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Abstract. The Earth’s climate sensitivity remains a significant source of uncertainty in climate projections.
A key metric is the Transient Climate Response (TCR), which incorporates aspects of Equilibrium Climate
Sensitivity (ECS), ocean heat uptake and pattern effects, and is closely correlated with historical global warming
by Earth System Models (ESMs). CMIP6 ESMs display a wider range of TCR values compared to earlier phases,
with many exceeding the IPCC ARG very likely (90 % confidence) range of 1.2-2.4 K. These high-sensitivity
models also predict that warming will exceed the 2 °C Paris climate agreement limit, even under the relatively
low emissions SSP1-2.6 scenario. Record global temperatures in 2023 and 2024 highlight how close the world
already is to 1.5 °C of warming, raising doubts about whether the 2 °C limit remains within reach. Here, we use
the latest observational data to update emergent constraints on TCR and projected warming. We estimate a TCR
of 1.81 K with a very likely range of 1.28 to 2.33 K, which represents a small increase compared to estimates
that use observational data through to 2019. Furthermore, we find that warming projections constrained by data
through to 2024 fall within the low to mid-range of CMIP6 ESM projections for both the mid- and late-21st

century, indicating that limiting global warming to below 2 °C remains feasible.

1 Introduction

The sensitivity of the Earth’s climate to radiative forcing, and
the extent to which its value will affect our estimates of fu-
ture global warming, remains one of the key uncertainties
in long-range climate forecasting. Climate sensitivity is usu-
ally characterised as the change in Global Mean Surface Air
Temperature (GMSAT) in response to a perturbation in the
net radiative flux at the top of the atmosphere, referred to as
radiative forcing.

Two metrics commonly used to quantify the climate sen-
sitivity are the Transient Climate Response (TCR) and the
Equilibrium Climate Sensitivity (ECS). They are defined
as follows: TCR is the rise in GMSAT as CO, increases

by 1% annually, calculated at a time when CO, concen-
trations have reached double their initial value. ECS is the
long-term increase in GMSAT in response to an instanta-
neous doubling of atmospheric CO», relative to pre-industrial
concentrations. TCR values are lower than those of ECS
due to the longer timescales required for the deep ocean to
reach equilibrium (Hansen et al., 1985). Both metrics can
be computed from Earth System Models (ESMs). Ensem-
bles of ESM simulations are collated within the Coupled
Model Inter-comparison Project (i.e CMIP5 Taylor et al.,
2012, CMIP6 Eyring et al., 2016). This project serves as a
foundational component of climate science, providing criti-
cal input to both scientific understanding and policy develop-
ment regarding how climate change will evolve for a range
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of potential future scenarios of atmospheric greenhouse gas
concentrations. In the most recent phase, CMIP6, the spread
in the computed values of both TCR and ECS is actually
wider than that of its predecessor, CMIP5 (Forster et al.,
2020; Meehl et al., 2020). This increase suggests that the
newer ESMs have, when considered collectively, increased
uncertainty in the projected levels of future global warming.

The Sixth Assessment Report of the Intergovernmental
Panel on Climate Change (IPCC AR®6, Forster et al., 2021)
provides very likely (at most 90 % confidence) ranges for
these quantities of 1.2 to 2.4K for TCR, and 2.0 to 5.0K
for ECS. Although the majority of CMIP6 models fall within
this range, a notable subset do not, with more high-sensitivity
models exceeding the upper bound than low-sensitivity mod-
els falling below the lower bound (Tokarska et al., 2020; Ni-
jsse et al., 2020; Table 1). This has led to speculation that
the true climate sensitivity of Earth could be larger than pre-
viously assessed (Hansen et al., 2025). As expected, mod-
els that simulate stronger warming trends in recent decades
have higher TCR values, and project larger future tempera-
ture increases (Tokarska et al., 2020). ESMs in the CMIP6
ensemble provide projections of future GMSAT correspond-
ing to Shared Socioeconomic Pathway (SSP) scenarios, each
of which specifies a distinct potential future trajectory of ra-
diative forcing. Even under the intermediate SSP2-4.5 sce-
nario — which reflects approximately current policies and en-
tails lower radiative forcing than high-emissions scenarios
(SSP3-7.0 and SSP5-8.5) — several high-sensitivity CMIP6
models simulate GMSAT increases exceeding 3 °C above
pre-industrial levels by mid-century.

There is ongoing debate about the validity of these high-
sensitivity models. The emergent constraint technique aims
to reduce such uncertainties by searching for an inter-ESM
relationship between an aspect of future climate change and
a measurable contemporary change in the real climate. Mea-
surements of the current variable along with this regression
can constrain the quantity associated with a future climate
(Hall et al., 2019; Williamson et al., 2021). The TCR sum-
mary metric has proven more amenable to constraint than
ECS, owing to its closer alignment with observed climate
trends over the historical period, and because ECS by defi-
nition corresponds to a climate system in equilibrium, which
is not presently the case. Studies that have constrained TCR
using emergent constraint methods have consistently shown
that high-sensitivity models are less consistent with histor-
ical warming (Jiménez-de-la Cuesta and Mauritsen, 2019;
Tokarska et al., 2020; Nijsse et al., 2020). Nijsse et al. (2020)
found that the most likely value of TCR is 1.7 £ 0.7 K (90 %
confidence), which excludes the higher-sensitivity CMIP6
models. Tokarska et al. (2020) found a very similar estimate
for TCR of 1.6 £0.4K (66 % confidence), and went on to
show that observationally-constrained warming projections
tend to align more closely with the CMIP5 ensemble median
than those from CMIP6 models.
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In contrast, the true value of equilibrium climate sensitiv-
ity (ECS) remains a subject of active scientific debate. An
assessment by Sherwood et al. (2020), which informed the
ECS assessment in the [PCC ARG6, constrained the range
of effective climate sensitivity to between 2.3 and 4.5K,
with a best estimate near 3 K. This study found values be-
low 2K difficult to reconcile with historical observations,
while, critically, values above 4.5 K were also considered un-
likely (although not impossible). Paleoclimate studies exam-
ining past periods, such as the late Miocene, find evidence
that is consistent with ECS values of around 4 K (Knutti
et al., 2017; Sherwood et al., 2020; Brown et al., 2022).
Constraints on ECS using observational records tend to be
lower (Cox et al., 2018; Jiménez-de-la Cuesta and Maurit-
sen, 2019; Nijsse et al., 2020; Sherwood et al., 2020), with
central estimates of ~ 3 K. Future work that integrates over-
lapping ranges from multiple lines of evidence on the likely
ECS could yield a more tightly constrained estimate of cli-
mate sensitivity (Sherwood et al., 2020).

Anthropogenic aerosol forcing continues to be a major
source of uncertainty in climate sensitivity estimates. The net
radiative effect of aerosols has been difficult to quantify due
to their cooling effect and highly complex interactions with
clouds. Models with strong aerosol cooling and high sensi-
tivity can produce warming trajectories similar to those of
models with weaker cooling and lower sensitivity (Andreae
et al., 2005), making attribution challenging (Kiehl, 2007).
Historically, global SO, aerosol emissions increased rapidly
during the mid-20th century, peaking during the 1970s, be-
fore subsequently declining from 1980 onwards as a result
of improved air quality regulations. This happened to coin-
cide with rapid increases in greenhouse gas emissions, and
this combined effect is thought to have contributed to the re-
cent acceleration in observed warming (Samset et al., 2018;
Hansen et al., 2025). Present-day estimates of aerosol ef-
fective radiative forcing lie between —1.6 and —0.6 W m—2
(Bellouin et al., 2020), consistent with an inferred ECS of
around 2.2 K (90 % range: 1.6-3.0K), when accounting for
pattern effects (Skeie et al., 2024). However, the influence
of aerosols on cloud radiative feedback processes continue
to be a major obstacle to constraining climate sensitivity. A
recent study by Hansen et al. (2025) argues that the positive
feedback associated with the albedo change suggests ECS
values of 4.5K, a level more consistent with paleoclimate
based constraints rather than those constrained by observa-
tions over recent decades.

The recent observed warming has further emphasised
the need to constrain estimates of climate sensitivity. The
years 2023 and 2024 were the warmest on record, with
2024 marking the first time global temperatures exceeded
1.5 K above pre-industrial levels (HadCRUTS, NOAAGIob-
alTemp, ERAS, Berkeley Earth, Cannon (2025)). However,
this short-term peak doesn’t imply that the running mean of
global warming has exceeded 1.5 K, as this surpassing coin-
cided with a strong El Nifio event during 2023 and 2024. It
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Table 1. List of CMIP6 ESMs used in this study. Models with an asterisk (*) still met the criteria but did not have a TCR value given in the
IPCC ARG Chap. 7 appendix, and were therefore calculated directly using the piControl and 1pctCO2 experimental simulations.

Centre Model Variant AT (1975-2019) AT (1975-2024) TCR

(K] (K] (K]
AWI AWI-CM-1-1-MR rlilplfl 0.87 1.05 2.06
BCC BCC-CSM2-MR rlilplfl 0.64 0.81 1.72
CAMS CAMS-CSM1-0 rlilplfl 0.44 0.56 1.73
CAS FGOALS-g3 rlilplfl 0.82 0.91 1.54
CAS FGOALS-f3-L rlilplfl 0.70 0.90 1.94
CCCma CanESM5 rlilplfl 1.05 124 274
CNRM-CERFACS CNRM-CM6-1 rlilplf2 0.69 0.85 2.14
CNRM-CERFACS CNRM-CM6-1-HR rlilplf2 0.69 0.84 248
CNRM-CERFACS CNRM-ESM2-1 rlilplf2 0.83 0.93 1.86
CSIRO ACCESS-ESM1-5 rlilplfl 0.94 1.02 1.95
CSIRO-ARCCSS ACCESS-CM2 rlilplfl 0.77 099  2.10
EC-Earth-Consortium  EC-Earth3-Veg rlilplfl 0.81 0.96 2.62
EC-Earth-Consortium  EC-Earth3 r3ilplfl 0.72 0.85 2.30
INM INM-CMS5-0 rlilplfl 0.55 0.71 1.40*
INM INM-CM4-8 rlilplfl 0.61 0.70 1.33
IPSL IPSL-CM6A-LR rlilplfl 0.90 099 232
MIROC MIROC6 rlilplfl 0.48 0.54 1.55
MIROC MIROC-ES2L rlilplf2 0.62 0.82 1.55
MOHC HadGEM3-GC31-LL rlilplf3 1.26 1.52 255
MOHC UKESM1-0-LL rlilplf2 1.22 1.44 279
MPI-M MPI-ESM1-2-LR rlilplfl 0.62 0.74 1.84
MRI MRI-ESM2-0 rlilplfl 0.72 0.96 1.64
NASA-GISS GISS-E2-1-G rlilplfl 0.61 0.77 1.80
NCAR CESM2 rlilplfl 0.82 097  2.06
NCAR CESM2-WACCM rlilplfl 0.90 1.01 1.98
NCC NorESM2-MM rlilplfl 0.67 0.83 1.33
NCC NorESM2-LM rlilplfl 0.82 0.88 1.48
NOAA-GFDL GFDL-ESM4 rlilplfl 0.68 0.80 1.51%
NOAA-GFDL GFDL-CM4 rlilplfl 0.86 .02 2.12*
NUIST NESM3 rlilplfl 1.05 1.27 272
UA MCM-UA-1-0 rlilplfl 0.81 0.90 1.94

is suggested that such peaks due to ENSO may become more
pronounced under climate change (Minobe et al., 2025).
Nevertheless, the occurrence of these warm years, in addition
to the larger TCR estimates from CMIP6 models in compar-
ison to CMIP5, has raised questions regarding whether the
Earth’s climate sensitivity could in fact be greater than cur-
rent estimates. This study uses updated observational data to
refine the estimates of climate sensitivity produced by Ni-
jsse et al. (2020), and to narrow the uncertainty in expected
background levels of future warming for time-periods per-
taining to the near future (2030), mid-century (2050) and
late-century (2090) (Tokarska et al., 2020). We evaluate the
extent to which the observed warming from 2020 to 2024
has influenced the likely ranges of TCR and future warming
and compare these updated estimates with the likely ranges
reported by the IPCC.

https://doi.org/10.5194/esd-17-829-2026

2 Methodology

To constrain TCR and future warming, we apply the emer-
gent constraint procedure used by Nijsse et al. (2020) and
Tokarska et al. (2020). The emergent constraint technique re-
quires identifying an observable climate variable x that ex-
hibits substantial variability within an ensemble of ESMs
(such as CMIP6), and demonstrates a statistically signifi-
cant relationship, f(x), with a target variable y. Since x
is an observable quantity, it can be empirically determined
from contemporary measurements. Consequently, f can be
used to impose an observationally-informed constraint on y,
based on the measurement of x. Such constraints are termed
‘emergent’ because the relationship f arises from the collec-
tive behaviour of the model ensemble, and cannot be diag-
nosed from any individual climate model (Williamson et al.,
2021). In this study, the climate observable x is defined as the
change in a statistic of GMSAT relative to a specified base-
line year, while the future climate variable y that we wish to
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constrain is either the TCR or projected future warming at a
certain year.

Ideally, the emergent relationship between x and y should
be supported by an underlying theoretical framework which
characterises their association (Hall et al., 2019; Williamson
et al.,, 2021). In this case, simple one- and two-box cli-
mate models (Gregory, 2000; Winton et al., 2010; Geoffroy
et al., 2013; Caldeira and Myhrvold, 2013) provide a the-
oretical framework predicting a linear relationship between
the change in GMSAT and both TCR and future warming
(Jiménez-de-la Cuesta and Mauritsen, 2019; Nijsse et al.,
2020; Tokarska et al., 2020). The relationship between TCR
and the temperature anomaly AT is given by:

TCR =sAT +1 (N

where s = Oy« /AQ is defined as the ratio of the radiative
forcing associated with a doubling of CO,, Q»«, to the radia-
tive forcing at the time of observation, A Q. For the purposes
of model fitting, we include an intercept term n of the TCR
axis to account for systematic biases, regression dilution and
model misspecification.

Models that have demonstrated a stronger warming trend
in the past are likely to simulate a greater warming in the fu-
ture (Tokarska et al., 2020). Radiative forcing over the last
50 years has been dominated by the emission of greenhouse
gases, and therefore, a similar linear relationship is also ex-
pected for future warming under the SSP scenarios:

AT (Future) = kAT (Past) + 1. 2)

Here, k is the proportionality constant that relates past and
future warming for each SSP scenario. For a period un-
der which the warming rate is constant, the temperature
difference over equal-length intervals should result in k =
1. However, since AT is time dependent, we normalise
AT (Past) per decade and use this as the observable. Thus, the
AT (Future) is directly proportional to the AT (Past)/10yr,
and the proportionality coefficient £ will be scaled by 10yr,
which can be interpreted as a decadal warming timescale.

2.1 Selection of ESM Simulations

We aimed to include as many CMIP6 ESMs as possible in the
emergent constraint to maximise ensemble diversity. The se-
lected models must include both a historical and at least one
SSP simulation. Since the historical simulations end in 2014,
the SSP simulations must fulfil the role of extending the his-
torical run to the present day. As may be expected, we found
that the ESM temperature projections exhibited only small
differences between SSP scenarios during the 2015-2024 pe-
riod, and therefore we adopted the SSP2-4.5 scenario by de-
fault for this interval. This selection is because the SSP2-
4.5 scenario had the greatest number of ensemble members
among the SSP scenarios. The final TCR prediction showed
some variability depending on the choice of SSP scenario,

Earth Syst. Dynam., 17, 829-841, 2026

with differences of approximately & 0.04 K (see Supplemen-
tary Material, Sect. S2.2). For the analysis of future warming,
the constraints were calculated individually for each SSP sce-
nario. Therefore, our selected models needed a complete time
series spanning the years 2015-2100 for the following four
SSP scenarios: SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5.
While some models have explored additional scenarios (e.g.,
SSP1-1.9, SSP4-3.4), relatively few have simulated warm-
ing trends under these pathways. When possible, we chose
the first ensemble member, labelled “rlixpxfx”, which were
available for 24 of the 31 models. As part of our robustness
checks, 10000 random permutations of ensemble members
from all models were tested, and it was found that the final
results remained largely invariant (Supplement Fig. S2).

2.2 Calculation of Warming Trend

Historical warming, the observable we used to constrain TCR
and future warming from the SSP scenarios, is quantified
as the difference in GMSAT between two smoothed peri-
ods, with each period averaged over a smoothing window
to reduce the impact of internal variability. For example, the
TCR constraint is based on the difference in GMSAT be-
tween 1975-1985 and 2014-2024. In order to constrain the
future variables, the temperature trend between the two pe-
riods must exhibit a clear warming trend across all histori-
cal runs. The observational historical data show that global
warming rose significantly from 1975; a trend captured by
all runs across all models. A more rigorous analysis of the
signal-to-noise ratio of the radiative forcing by Nijsse et al.
(2020) (Fig. 5 in that paper) showed that it increased sig-
nificantly from 1975, due to the increase in the forcing sig-
nal with no notable increase in noise. To assess the effect of
the recent rapid warming observed since 2020 (most notably
2023 and 2024) on future variables, we extend the final year
of the end period used by Nijsse et al. (2020) by 5 years, to
include data up until 2024.

2.2.1 Accounting for Short-Term Internal Variability

To limit the effect of short-term (annual timescale) inter-
nal variability on the forced warming trend, we applied
an equally-weighted, centred smoothing window to both
ESM and observational GMSAT time-series. Varying the
length of the smoothing window revealed that the final re-
sults remained largely unchanged for windows longer than
7 years (Supplement Fig. S1). Therefore following Nijsse
et al. (2020), we chose an 11 year smoothing period so that
our results were directly comparable. Tokarska et al. (2020)
used a similar smoothing window of 10 years. This meant
that the final data-point in the smoothed time series was
centred around 2019 and spanned the 11-year period from
2014-2024. Although it might be expected that using a large
smoothing window could obscure the influence of the excep-
tionally warm years of 2023 and 2024, it was found that re-
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ducing the window size to 5 years (with the final year being
centred around 2022) did not result in a significant change in
the final value of the TCR (Supplement Fig. S1).

2.2.2 Long-Term Internal Variability

Since we used the detrended historical runs to estimate the
uncertainty in the forced warming trend, we exclude vari-
ability longer than the smoothing window. To assess the im-
pact of this simplification, we examined GMSAT variability
in unforced model control runs and compared it with that
of the detrended historical runs (Supplement Sect. S3). For
most ESMs, the estimates of internal variability are similar,
although there is an expected tendency for GMSAT variabil-
ity to be slightly larger in the un-detrended control runs. As a
sensitivity test, we identified the largest fractional increase in
GMSAT variability in the control runs and compared it with
that of the detrended historical runs. This test was performed
across the model ensemble and assessed the impact of vari-
ability on our emergent constraint on TCR. The uncertainty
in the emergent constraint is dominated by the uncertainty in
the emergent relationship, rather than the uncertainty in the
observational constraint, and we therefore consider the latter
to have a relatively small impact on our constrained ranges
for TCR (see Sect. 4).

2.3 Calculation of Future Climate Variables

The variables we constrained in this analysis were TCR and
AT in the future. We took TCR values from IPCC ARG re-
port as shown in Table 1. Additional values that were not
reported, specifically for the models INM-CMS5-0, GFDL-
ESM4, and GFDL-CM4 (shown with an asterisk (*) in Ta-
ble 1), were also included in the analysis. These were cal-
culated directly by evaluating the temperature difference be-
tween the control and 1pctCO2 simulations at the time when
CO; has doubled from its initial concentration (approxi-
mately 70 years; Forster et al., 2021). For the calculation
of AT in the future, we used the same method outlined in
Sect. 2.2 to calculate the temperature difference between the
start year and the end year. We selected a start year centred on
1980, and allowed the end year to be any point in the future.
However, for comparison with both Tokarska et al. (2020)
and the results in Chapter 4 of the [IPCC ARG (Lee et al.,
2021), we chose 2030, 2050, and 2090 to represent the near-
future, mid-century, and late-century years, respectively. To
express all anomalies relative to the pre-industrial era, we ap-
plied an offset based on the temperature difference between
the pre-industrial period (1850-1900) and the reference pe-
riod (1975-1985). We note that the warming period used for
the observable in the emergent constraint does not include
the pre-industrial era, because, as discussed in Sect. 2.2, the
assumption of a constant warming trend (and Eq. 2) is not
valid over that interval. This definition is adopted only to en-
sure consistency with the IPCC.

https://doi.org/10.5194/esd-17-829-2026

2.4 Constraining a Future Variable using Observational
Data

2.4.1 Observational Data

This analysis used observational time series data from the
following sources: HadCRUTS5 (Met Office, Morice et al.,
2021), Berkeley Earth (Berkeley, Rohde and Hausfather,
2020), GISSTemp (NASA, Lenssen et al., 2019), and Glob-
alTemp (NOAA, Huang et al., 2022). All anomalies in the
raw dataset are relative to the pre-industrial mean (1850-
1900). For estimates of TCR and future warming, we take
an unweighted average of the anomaly at each year, across
the four datasets. As with the time series from the ESMs, we
apply an equivalent smoothing procedure, using an equally-
weighted, centred smoothing window with an equivalent
window length. The uncertainty of the forced warming sig-
nal in the observational datasets must also be included in
the calculation of the emergent constraint. We include the
uncertainty arising from two primary sources; the observa-
tional uncertainty in AT, and the short-term (annual) inter-
nal variability. The sources of observational uncertainty in-
clude incomplete spatial coverage and changes in measure-
ment methods. The uncertainty associated with the short-
term internal variability is estimated as the standard devia-
tion of all points in time series (with respect to the smoothed
series), divided by /7, where 7 is the number of points in the
smoothing window. We also modify this to account for auto-
correlation between adjacent years, which modifies n to an
effective sample size, ngg, which decreases with increasing
autocorrelation of the residual. The total uncertainty in the
observations is calculated by taking the measurement and in-
ternal variability uncertainties in quadrature. For the chosen
warming period of 1975-2024, the total observational uncer-
tainty was found to be small relative to the spread across the
ESMs.

2.4.2 Regression

To find our emergent relationship f(x), we used ordinary
least squares (OLS) of the future variable y with the observ-
able variable x. OLS was chosen for its simplicity, and be-
cause it has been found to lead to similar estimates to those
obtained with more complex statistical approaches (Nijsse
et al., 2020), Fig. 5. We combined this emergent relationship
from the ESMs with the observed warming since 1975 to es-
timate TCR and future warming along with their uncertainty.
The uncertainty is estimated using the approach given in the
appendix of Cox et al. (2018), as well as in the Supplement
(Sect. S1.2).

Earth Syst. Dynam., 17, 829-841, 2026
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Table 2. Emergent constraint of TCR comparison between non-extended and extended periods. Results from Tokarska et al. (2020) and
Nijsse et al. (2020) are shown for comparison. Those results from Tokarska et al. (2020) and Nijsse et al. (2020), as well as this study, were
extended using the SSP2-4.5 model runs. The distribution from the IPCC were obtained using the quoted likely ranges in Chap. 7 of IPCC
ARG (Forster et al., 2021).

Study Period Median Likely  Very Likely

[K] Range [K] Range [K]
Jiménez-de-la-Cuesta and Mauritsen (2019)  1970-2005 1.67 - 1.17-2.16
Tokarska et al. (2020) 1981-2017 1.71  1.38-2.04 -
Nijsse et al. (2020) 1975-2019 1.68  1.29-2.05 1.0-2.3
This Study 1975-2019 1.76  1.43-2.09 1.21-2.30
This Study 19752024 1.81  1.49-2.12 1.28-2.33
IPCC ARG (Chap. 7 Assessment) - 1.8 1.4-2.2 1.2-2.4

Table 3. Temperature anomaly estimates in the near future (centred 2030), mid-century (centred 2050) and late-century (centred 2090), con-
strained by the decadal warming rates from both 1975-2019, and 1975-2024. Anomalies are with respect to the pre-industrial mean (1850—
1900). Shown are the central estimate and the 5 %—-95 % confidence values. Near future, mid- and late-century anomalies from Tokarska
et al. (2020) and the constrained and unconstrained estimates from the [IPCC AR6 Chap. 4 (Lee et al., 2021, Tables 4.2 and 4.5) are shown.

Near Future (2030) [K] | Mid Century (2050) [K] | Late Century (2090) [K]

SSP Scenario 5% 50% 95 % ‘ 5% 50% 95 % ‘ 5% 50% 95 %
This Study (1975-2019)

SSP1-2.6 0.9 1.4 1.8 | 1.0 1.6 23 | 1.0 1.7 2.4
SSP2-4.5 0.8 14 19 | 13 1.9 25 | 1.7 2.6 34
SSP3-7.0 0.8 1.4 19 | 13 2.0 27 | 24 35 4.7
SSP5-8.5 1.0 1.5 19 | 1.5 22 29 | 29 4.2 5.5

This Study (1975-2024)

SSP1-2.6 0.9 1.4 1.8 | 1.1 1.6 22| 11 1.7 23
SSP2-4.5 0.9 1.4 19| 14 1.9 25| 1.8 2.7 35
SSP3-7.0 0.9 14 19| 14 2.1 27 | 26 3.7 4.7
SSP5-8.5 1.0 1.5 19 | 16 22 28 | 3.0 4.2 5.5

Tokarska et al. (2020)

SSP1-2.6 1.2 1.6 | 20 1.1 1.7 | 22
SSP5-8.5 1.7 22 | 27 29 42 | 54

IPCC ARG Chap. 4 (Lee et al., 2021, Constrained)

SSP1-2.6 1.2 1.5 1.8 | 1.3 1.7 22| 13 1.8 24
SSP2-4.5 1.2 1.5 1.8 | 1.6 2.0 25 | 21 2.7 35
SSP3-7.0 1.2 1.5 1.8 | 1.7 2.1 26 | 28 3.6 4.6
SSP5-8.5 1.3 1.6 19 | 19 24 30 | 33 4.4 5.7

IPCC ARG Chap. 4 (Lee et al., 2021, Unconstrained)

SSP1-2.6 1.1 1.6 22| 1.2 1.9 2.7 1.3 2.0 2.8

SSP2-4.5 1.0 1.6 2.3 1.5 2.1 30 | 21 2.9 4.0

SSP3-7.0 1.0 1.6 24 | 1.6 23 32| 28 3.9 5.5

SSP5-8.5 1.2 1.7 24 | 1.8 2.6 34 | 36 4.8 6.5
3 Results average GMSAT anomaly of each model realisation. In to-
tal there were n = 31 models that met the model selection
31 TCR criteria. As previously found by Nijsse et al. (2020), models

with a high TCR value showed stronger than observed warm-
WEe find a robust correlation between the predicted warming ing after 1975. Extending from 2019 to 2024 provides further
by individual ESMs and their TCR value. Figure 1 shows the verification of this correlation. Models with high TCR values
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TCR and blue indicating lower TCR. The black dotted line in each case represents the observed warming averaged across all datasets over
the same period, and the grey-shaded region represents the calculated observational uncertainty. All series are smoothed using a 11-year
centred window. Left: Temperature Anomaly AT since the beginning of historical simulation period (1850), relative to the pre-industrial
mean. Right: Temperature anomaly AT relative to the 1975-1985 mean.
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Figure 2. Left: Comparison between the emergent constraints on TCR against global warming, between the 2009 to 2019 end period (shown
in green) and the 2014-2024 end period (shown in purple). The plotted quantity is the decadal warming rate, AT /10yr— I, which is calculated
as the smoothed GMSAT using all years from 1975 to the respective end period, normalised by number of decades. OLS linear regression
is performed using all available models (n = 31). The shaded regions surrounding the regression lines indicate a 90 % prediction interval.
The vertical dashed lines represent the mean value of the observations, with the shaded regions surrounding them representing the 95 %
observational uncertainty (the uncertainty level quoted in the raw datasets). Right: Comparison of the PDFs for the TCR between the 2009—
2019 end period and the 2014-2024 end period. These are shown in green and purple, respectively. For comparison, we provide the TCR
estimate listed in Chapter 7 of the IPC6 ARG6 (Forster et al., 2021). This PDF is based on the listed likely and very likely ranges, and is shown
as a dotted line. Additionally, the raw CMIP6 model values are displayed as a histogram.

(notably CanESMS5, E3SM-1-0 and UKESM1-0-LL) show a son, the likely range quoted in the IPCC ARG is also shown.
strong warming in particular toward the end of the period. All three distributions have very similar central estimates (all

Figure 2 compares the two PDFs of the TCR, based on the within < 0.05K), with only a slight increase in the central
constraint derived from all CMIP6 ESMs (n = 31), with and prediction with the inclusion of the years 2020-2024. Addi-
without the inclusion of the years 2020-2024. For compari- tionally, there is a slight tightening of the distribution when
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Figure 3. Emergent constraints on future warming using the observed decadal warming rate. Rows represent the three different end years,
and columns represent the four available SSP scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5). Future warming is with respect to the pre-
industrial (1850-1900) baseline in all panels. The vertical lines in each panel represent the observed decadal warming, with the surrounding
grey region showing the associated uncertainty. The horizontal lines show the central AT estimates using both the 1975-2019 and 1975-2024
warming rates as the constraint, and the surrounding shaded region indicates the very likely range for 1975-2024 constraint. In all cases,
dashed lines represent the period 1975-2019, while solid lines represent 1975-2024. For clarity, only the ESM scatter points, linear fits, and
likely range estimates for the 1975-2024 constraint are shown (a complete set of values is given in Table 3).

the years 2020-2024 are included, likely due to the increased
length of the warming period. The values of the TCR predic-
tions along with the likely ranges are included in Table 2.

3.2 Constrained Future Warming in the SSP Scenarios

The high correlation between warming from ESMs and cli-
mate sensitivity provides a strong indication that observed
past warming is correlated with future warming. Consistent
with previous studies which used a similar methodology (Ni-

Earth Syst. Dynam., 17, 829-841, 2026

jsse et al., 2020; Tokarska et al., 2020), we find a strong cor-
relation between a model’s warming from recent years, and
the predicted future temperature in the various SSP scenar-
ios.

We find a constraint on the projected temperature anomaly,
AT, for mid-century and end-of-century values relative to
the pre-industrial (1850-1900) baseline (y axis variable).
The observable variable (x axis variable) for this emergent

https://doi.org/10.5194/esd-17-829-2026
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Figure 4. GMSAT anomaly time series under the four available SSP scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5), relative to the
pre-industrial (1850-1900) mean. Thin grey lines show individual ensemble runs; the light shaded area spans their full range. The dotted
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of constrained future warming using the period 1975-2024, while the solid black line shows this corresponding central prediction. For
comparison, the dashed black line shows the central prediction obtained when the constraint is performed using the 1975-2019 warming
trend; for clarity, only the central prediction is shown. All series are smoothed using a 11-year centred window.

constraint is the decadal warming rate since 1975 (Tokarska
et al., 2020).

Table 3 provides a summary of constrained temperature
anomaly estimates for each SSP scenario in the near future,
mid-century and late-century. Across all scenarios, our cen-
tral estimates and very likely ranges remain close to that of
the IPCC ARG6. For instance, in the SSP5-8.5 scenario, the
late-century central estimate is 4.3 K in this study, compared
to 4.4K in the [PCC ARG6 constrained estimate. While the
mid- and late-century projections are highly dependent on the
SSP scenario, we find that near-future projections are consis-
tent across scenarios.

Figure 3 is a graphical representation of Table 3’s emer-
gent constraint plots, stratified by both SSP scenario and
year. The strength of the correlation varies according to the

https://doi.org/10.5194/esd-17-829-2026

choice of SSP scenario and end year, with correlation coeffi-
cients varying from 0.66 to 0.81.

In Fig. 4 we show time-continuous emergent constraints
on the likely ranges of warming in each of the SSP scenar-
ios. These constraints use the warming trend over the years
from 1975-2024 for the observable (as with the TCR con-
straint), with warming at some specified year in the future
SSP scenario as the y axis variable.

Across all four SSP scenarios, the observationally-
constrained central estimate lies within the low to mid region
of the model range, which is in accordance with the obser-
vational trend line. An alternative representation of the same
constraint is shown in the form of a bar plot in Fig. 5. This
compares the constrained estimates across SSP scenarios for
all three end years. This once again shows that all constraints

Earth Syst. Dynam., 17, 829-841, 2026
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Figure 5. Comparison of the central estimates of the GMSAT prediction across the four available SSP scenarios (SSP1-2.6, SSP2-4.5,
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11-year smoothing period is used in all cases.

lie within the low to mid region of the model range, and that
the prediction in the near future (2030) is largely independent
of the SSP scenario.

4 Discussion

The emergent constraint on the TCR produced in this analy-
sis is largely in agreement with the central TCR estimate of
the IPCC AR6 Chapt. 7, but is slightly larger (by ~ 0.1 K)
than that of Jiménez-de-la Cuesta and Mauritsen (2019), Ni-
jsse et al. (2020) and Tokarska et al. (2020). The likely range
in TCR in our analysis was narrower than that of both Nijsse
et al. (2020) and Tokarska et al. (2020), and is very similar to
that of Jiménez-de-la Cuesta and Mauritsen (2019) as well as
the IPCC AR6 Chap. 7. The increase in the central estimate
when evaluated using observational data from 1975 to 2019
and 1975 to 2024 is less than the difference between the cen-
tral estimates in this study to both Nijsse et al. (2020) and
Tokarska et al. (2020). The primary reason for this discrep-
ancy is that the observational temperature anomaly datasets
used in this study differ sufficiently to affect the calculation.
As noted by Morice et al. (2021), the HadCRUTS dataset in-
cludes upward revisions to temperature anomalies relative to
its predecessor HadCRUT4, particularly after the start of the
21st century. These revisions lead to a increased observed
warming trend in comparison to Nijsse et al. (2020) and
Tokarska et al. (2020) and, consequently, a higher estimated
TCR. Since HadCRUT4 has now been superseded by Had-
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CRUTS, it was not used in this study. The differences be-
tween the two datasets are likely a result of using updated
sea and land temperature measurement techniques, more so-
phisticated statistical methods to fill observational gaps, and
a revised uncertainty evaluation for certain past years. This
highlights a degree of sensitivity inherent to the emergent
constraints approach, as it’s highly dependent on robust ob-
servational data.

An additional reason for the discrepancy arises from the
difference in the choice of model realisation compared to that
of Nijsse et al. (2020). The approach in this study simply
used one ensemble member run per model, the one which
had a prescribed set (rlixpxfx) of initialisation conditions
(available in all ESMs with the exception of the EC-Earth3
model). The hierarchical Bayesian approach used in Nijsse
et al. (2020) allowed different realisations to be combined
into the overall fit. However, the same study showed that it
gave nearly identical uncertainty ranges to the method using
one ensemble member and OLS. A third source of the dis-
crepancy arises from differences in the time periods used to
derive the constraint. This study uses all years from 1975-
2024 compared to those used in Nijsse et al. (2020) and
Tokarska et al. (2020), which considered 1975-2019 and
1981-2017, respectively. Evaluating warming over a longer
time period allows for a clearer trend to emerge, provided
that the warming continues in a manner consistent with those
previous years.

An additional source of uncertainty in our emergent con-
straints is the spatial pattern effects of sea surface tempera-
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tures (SST), whereby this effect potentially weakens the re-
lationship between observed warming and climate sensitiv-
ity (and hence future warming) (Wills et al., 2022; Alessi
and Rugenstein, 2023; Armour et al., 2024). However, stud-
ies have shown that the magnitude of emergent bias depends
on the choice of SST dataset and the boundary conditions
used to drive the forcing (Andrews et al., 2022; Modak and
Mauritsen, 2023). Most analyses of the pattern effect have
primarily focused on ECS (rather than TCR), which quanti-
fies climate sensitivity under very long timescales.

As mentioned in Sect. 2.2.2, our comparison of the inter-
nal variability between the pre-industrial control runs and
the detrended historical runs suggests that our estimate of
internal variability in the detrended observational time se-
ries could be underestimated, by up to a maximum factor of
~ 2.7 (Supplement Sect. S3, largest model ratio for CNRM-
CM6). Multiplying our observational uncertainty due to in-
ternal variability by this factor causes a slight broadening of
the likely TCR range. We find that our 90 % confidence range
of TCR would change from 1.28-2.33 K to a maximum range
of 1.18-2.42 K, for the model with this most extreme ratio of
control to historical temperature variability. This small im-
pact to such a large increase in the assumed uncertainty in
the observed warming trend is because the uncertainty in
the emergent constraint on TCR is predominantly due to the
uncertainty in the emergent relationship across the models,
rather than the uncertainty in the variability of the observed
warming trend.

The emergent constraints on the future temperature
anomalies since the pre-industrial era by mid-century and
late-century are, unsurprisingly, largely in agreement with
those of Tokarska et al. (2020) as well as that of Chap. 4 of
the IPCC ARG (Lee et al., 2021). The observable used to pro-
duce the emergent constraint in both this study and Tokarska
et al. (2020) was the decadal warming rate, whereas that of
IPCC ARG6 was derived by combining scenario projections,
observational constraints, and updated assessments of ECS
and TCR. As shown in Fig. 4, the central estimate of the fu-
ture warming projection is consistently within the low to mid
part of the model range.

5 Conclusions

It is likely that the 1.5 °C warming level as set out by the
2015 Paris agreement will be exceeded within the next 10
years, given the recent warming trend (Cannon, 2025), and
the failure to reduce global CO; emissions in line with the
lower forcing scenarios SSP1-1.9 and SSP1-2.6 (Friedling-
stein et al., 2025). However, our results show that, for both
TCR and future warming, the record global warming of 2023
and 2024 does not justify upward-revision of likely ranges.
Therefore, the constraints presented here suggest that avoid-
ing 2 °C of global warming, although challenging, remains
possible.
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