and 1.4 TtCO2 for 1.5°C and 2.0°C) agree well with previously
suggested values (Dickau et al., 2022; Jenkins et al., 2021; Matthews et al., 2020; Nicholls et al., 2020). While
existing CMIP projections have broad ranges of ΔT uncertainty due to diverse sensitivities to given identical
forcings (e.g., Tebaldi et al., 2021), the AERA algorithm successfully stabilizes ΔT for each model ensemble near
the targets of the Paris Agreement by controlling the CO2 emission at every stocktake year.

By design, in our method, the CO2 budget is significantly anti‐correlated with the non‐CO2 budget, consistent
with the offsetting in residual CO2 budgets from non‐CO2 components (Jenkins et al., 2021; Lamboll et al., 2023;
Mengis & Matthews, 2020). Since our results reveal that ΔTAerosols explains nearly all of the perturbed physics
ensemble spread in ΔTnon − CO2, we highlight that a better understanding of aerosol‐induced radiative forcings and
thermal response would effectively reduce the uncertainty range of mitigation pathways (e.g., Regayre
et al., 2018), and this would be especially urgent if the 1.5°C target is pursued (Sanderson, 2023; Watson‐Parris &
Smith, 2022).

As ΔP is made up of temperature‐dependent and independent responses (e.g., Allen & Ingram, 2002; Fläschner
et al., 2016; D. Lee et al., 2023; Yeh et al., 2021), ensemble spread in precipitation sensitivities (Figures S3a–S3c
in Supporting Information S1) considerably increases the projection uncertainties in ΔP (comparable to ΔP
spread in SSP1‐2.6, Figure S2 in Supporting Information S1) relative to ΔT. The emulated and simulated ΔP at
1.5°C and 2.0°C are within the statistical model estimation based on SSP scenarios (D. Lee et al., 2023). This
study is the first to decompose the ΔP responses at 1.5°C and 2.0°C into contributions from each climate forcing,
as shown in previous literature for the ΔT case (e.g., Jenkins et al., 2021). Our results reaffirm the key influence of
aerosols and suggest potential pitfalls of quantifying aerosol impacts from a single model, without accounting for
model uncertainty in aerosol sensitivity (e.g., Wang et al., 2023; W. Zhang & Zhou, 2021). Our decomposition
method (Equation 4) arithmetically reveals that ΔFCO2 offsets positive contributions of ΔT (D. Lee et al., 2023;
Yeh et al., 2021) and explains why the total change in ΔP per degree of ΔT under forcing perturbed condition is
higher for AERA1.5 than AERA2.0, similar to the results from CMIP5 experiments (Hegerl et al., 2015; Mitchell
et al., 2016): it for the lowest CO2 emission scenario, Representative Concentration Pathway 2.6 (RCP2.6), is
higher than it for the highest (RCP8.5).

In contrast to the considerable uncertainty in non‐CO2 contributions, we highlight the robust and statistically
significant CO2 forcing‐driven effects on temperature and precipitation at global and regional scales for a rela-
tively modest CO2 increase compatible with 0.5°C extra warming (Figure 7 and Figure S7 in Supporting In-
formation S1). Additional CO2 emissions from AERA1.5 to AERA2.0 induce a climate shift, with regional
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warming, wetting, and drying. Our regional precipitation responses to extra CO2 emissions correspond to those of
He and Soden (2017) and Douville and John (2021), explaining regional drying patterns by (a) moisture diver-
gence enhanced by land‐sea contrasts and sea surface warming patterns and (b) direct radiative forcing of CO2
inhibiting local evaporation. Remarkably, we find that even additional CO2 resulting in just 0.2°C ΔTCO2 is very
likely to provoke a detectable hydrological climate shift for 20‐year averages over the globe and in polar regions
(Figures 7b, 7c, and 7f), providing essential information for policymakers and stakeholders striving to meet the
objectives of the Paris Agreement.

We discuss three potential caveats in this study. First, our HC3F and CLXF AERA experiments cover relatively
short simulations (up to year ∼2100), preventing an assessment of the long‐term response of the carbon cycle.
Since long‐term carbon cycle responses may continuously change the climate for decades (e.g., Allen et al., 2022;
Jenkins et al., 2022), extended AERA simulations are necessary to explore the pathways beyond net‐zero
emissions. Second, noteworthily, present‐day CH4 and N2O emissions are continuing to rise (Fletcher &
Schaefer, 2019; Forster et al., 2023), suggesting that the empirical pathways of non‐CO2 forcers may differ from
the values devised in the CMIP6 SSP1‐2.6 scenario. Additional adaptive emission experiments must include
scenario uncertainties from non‐CO2 agents (see Section 2.2, e.g., Cain et al., 2022; Hienola et al., 2018). Lastly,
our findings focus on the climatological mean responses but ignore high‐impact extreme events (e.g., Farinosi
et al., 2020; D. Lee et al., 2024; Seneviratne & Hauser, 2020; X. Zhang et al., 2023). We highlight extreme event
analysis in the stabilized global warming conditions under adaptive emission scenarios as a worthwhile avenue
for future research.

Data Availability Statement
The data of FaIR, HadCM3‐FaIR (HC3F) and CLIMBER‐X‐FaIR (CLXF) on which this article is based are
available at D. Lee (2024). Observation data sets of CO2 emission and concentration are obtained from Fried-
lingstein et al. (2022) and Lan et al. (2023). CMIP6 model simulations can be accessed at https://esgf‐node.llnl.
gov/projects/cmip6/. CMIP6 scenario data sets for emissions & concentrations and effective radiative forcings are
obtained from Nicholls and Lewis (2021) and Smith (2020), respectively.
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