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Abstract Earth's climate stability, characterized by the global radiative feedback parameter (λ), varies
decadally due to changing surface temperature patterns. Recent variations in λ are poorly understood as
coordinated model simulations typically end in 2014. We apply a convolutional neural network trained on
climate model simulations to observation‐based surface temperature reconstructions to estimate variations in λ
up to 2025. We find that λ reached a minimum (maximum stability) around the mid 1990s (λ ≃ − 3 Wm− 2/K),
but has since weakened significantly (λ ≃ − 2 Wm− 2/K). We confirm these results with climate model
simulations extended to 2022. The recent λ weakening is not significantly affected by El Niño Southern
Oscillation or Pacific Decadal Oscillation. Attribution reveals that warming in the subtropical Northeast Pacific
is an important driver of the recently weakened feedback, confirmed by targeted experiments in E3SMv2. Our
approach enables near real‐time monitoring of Earth's climate stability.

Plain Language Summary As Earth warms, it radiates excess heat to space. This cooling
mechanism, known as radiative feedback, keeps the climate stable. The strength of the feedback depends on the
geographical pattern of surface temperature changes. We use machine learning and climate model simulations
with observed surface temperature reconstructions to estimate how the feedback has changed since the
beginning of the 20th century to present day. We find that the climate was most stable in the 1990s. Since then,
the feedback has weakened, that is, the climate is currently less efficient at losing heat than in the 1980s and
1990s. We attribute this weakening to spatially changing temperature patterns, especially in the subtropical
Northeast Pacific Ocean. By using machine learning to process current temperature fields, we can now monitor
changes in Earth's climate stability in near real‐time, helping us better understand how the planet's warming rate
is evolving.

1. Introduction
Variations in the Earth's surface temperature influence the energy flux at the top of the atmosphere. The sensitivity
of the global‐mean radiative response (R) to changes in global‐mean surface temperature (ΔT) is characterized by
the global radiative feedback parameter λ: R = λΔT. The global feedback is negative in the current climate,
indicating that the Earth is able to release excess energy by warming. A strong (in magnitude) λ indicates a more
stable climate system, while a weak λ indicates a less stable climate system. The Earth's energy imbalance (N) is
influenced by both R and effective radiative forcing (F), such that N = F + R + ε = F + λΔT + ε, with ε
denoting internal variability.

The feedback λ varies on decadal timescales due to changing spatial surface temperature patterns (e.g., Andrews
et al., 2015, 2022; Armour et al., 2013; Gregory & Andrews, 2016; Rugenstein et al., 2023; Senior & Mitch-
ell, 2000). This phenomenon is termed the “pattern effect.” Variations in λ have been linked to lapse rate and low
cloud feedbacks, which are sensitive to surface temperature patterns (e.g., Andrews & Webb, 2018; Ceppi &
Gregory, 2017; Dong et al., 2019; Zhou et al., 2016), but other cloud types, surface albedo (including sea‐ice), and
water vapor play a role as well (e.g., Andrews et al., 2018, 2022; Quan et al., 2025; Zhou et al., 2025).

Since R cannot be observed directly, we often use model simulations to estimate λ. Coordinated model efforts,
such as the Cloud Feedback Model Intercomparison Project (CFMIP3, Webb et al., 2017), have allowed for
quantification of the pattern effect and its expression in different climate models, by running atmosphere‐only
climate models with observed sea surface temperature (SST) boundary conditions. However, these simulations
end in 2014, limiting our understanding of more recent changes in λ. Previous estimates have indicated that λ
weakened (i.e., became less stable) after 2014, coinciding with the strong 2015–2016 El Niño event, a sign change
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of the Pacific Decadal Oscillation (PDO) index, and enhanced Northeast Pacific warming (Andrews et al., 2022;
Loeb et al., 2020, 2021).

Here, we use machine learning to estimate λ from historical surface temperature reconstructions, allowing us to
extend the analysis to the present day (Rugenstein et al., 2025; Van Loon et al., 2025). We use a convolutional
neural network (CNN) trained on climate model simulations to learn the relationship between spatial surface
temperature and global‐mean R. We then apply this CNN to different surface temperature reconstructions to
estimate historical variations in R and λ. We compare this statistical approach to extended climate model runs after
2014 and confirm that λ has weakened more recently (i.e., more positive feedbacks and a less stable climate
system; Section 3) and attribute the weaker λ to varying surface temperature patterns (Section 4).

2. Data and Methods
2.1. Climate Model Data

We use a combination of simulations from CMIP5 and CMIP6 atmospheric general circulation models (AGCMs)
and coupled Earth system models (ESMs), including historical (Eyring et al., 2016), piClim‐histall (Pincus
et al., 2016), and amip‐piForcing (Webb et al., 2017) experiments (Table S1 in Supporting Information S1). From
each simulation, we use the net top‐of‐atmosphere radiative flux (N = rsdt − rsut − rlut in CMIP notation,
defined as positive downwards) and near‐surface (2 m) temperature (tas, T). We use bold‐faced variables to
indicate spatial quantities (i.e., on a latitude‐longitude grid), while plain variables indicate global values. The
historical simulations are fully coupled, piClim‐histall are atmosphere‐only runs with preindustrial climatological
SST and sea‐ice boundary conditions and historically varying forcing agents, and amip‐piForcing are
atmosphere‐only runs with historically varying SST and sea‐ice boundary conditions and constant forcing at
preindustrial levels.

We use R from historical large initial‐condition ensemble simulations from one CMIP5 and six CMIP6 ESMs in
1871–2014. All ESMs have at least 20 historical ensemble members. We calculate Rhist = Nhist − FpiClim‐histall,
where Nhist is the net top‐of‐atmosphere energy flux (from coupled historical simulations) and
FpiClim‐histall = NpiClim‐histall is the effective radiative forcing from the piClim‐histall experiment (averaged over all
ensemble members if multiple are available). The historical near‐surface temperature Thist is taken from the same
coupled simulations.

In amip‐piForcing simulations, Ramip‐piForcing = Namip‐piForcing since the effective radiative forcing is zero by
design. We use amip‐piForcing simulations from eight CMIP6‐generation AGCMs that contributed to CFMIP3
(CFMIP hereafter) to obtain RCFMIP and TCFMIP in 1870–2014. We compare the CFMIP ensemble with two
extended AGCM experiments. The first (THadGEM3, RHadGEM3) is a single ensemble member from 1871 to 2020 in
HadGEM3‐GC31‐LL (Kuhlbrodt et al., 2018) with PCMDI AMIP SST boundary conditions (Taylor et al., 2000)
and preindustrial emissions. The second (TE3SMv2, RE3SMv2) is a set of AGCM experiments performed with the
E3SMv2 atmospheric model (Golaz et al., 2022) and emissions fixed at year‐2010 level (amip‐F2010). The
simulations use SST boundary conditions from four reconstructions: HadISST‐1.1 (Rayner et al., 2003), NOAA
ERSST v5 (Huang et al., 2017), NOAA OISST v2.1 (Huang et al., 2021), and PCMDI AMIP SST (Taylor
et al., 2000). We use 10 ensemble members for each SST data set spanning 1979–2022.

We use yearly‐mean values as anomalies with respect to 1980–1999. All T are bilinearly regridded to a common
2.8◦ × 2.8◦ grid, R is a global mean, and ΔT is the global‐mean 2 m temperature anomaly calculated from the
regridded data set.

2.2. Convolutional Neural Network

We follow the methodology of Rugenstein et al. (2025) and Van Loon et al. (2025) to predict the global radiative
response R from surface temperature anomalies with a CNN (see SI for details). Whereas Rugenstein et al. (2025)
and Van Loon et al. (2025) used only internal variability to train the CNN, here we include the forced signal. The
input to the CNN is T and the output is R in the same year. We first train the CNN on Thist to predict Rhist from
large initial‐condition ensemble ESM runs (Table S1 in Supporting Information S1). We use 14 ensemble
members from each ESM to train, three for validation, and three for testing. The gradient of the CNN, ∇TRCNN,
quantifies the sensitivity of R to temperature perturbations in T and can be interpreted as local feedback (similar
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to, e.g., Green's functions; Zhou et al., 2017; Dong et al., 2019; Bloch‐Johnson et al., 2024). The gradient (Figure
S2 in Supporting Information S1) shows that the pattern of local feedback is consistent with our theoretical
understanding of the pattern effect (Rugenstein et al., 2025). Moreover, the CNN performs well on unseen test
data (Figure S3 in Supporting Information S1), indicating that the CNN has learned a robust, physical relationship
between T and R.

Then, we finetune the CNN on TCFMIP and RCFMIP. We take the CNN trained on historical data and continue
training on amip‐piForcing data only. Since CNNs generally require large data sets to train, this two‐step process
allows the CNN to learn from the limited CFMIP data set. We randomly select 70 years to train, 35 to validate, and
40 to test, and use those years from every AGCM. Validation data is used to stop the training process, to avoid
overfitting. Note that, because CFMIP experiments use a historical SST reconstruction (PCMDI AMIP, the same
data set for each AGCM; Taylor et al., 2000), the CNN is finetuned on 2 m temperature that is strongly con-
strained by observations over ocean areas. Temperature over land is freely evolving in AGCM experiments. No
extended AGCM runs are used to train the CNN. The gradient of the CNN does not change notably after fine-
tuning (Figure S2 in Supporting Information S1) and hence, historical variability of λ does not change much
(Figures S4 and S5 in Supporting Information S1). However, finetuning the CNN improves the magnitude of
predicted λ (Section 2.3).

Finally, we apply the trained and finetuned CNN to Trc from different spatially complete reconstructions (rc;
Table S2 in Supporting Information S1). We use 2 m temperature from three atmospheric reanalyses [ERA5,
Hersbach et al. (2020); JRA‐3Q, Kosaka et al. (2024); and MERRA‐2, Gelaro et al. (2017)] and four data sets that
combine SST with land surface air temperature [Berkeley Earth, Rohde and Hausfather (2020); DCENT‐I, Chan,
Chan, Siddons, Cable, Faulkner, et al. (2026); HadCRUT5, Morice et al. (2021); and NOAAGlobalTempV6,
Huang et al. (2024)]. Spatial SST anomalies are similar to 2 m temperature anomalies. We process Trc the same as
the climate model data: yearly anomalies are defined with respect to 1980–1999 and bilinearly regridded to
2.8◦ × 2.8◦. Reconstructions Trc are not used to train the CNN, but only for inference.

We use SHapley Additive exPlanations (SHAP) values (Lundberg & Lee, 2017) to decompose RCNN into con-
tributions from each grid box. SHAP is an eXplainable AI attribution technique. SHAP values S constitute an
attribution map that quantifies how much the input T contributes to the output RCNN. SHAP values are complete,
such that RCNN = ∑jSj, with j denoting the grid box.

2.3. Differential Global Feedback Parameter

We use the differential feedback parameter to study temporal variations of λ (Andrews et al., 2015, 2022;
Rugenstein & Armour, 2021). In a given 30‐year period ending in year t, we estimate λ(t) = ∂R/∂ΔT|[t− 29,t] as
the linear regression slope of {R(t − 29),… ,R(t)} against global‐mean near‐surface temperature
{ΔT(t − 29),… ,ΔT(t)}. The feedback λ(t) thus represents how R linearly varies with ΔT over moving 30‐year
windows and their associated surface temperature patterns. Each λ(t) and temperature pattern can be the result of
internal variability, external forcing, or a combination of both (e.g., Lin et al., 2025; Rugenstein &Armour, 2021).
We calculate λ directly from AGCM output (λCFMIP, λHadGEM3, λE3SMv2) and from the CNN applied to re-
constructions (λCNN).

We compare λCNN to another observation‐based estimate. We use N from a reconstruction (DEEP‐C, Allan
et al., 2014; Liu et al., 2020) and observations (CERES‐EBAF, Loeb et al., 2018) combined with the historical
forcing estimate from Forster et al. (2025) to calculate Rsatellite = Nsatellite − FForster and then
λsatellite = ∂Rsatellite/∂ΔTrc, using different reconstructions (Table S2 in Supporting Information S1) for global
mean temperature ΔTrc. BecauseNsatellite uses different satellite products throughout the record (none of which are
30 years long), we cannot exclude that changes in λsatellite are due to inconsistencies between observational
products, but we can qualitatively use λsatellite as an independent line of evidence for recent variations in λ.

SHAP values are used to attribute λ to surface temperature patterns. We calculate the local contribution to λ(t) by
regressing the SHAP values in each grid box j to global mean temperature to obtain Lj(t) = ∂Sj/∂ΔT|[t− 29,t], with
λ(t) = ∑jLj(t). Similarly, we define the surface temperature pattern Pj(t) = ∂Tj/∂ΔT|[t− 29,t]. In a given 30‐year
period, P(t) indicates how surface temperature varies with global mean temperature, while L(t) indicates the
contribution of P(t) in each grid box to the global feedback λ(t) = ∑jLj(t).
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3. Historical Variations of the Global Radiative Feedback Parameter
We confirm that λ(t) varied substantially throughout the twentieth century (Figure 1a). Estimates from the CNN
and AGCM experiments show a maximum in the early‐to‐mid twentieth century (λ ≃ − 1 Wm− 2/K) and a
minimum in the late twentieth to early twenty‐first century, although the exact maximum and minimum periods
differ. Some AGCMs show more pronounced decadal variability than others (Figure S6 in Supporting Infor-
mation S1). HadGEM3‐GC31‐LL shows a more gradual variation compared to the CNN and E3SMv2 estimates.
The latter two indicate a minimum around 1981–2010 to 1985–2014 (λ ≃ − 3 Wm− 2/K) and a sharp increase
(weakening) afterward (λ ≃ − 2 Wm− 2/K). The E3SMv2 ensemble mean predicts λ ≲ − 3 Wm− 2/K at its mini-
mum, which is more negative than most other estimates, suggesting that E3SMv2 is particularly sensitive to
varying SST patterns (Qin et al., 2022, 2024).

The sharp increase in λ after 1985–2014 is confirmed by the satellite‐based estimate (purple lines in Figure 1), in
line with Loeb et al. (2020) and Andrews et al. (2022). However, λsatellite is weaker than λCNN and λE3SMv2,
reaching λsatellite ≳ − 1 Wm− 2/K in 1995–2024. This might be due to the estimate of effective radiative forcing
from Forster et al. (2025) used to calculate Rsatellite and thus λsatellite (Section 2.3). Van Loon et al. (2025) suggest
that the Forster et al. (2025) forcing trend estimate is biased low in the last two decades, implying an unphysical
underestimation of λ. The CNN estimate λCNN uses the same method as Van Loon et al. (2025) to determine R and
is thus consistent with the strong forcing trend found therein.

The mean CNN estimate deviates from the CFMIP ensemble mean, even though the CNN was finetuned on that
data set. When applying the CNN to TCFMIP, the CNN predicts λ similar to the CFMIP multimodel mean (Figure
S4 in Supporting Information S1). Therefore, λCNN has a “model‐average” pattern effect, because it has been
trained on AGCMs with a wide range of temporal λ variability (Figure S6 in Supporting Information S1). The
CNN could be finetuned on separate models to investigate model differences in the pattern effect, which we leave
for future work. The difference between λCNN and λCFMIP is mainly explained by temperature over land, but
differences in near‐surface temperature over ocean also play a role, even though SST is the same in each CFMIP
simulation. Reconstructions Trc include observed land surface temperature, while TCFMIP has simulated land
temperature. Land surface temperature in TCFMIP neglects direct warming due to forcing agents (e.g., CO2
emissions), that are not included in amip‐piForcing experiments (e.g., Andrews, 2014; Andrews et al., 2022).

3.1. Spread in Historical Feedback Estimates

The large spread in λ estimates (Figure 1, thin lines) can be due to differences in AGCMs, internal atmospheric
variability, or near‐surface temperature, both over ocean and land. Averaged over all years, the intermodel

Figure 1. (a) The global feedback parameter λ estimated from AGCMs that contributed amip‐piForcing experiments to
CMIP6 (CFMIP, blue, ending in 2014), an extended amip‐piForcing experiment in HadGEM3‐GC31‐LL (green, ending in
2020), amip‐F2010 experiments in E3SMv2 (orange, ending in 2022), the CNN applied to seven historical surface
temperature reconstructions (red, ending in 2025), and an estimate based on satellite observations (satellite, purple, ending in
2024). (b) The global radiative feedback parameter λ estimated from the CNN applied to Trc (red, as in a); T¬I3.4

rc with the El
Niño Southern Oscillation (ENSO) linearly removed (as defined by the Niño 3.4 region; pink); T¬PDO

rc with the Pacific Decadal
Oscillation (PDO) linearly removed (brown); and TForceSMIP (yellow, Wills et al., 2026). Thin lines are individual model
simulations (for CFMIP), ensemble members (for E3SMv2), or temperature reconstructions (for CNN and satellite); thick lines
are a mean across the thin lines per data set.
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standard deviation is σCFMIP ≃ 0.43 Wm− 2/K across CFMIP AGCMs (Figure 1, thin blue lines). Similarly, the
standard deviation across E3SMv2 simulations with different SST reconstructions is σE3SMv2 ≃ 0.30 Wm− 2/K
(Figure 1, thin orange lines). Since σE3SMv2 does not include model differences, the variance explained due to
model differences is r2model = 1 − σ2E3SMv2/σ2CFMIP ≃ 50%. The standard deviation σCNN does not change
significantly when applying the CNN to T output from CFMIP or E3SMv2 instead of reconstructions (Figure S4
in Supporting Information S1). Because σCNN only includes differences in T, the variance explained due to
differences in models plus internal atmospheric variability is r2model+ IV = 1 − σ2CNN/σ2CFMIP ≃ 80%. In other
words, about r2T ≃ 20% of the λCFMIP variability in a given year can be explained by differences in near‐surface
temperature reconstructions alone.

AGCM experiments do not prescribe land temperature, which is freely evolving in response to the prescribed
SST. Since CFMIP simulations all use the same SST boundary conditions, we expect most of r2T ≃ 20% to be
explained by land temperature variability. To test this, we create an artificial temperature data set TCFMIP, land,
where we replace near‐surface temperature over ocean in TCFMIP with the CFMIP multimodel mean, while
keeping land temperature unchanged. We then apply the CNN to TCFMIP, land and calculate λ. We find that about
r2land T ≃ 85% of the variance due to surface temperature differences is explained by land temperature. We find
similar results using the E3SMv2 ensemble. When performing the same analysis on Trc, we find instead
r2land T ≃ 45%, because ocean temperature differences across reconstructions are larger than across CFMIP
simulations.

In summary, half of the intermodel spread of λ can be explained by AGCM differences ( r2model ≃ 50%), while
differences in near‐surface temperature explain r2T ≃ 20% (of which r2land T ≃ 85% is due to temperature over
land). The remaining variance is explained by internal atmospheric variability. The sensitivity of λ to observa-
tional uncertainties (e.g., Andrews et al., 2022; Fan et al., 2025; Lewis & Mauritsen, 2021; Modak & Maur-
itsen, 2023) can be investigated by applying the CNN to different reconstructions (Figure S7 in Supporting
Information S1). Using the 200‐member HadCRUT5 ensemble (Morice et al., 2021), we find that reconstruction
uncertainties lead to a spread of about ±0.24 Wm− 2/K (99% confidence interval) in the satellite era. Using output
from the E3SMv2 ensemble, we find a similar spread of about ±0.28 Wm− 2/K. Future work could investigate
these uncertainties in more detail, by comparing attribution maps of the CNN applied to different reconstructions
or using AGCMs forced with different reconstructions (e.g., the E3SMv2 ensemble).

3.2. Role of the El Niño Southern Oscillation and Pacific Decadal Oscillation

It is an open question to what extent the historical variations in λ are forced or due to internal variability (e.g., Lin
et al., 2025; Lutsko & Takahashi, 2018; Proistosescu et al., 2018). El Niño Southern Oscillation (ENSO) and
Pacific Decadal Oscillation (PDO) have their own pattern effect (e.g., Ceppi & Fueglistaler, 2021; Guillaume‐
Castel et al., 2025; Loeb et al., 2020; Meyssignac et al., 2023; Wills et al., 2021). We remove the influence of
ENSO and PDO on our λ estimate. First, we regress Trc at each grid box onto the Niño 3.4 index I3.4 on monthly
timescales to obtain the part of Trc that is linearly related to I3.4, denoted TI3.4

rc . Then, we subtract the I3.4‐related
variability and take yearly averages, to create an artificial timeseries T¬I3.4

rc = Trc − TI3.4
rc that excludes effects of

ENSO. Detrending I3.4 does not significantly affect the regression because monthly variability is much larger than
decadal trends. Using other methods to remove ENSO (e.g., Gunnarson et al., 2025) or simply leaving out strong
ENSO years does not alter our conclusions (Figure S8a in Supporting Information S1). We do the same for the
monthly PDO index (NOAA, 2026; Zhang et al., 1997) to create T¬PDO

rc = Trc − TPDO
rc . Finally, we apply the

CNN to T¬I3.4
rc and T¬PDO

rc to investigate the influence of ENSO and PDO on λ (Figure 1b). This procedure does not
remove long‐term El‐Niño‐like or PDO‐like trends or lagged effects, but only the variability that is linearly
related to the respective indices on monthly timescales.

Removing ENSO generally strengthens the feedback, indicating that ENSO tends to weaken λ in the 30‐year
regression definition used here. The same is true for PDO, although the effect is small. The effect of ENSO is
largest in early periods, when internal variability is much larger than decadal trends. Different ENSO indices can
alter λ to various degrees, with the Niño 1 + 2 region weakening the feedback the most, possibly because of its
proximity to low cloud decks (Figure S8b in Supporting Information S1). ENSO can have an effect on R and ΔT
in a given year (e.g., Ceppi & Fueglistaler, 2021; Guillaume‐Castel et al., 2025), but only weakly influences how
R varies with ΔT in a 30‐year period (Figures S8c–S8e in Supporting Information S1). The weak influence of
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ENSO and PDO on the λ‐minimum around 1981–2010 indicates that there is likely a forced component to the
pattern effect on decadal timescales. This is confirmed by applying the CNN to estimates of the forced component
of observed T (ForceSMIP, Wills et al., 2026, who compared 30 different statistical methods to separate the
forced signal from interval variability). Although there is no consensus on the forced signal in observed T, most
estimates indicate a λ‐minimum around 1981–2010 (Figure 1b, yellow). Since the CNN can make fast predictions
for any temperature pattern, it can be used to test such hypotheses by applying it to artificial surface temperature
anomalies.

4. Attributing Changes in the Global Radiative Feedback Parameter to Surface
Temperature Patterns
Which spatial patterns and physical processes led to the historical variations of λ, in particular the minimum
around 1983–2012? We attribute the change in λ to changes in surface temperature patterns using SHAP values
(explained in Section 2). Figure 2 shows surface temperature patterns and feedback attribution maps for three
different periods: 1951–1980, 1981–2010, and 1996–2025 (note an overlap between the latter two periods). The
temperature patterns indicate how local surface temperature varies with global mean temperature in each period
and are not necessarily indicative of regional cooling or warming in that period. The feedback attribution maps
show howmuch temperature in each grid box contributes to the global feedback parameter, through both local and
remote processes. The attribution maps are noisy, but the large‐scale patterns are robust across different CNN
architectures or training data.

The year 1980 is considered a turning point for the pattern effect (Andrews et al., 2022; Fueglistaler & Sil-
vers, 2021; Wu et al., 2025), with λ strengthening (stabilizing) for 30‐year windows ending after 1980 (Figure 1).
After 1980, surface temperature patterns changed notably in the Pacific Ocean, with slower warming or even
cooling in the eastern Pacific (Figures 2a, 2b, and 2g). This pattern change is associated with a weakened positive
feedback contribution from the equatorial and subtropical eastern Pacific (Figures 2d, 2e, and 2i). This is
consistent with a switch from positive to negative low cloud feedbacks over the same period, driven mostly by
marine cloud decks in the subtropical eastern Pacific (Myers et al., 2023). Other regions contributed positively to
the feedback, such as the central Pacific and the West coast of South America, but the global net effect was a
stronger, more stabilizing feedback (Δλ ≃ − 1.6 Wm− 2/K between 1951–1980 and 1981–2010). The strong
feedbacks in the early 2000s might be connected to stabilized global mean temperatures during the global
warming hiatus (e.g., Hedemann et al., 2017; Medhaug et al., 2017; Modak & Mauritsen, 2021), but shorter
timescales than 30 years need to be considered since the hiatus lasted only around 2000–2012.

For 30‐year windows ending after 2010, λ rapidly weakened (Figure 1). This weakening is associated with a sign‐
change of the temperature pattern in the Northeast Pacific (Figures 2b, 2c, and 2h), which contributed to a strong
positive feedback (Figures 2f and 2j). Also the equatorial East Pacific contributed positively to the feedback.
These positive contributions appear once 2015–2016 is included in the 30‐year window, consistent with prior
studies (Andrews et al., 2022; Loeb et al., 2020), and intensify over subsequent years. Removing 2015–2016 from
the regression does not significantly affect the increased λ, indicating that the weakening trend is not due to a
single ENSO event. The subtropical North Atlantic contributed less positively to the feedback after 1981–2010,
but globally the feedback weakened (Δλ ≃ 1.1 Wm− 2/K between 1981–2010 and 1996–2025). In 1996–2025, λ
is still stronger than predicted by abrupt CO2 forcing experiments (e.g., Andrews et al., 2022), possibly due to
residual effects of other climate forcings (e.g., Gregory et al., 2020). Delayed warming in the Southeast Pacific
kept λ stronger relative to uniform warming (Figure S9 in Supporting Information S1). With more uniform
warming, λ would weaken further, getting closer to λ predicted from CO2‐only forcing experiments.

Over the full historical period, different regions contributed to temporal variability of λ. Ocean temperature
dominates the variability of λ, but land temperature has a considerable contribution. The CNN attributes the
overall magnitude of the feedback mostly to land temperature changes (Figure S10 in Supporting Information S1),
possibly because of the stronger global warming signal over land. Therefore, we do not use the CNN to attribute
the overall magnitude of λ, but only its predicted variations in time. Figures 2k–2p show the regional attribution of
changes in λ, by summing attribution maps over regions indicated in Figure 2d.

Among different ocean regions, the Southeast Pacific (Figure 2k) and Niño 3 (Figure 2n) regions correlate most
closely with the global feedback and contributed to the strengthening after 1951–1980. The contribution from the
Niño 4 region anticorrelates with λ (Figure 2p), in line with results of Guillaume‐Castel et al. (2025), who found
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that different ENSO flavors can influence top‐of‐atmosphere radiation in opposite ways on inter‐annual time-
scales. The high correlation of λwith its contribution from ENSO regions indicate that long‐term variability in the
Tropical Pacific has a strong influence on the pattern effect, even though the influence of single ENSO events on λ

Figure 2. Attribution of changes in the global radiative feedback parameter. Panels (a–c) show the surface temperature
patterns (linear regression slope of local temperature against global mean temperature). Panels (d–f) show the local
temperature contribution to the feedback parameter. The sum over all grid boxes equals λ in the same period (indicated above
the maps). Bottom panels show the difference between two periods for the surface temperature pattern (g–h) and feedback
attribution maps (i–j). Maps are averaged over seven reconstructions Trc, except for 1951–1980, with only 3 available data sets.
All temperature patterns and attribution maps share their respective colorbars. Panels (k–p) show the contribution of six
different regions (see panel a) to the global feedback parameter, considering only ocean area in each box. All values are
anomalies with respect to the 1871–2025 mean. Thin lines are individual Trc, thick lines are an ensemble mean. Values on the
top right indicate the Pearson correlation coefficient with the global feedback (Figure 1).
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variations is relatively weak (Figure 1b and Figure S8 in Supporting Information S1), highlighting the distinction
between decadal trends and interannual variability. After 1981–2010, the Northeast Pacific (NEP, Figure 2m)
stands out as a contributor to the weakening of λ (see also Figure 2j). Between 1981–2010 and 1996–2025, the
NEP contributed ΔλNEP ≃ 0.33 Wm− 2/K to the feedback weakening (∼30% of the total change). TheWest Pacific
Warm Pool (WPWP, Figure 2l) and Southern Ocean (Figure 2o) have the weakest contribution to the global
feedback variations. The WPWP contributes to the overall negative sign of the feedback (Figures 2d–2f), but the
temperature has little interannual to decadal variability (Figures 2a–2c, 2g–2h). Since the relative warm pool
temperature with respect to the tropical‐mean temperature is more important for the pattern effect than the ab-
solute temperature (e.g., Dong et al., 2019; Fueglistaler & Silvers, 2021), the CNN might attribute some changes
in the feedback to where the temperature and top‐of‐atmosphere radiation change are occurring, not where they
are caused (e.g., low clouds in the East Pacific might respond to warming in the WPWP). The CNN in its current
setup cannot distinguish between these local versus remote processes.

The net radiative feedback is influenced by many different processes, including lapse rate, cloud, and sea‐ice
feedbacks. Decomposing the net radiation into shortwave (SW)/longwave (LW) and clear‐sky/cloud compo-
nents can give additional insights into these different components (Andrews et al., 2018). Cloud fluxes are
calculated as all‐sky minus clear‐sky fluxes. Training CNNs on the different components is beyond the scope of
this paper, but we investigate the decomposition in the E3SMv2 ensemble and find that all components of λ
weaken after 1985–2014 (Figure 3). Aside from variations in the SW cloud feedback (predominantly driven by
low clouds) and LW clear‐sky feedback (predominantly lapse rate feedback), also the SW clear‐sky feedback
shows a significant increase after 1986–2015. The latter might be due to a decline in Antarctic sea‐ice after
2015 (e.g., Duspayev et al., 2024; Riihelä et al., 2021; Zhou et al., 2025). The local feedback in the Southern
Ocean shows a positive change of the same order as the feedback change in the NEP (Figure S11 in Supporting
Information S1), mainly driven by the SW clear‐sky feedback, highlighting the role of Antarctic sea‐ice in the
weakening of λ.

We confirm the relevance of the NEP in E3SMv2. We perform five additional AGCM simulations in E3SMv2
with HadISST‐1.1 boundary conditions and year‐2010 emissions, but keep SST in the NEP fixed to 1979 values.
Keeping the NEP SST fixed reduces the overall feedback, mostly due to the SW cloud component (Figure 3),
since the NEP is dominated by low cloud feedbacks. We compare the fixed‐NEP to the original 10‐member
ensemble of E3SMv2 with HadISST‐1.1 boundary conditions (Section 2.1). We sample five members from all
10 members with replacement, take the 5‐member average, and repeat this process 1000 times to obtain the
median 5‐member mean (Figure 3, blue) and the two‐sided 95% confidence bounds (Figure 3, shading). From
1986–2015 onward, the SW cloud feedback in the fixed‐NEP experiment is lower than in the original ensemble
(Figure 3d), which results in a lower net feedback in 1993–2022 (Figure 3a). No other feedback components are
significantly affected by fixing NEP SST.

Figure 3. Decomposition of the net global feedback (a) into its shortwave (SW) clear‐sky (b), longwave (LW) clear‐sky (c),
SW cloud (d), and LW cloud (e) components in the E3SMv2 ensemble (orange). Five members of E3SMv2 are run with
HadISST‐1.1 boundary conditions and fixed Northeast Pacific (NEP) SSTs (green). Thin lines are individual ensemble
members, thick lines are an ensemble mean. We compare with bootstrapped 5‐member averages from the 10‐member
E3SMv2 ensemble with HadISST‐1.1 boundary conditions. Thick blue line shows the median, shading the two‐sided 95%
confidence bounds.
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5. Discussion and Conclusions
The CNN is a surrogate model that relates any surface temperature pattern to R and λ. Therefore, the CNN can be
used for fast experimentation on the effect of temperature variations on λ, exemplified here by linearly removing
ENSO and PDO from Trc (Figure 1b) or local attribution (Figure 2). Such experiments can inform climate model
runs, as done here to study the influence of the Northeast Pacific on the recent λ weakening in E3SMv2, to gain
robust understanding of the pattern effect.

We update λ with various surface temperature reconstructions up to present day. This means that we can now
monitor changes in λ in near real‐time, without relying on new climate model simulations, currently lagging more
than a decade. Our estimate generally follows the CFMIP3 multi‐model mean before 2014, but additional un-
certainty could be introduced by applying the CNN to much warmer (out‐of‐distribution) surface temperature
maps. Because the CNN uses global surface temperature maps, not just ocean temperature, we capture the effect
of land temperature on λ. In future work, it is important to compare the CNN results with climate model simu-
lations with fixed land surface temperature (e.g., Andrews et al., 2021) to confirm the importance of land tem-
perature variability for λ variations in a causal framework instead of a statistical one.

Regional attribution of changes in λ confirms the importance of the East Pacific for the pattern effect
(e.g., Andrews et al., 2022; Loeb et al., 2020; Myers et al., 2023). The CNN attributes the strengthening of λ after
1980 to cooling in the tropical and subtropical eastern Pacific, while the weakening after 2010 is mainly attributed
to warming in the subtropical Northeast Pacific (Figure 2). AGCM experiments with SSTs fixed in this region
confirms the regional attribution suggested by the CNN.

We only use near‐surface temperature to predict top‐of‐atmosphere radiation with the CNN. In reality, other
factors, such as sea‐ice or direct aerosol effects, also play a role (e.g., Andrews et al., 2022; Duspayev et al., 2024;
Riihelä et al., 2021; Zhou et al., 2025). Still, the CNN performs well on unseen test data, indicating that near‐
surface temperature contains most of the information needed to predict R, with r2 values above 80 % (Figure
S3 in Supporting Information S1). Future work could include sea‐ice as a predictor to the CNN, which can give
additional insight into the SW clear‐sky feedback (Figure 3b). AGCM experiments with varying SST but fixed
sea‐ice could confirm the role of sea‐ice on the recent weakening of the feedback.

In summary, the climate was the most stable in recent history between the mid‐1980s and early 2010s
(λ ≃ − 3 Wm− 2/K). Over the last three decades, λ has been less stable (λ ≃ − 2 Wm− 2/K). This result is found
both with a statistical (CNN) approach and in two AGCMs (HadGEM3‐GC31‐LL and E3SMv2). Temperature
pattern differences between 1981–2010 and 1996–2025 are opposite in sign to those between 1951–1980 and
1981–2010 (Figures 2g and 2h), suggesting that the climate is returning to a state with a less stabilizing feedback,
possibly explaining the recent accelerated warming (Alessi & Rugenstein, 2023; Foster & Rahmstorf, 2026). If
the current surface temperature pattern persists, future global mean warming rates might be large (possibly larger
than anticipated by freely running climate models). Weakening of λmight be counteracted or enhanced by ocean
heat uptake and T, calling for research on their local drivers and interactions.
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