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Abstract. From mid-2003 to mid-2024, a global decrease in low-cloud amount enhanced the absorption of
solar radiation by 0.22± 0.07 W m−2 per decade (±1σ range), accelerating the energy imbalance trend during
that period (0.44 W m−2 per decade). Through controlling factor analysis, here we show that the low-cloud
trend is due to a combination of cloud feedback and adjustments to greenhouse gases and aerosols (respectively
0.09± 0.02, 0.05± 0.03, and 0.03± 0.03 W m−2 per decade), which jointly account for 72 % of the trend. The
contribution of natural climate variability is weak but uncertain (0.01± 0.08 W m−2 per decade), owing to a
poorly constrained trend in boundary-layer inversion strength. Importantly, the observed low-cloud radiative
trend lies well within the range of values simulated by contemporary global climate models under conditions
close to present day. Any systematic model error in the representation of present-day global energy imbalance
trends is thus likely to originate in processes unrelated to low clouds.

1 Introduction

Earth’s energy imbalance, the difference between absorbed
shortwave and outgoing longwave radiation at the top of the
atmosphere, is a key indicator of climate change. This en-
ergy imbalance is currently increasing under the combined
effect of a strengthening positive greenhouse gas forcing and
a weakening negative aerosol forcing (Forster et al., 2021;

Loeb et al., 2021; Kramer et al., 2021; Hodnebrog et al.,
2024; Forster et al., 2025). However, radiative budget trends
are also influenced by processes of rapid adjustment and cli-
mate feedback, as well as natural climate variability (Raghu-
raman et al., 2021; Andrews et al., 2022; Raghuraman et al.,
2023).

Global satellite observations reveal a rapidly increasing
global energy imbalance since the early 2000s, seemingly
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faster than simulated by contemporary coupled global cli-
mate models (Olonscheck and Rugenstein, 2024; Maurit-
sen et al., 2025), but the causes of this discrepancy are un-
clear. Previous work has highlighted the important contri-
bution of decreased shortwave (SW) reflection by clouds
(Stephens et al., 2022; Raghuraman et al., 2023; Tselioudis
et al., 2025), and particularly low clouds (Loeb et al., 2024b;
Goessling et al., 2025), to the energy imbalance trends. Re-
cent decades have seen a conjunction of factors expected to
reduce low-cloud SW reflection: weakening aerosol forcing
(Kramer et al., 2021; Yuan et al., 2022, 2024; Gettelman
et al., 2024; Zhang et al., 2025); positive rapid adjustments to
increasing greenhouse gas forcing (Gregory and Webb, 2008;
Andrews and Forster, 2008; Andrews et al., 2012); and pos-
itive low-cloud feedback (Ceppi et al., 2017; Zelinka et al.,
2020; Myers et al., 2021; Ceppi et al., 2024). Meanwhile,
natural climate variability can cause large decadal SW low-
cloud trends of either sign, particularly via the sea-surface
temperature (SST) “pattern effect” (Zhou et al., 2016; An-
drews et al., 2022). The relative importance of these various
drivers for the recent low-cloud radiative trends remains to
be quantified.

Here we apply cloud-controlling factor analysis (e.g.,
Scott et al., 2020; Myers et al., 2021; Ceppi and Nowack,
2021; Ceppi et al., 2024; Wilson Kemsley et al., 2024) to
interpret recent low-cloud radiative trends, using state-of-
the-art global satellite observations from the Clouds and the
Earth’s Radiant Energy System (CERES) project, comple-
mented by reanalysis data and Coupled Model Intercompar-
ison Project phase 6 (CMIP6; Eyring et al., 2016) climate
model simulations. We find that the low-cloud trend is driven
primarily by a combination of low-cloud feedback and ad-
justments to aerosol and greenhouse gas (GHG) forcing. Fur-
thermore, the observed low-cloud trend lies well within the
range of global climate model simulations, suggesting that
any model error in energy imbalance trends likely originates
in processes unrelated to low clouds.

2 Observed radiative trends

Our analysis covers July 2003 to June 2024, where our
datasets overlap (Appendix A1). For this period, Earth’s
global energy imbalance N as observed by CERES Energy
Balanced and Filled (CERES-EBAF) increased at an av-
erage rate of 0.44 W m−2 per decade (Fig. 1a) – a value
consistent with other findings based on similar analysis pe-
riods (e.g., Hodnebrog et al., 2024; Loeb et al., 2024b;
Mauritsen et al., 2025). Anomalies in SW low-cloud ra-
diative effect (SWCRElow, defined positive down, Appen-
dices A1–A2), calculated from the CERES Flux-By-Cloud-
Type (CERES-FBCT) product, made a large contribution
amounting to half of this decadal trend, in addition to ex-
plaining a substantial portion of inter-annual variations in N
(Fig. 1a; correlation coefficient r = 0.82). Low clouds how-

ever only account for about a quarter of the large increase in
absorbed solar radiation (0.86 W m−2 per decade, not shown;
Loeb et al., 2024b; Myhre et al., 2025), which includes ad-
ditional contributions from non-low clouds, surface albedo,
water vapour absorption, and shortwave forcing.

The global SWCRElow trend is driven by changes across
the Northern Hemisphere ocean basins, Europe, the South-
east Indian Ocean, and the South Atlantic, with oppos-
ing contributions mainly in the tropical Southeast Pacific
(Fig. 2a). Given that increasing surface temperature (Tsfc)
generally promotes less low cloud and thus anomalously
positive SWCRElow, whereas increasing estimated inver-
sion strength (EIS, defined in Appendix A1) has the oppo-
site effect (Fig. A1), the spatial pattern of the SWCRElow
trend appears qualitatively consistent with the observed
changes in Tsfc and EIS (Fig. 2d and e): regions of pos-
itive SWCRElow trends coincide with regions of increas-
ing Tsfc, and the area of negative SWCRElow change in the
tropical Southeast Pacific corresponds to an area of positive
EIS change and near-zero Tsfc trend. The low-cloud radia-
tive trends described here agree in magnitude and meridional
structure with those reported in Fig. 9b of Loeb et al. (2024b)
for the period July 2002 to December 2022.

The SWCRElow changes also agree well with the changes
in low-cloud amount, both locally and globally (Fig. 2a–c);
low-cloud amount decreases globally by 0.05 % per decade
during the analysis period. Consistent with this, nearly all
of the SWCRElow trend is associated with decreasing cloud
amount, as opposed to decreasing optical depth (respectively
0.21 and 0.01 W m−2 per decade; not shown), although ob-
servational uncertainties may affect this partitioning.
Tsfc increases substantially during our study period: 0.20 K

per decade, or 0.44 K over 21 years. This suggests that
a substantial fraction of the SWCRElow increase may re-
flect an emerging low-cloud feedback in satellite observa-
tions. However, aerosol adjustment is likely to have also
played a role, especially in the Northern Hemisphere, as are
GHG adjustments and unforced climate variability. To dis-
tinguish between these drivers, we employ cloud-controlling
factor (CCF) analysis (Appendix A3) along with global cli-
mate model estimates of the SWCRElow GHG adjustment.

3 Drivers of the low-cloud radiative trend

The reconstruction method (Appendix A3) overall repro-
duces the inter-annual variability in global SWCRElow, de-
spite underestimating some extrema. The method also cap-
tures most of the decadal trend (0.17 W m−2 per decade;
Fig. 1b and d), even though all trends were removed dur-
ing the training process, with an unexplained residual of
0.05 W m−2 per decade. Discrepancies may arise for several
reasons: inaccuracies in the CCF method, observational er-
ror in the CCFs or the cloud-radiative anomalies, stochastic
cloud variability that is unaccounted for by the CCFs, errors
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Figure 1. (a–c) Timeseries of global radiative anomalies: (a) CERES-EBAF net radiative imbalance N (green) and CERES-FBCT
SWCRElow (black); (b) CERES-FBCT SWCRElow (black) and reconstructed timeseries (grey); (c) reconstructed CERES-FBCT SWCRElow
(grey) and CMIP6 SWCRElow (Table A1), emulating extended amip simulations (dark orange). The actual SWCRElow from amip simula-
tions up to December 2014 is shown in light orange. (d) CERES-FBCT actual and reconstructed trends, amip emulated trend, and contribu-
tions to the CERES-FBCT reconstructed trend from cloud feedback, aerosol adjustment, greenhouse gas (GHG) adjustment, and unforced
climate variability. Thick bars denote central estimates, while thin bars provide ±1σ ranges. Timeseries show monthly anomalies from the
time mean, smoothed with a 12-month centred running mean. Coloured dashed lines represent linear fits to the corresponding timeseries,
with trend values (in W m−2 per decade, calculated before smoothing the timeseries) shown in the bottom right corner of each panel. Values
are near-global averages (60° S to 60° N), scaled to the global area, except for N which uses global data.

in the climate model-based estimate of the GHG adjustment,
or errors in the observed SWCRElow trend.

The observed SWCRElow trend is also reasonably well re-
produced spatially (Fig. 3a and b), with the CCF reconstruc-
tion generally capturing the distribution of positive and neg-
ative anomalies, and a pattern correlation coefficient of 0.68.
Discrepancies are found mainly in Northern Hemisphere
ocean basins, as well as in Southern Hemisphere stratocu-
mulus regions (Fig. 3c). We can further validate the method
by treating each available CMIP6 historical model simu-
lation (Appendix A1) as an observation, and showing that
the reconstructed trends agree closely with the actual values
(Fig. 4).

We next assess the contributions of cloud feedback, ad-
justments to aerosols and GHG, and unforced climate vari-
ability to the observed SWCRElow trend (Appendix A4–
A5). We identify cloud feedback as the leading contribution,
explaining 40 % of the observed global SWCRElow trend

(0.09± 0.02 W m−2 per decade, ±1σ range; Fig. 1d). This
contribution is largest in tropical subsidence and midlati-
tude regions (Fig. 3d), consistent with previous observational
assessments (Myers et al., 2021; Ceppi et al., 2024). Nor-
malised by the observed warming rate, this implies a low-
cloud feedback best estimate of 0.39 W m−2 K−1, consistent
with the assessment of Ceppi et al. (2024).

The next largest effects are adjustments to aerosol
and GHG. Aerosols contribute 0.03± 0.03 W m−2 per
decade, primarily from changes in the Northern Hemisphere
(Fig. 3e). This is close to the numbers of Park and So-
den (2025) of 0.00 to 0.06 W m−2 per decade depending
on the aerosol dataset. GHG adjustment has a comparable
impact (0.05± 0.03 W m−2 per decade), but with a much
more uniform spatial pattern (Figs. 3f and A3). This posi-
tive low-cloud adjustment to GHG results from rapid lower-
tropospheric warming and drying in response to GHG forc-
ing, in addition to a reduction in radiative cooling at cloud
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Figure 2. Observed decadal trends in (a) low-cloud radiative effect SWCRElow, (b) low-cloud amount Clow (note the inverted colourbar),
(d) surface temperature Tsfc, and (e) estimated inversion strength EIS (lower-tropospheric stability LTS over land). (c, f) Near-global time-
series of the same quantities, averaged from 60° S to 60° N and scaled to the global area. The timeseries show monthly anomalies from the
time-mean, smoothed with a 12-month centred running mean. Coloured dashed lines represent linear fits to the corresponding timeseries,
with trend values (in W m−2 per decade, % per decade or K per decade, calculated before smoothing the timeseries) shown in the bottom
right corner of each panel. Trend maps for other controlling factors are shown in Fig. A2.

top (Andrews et al., 2012; Kamae et al., 2015; Salvi et al.,
2021; Quaas et al., 2024). Taken together, low-cloud feed-
back and adjustment (i.e. the forced low-cloud response) ac-
count for around 72 % of the trend (0.16± 0.04 W m−2 per
decade; Fig. 1d).

Accordingly, the contribution of unforced climate variabil-
ity is small at 0.01 W m−2 per decade. This is likely coinci-
dental and specific to the phase of climate variability for the
time period considered, given the known large decadal vari-
ations in low-cloud feedback associated with time-varying
SST patterns (Zhou et al., 2016; Kawaguchi and Ceppi,
2025). While small in the global mean, the unforced vari-
ability component exhibits a large uncertainty (±0.08 W m−2

per decade) and is regionally dominant (Fig. 3g). In a global-
mean sense, the magnitude and sign of the unforced variabil-
ity contribution depend entirely on the choice of EIS dataset
(Appendices A5–A6): across the 40 ensemble members, the
unforced trend strongly correlates with the trend of the EIS
contribution to SWCRElow (r = 0.86; not shown). This EIS
trend uncertainty also dominates the spread in the total recon-
structed SWCRElow trend (r = 0.63; Figs. A4–A5), while
only contributing minimally to uncertainty in the forced com-
ponent of the trend, owing to a weak forced EIS response
(Fig. A2).

4 Can global climate models simulate the low-cloud
trend?

Given prior findings that CMIP6 models may underestimate
the recent energy imbalance trend (Olonscheck and Rugen-
stein, 2024; Mauritsen et al., 2025), we consider whether low
clouds may account for some or all of the discrepancy. Per
Eq. (A2), such a discrepancy could arise for two, not mu-
tually exclusive reasons: (1) models are unable to simulate
the CCF changes observed during the period of study (the
dX term in Eq. A2); (2) models misrepresent the cloud re-
sponse to the observed CCF changes (the2 term). Addition-
ally, models may underestimate the low-cloud adjustment to
GHG forcing, but we are unable to assess that possibility
here.

To evaluate model performance, we compare the observed
SWCRElow trend with that calculated from amip and histori-
cal simulations. Comparing with amip minimises differences
in CCF trends between models and observations, thus high-
lighting the role of the cloud-radiative sensitivities (2). By
contrast, the comparison with historical will additionally in-
clude more substantial differences in CCF trends.

The amip and historical experiments in CMIP6 end in
December 2014. Hence for the comparison with amip sim-
ulations, we restrict ourselves to the overlapping period
July 2003 to December 2014 (Fig. 1c, light orange). Addi-
tionally, however, we exploit CCF analysis to generate syn-
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Figure 3. Maps of CERES-FBCT SWCRElow trends, decomposed into contributions. (a) Actual SWCRElow trend, (b) reconstructed trend
(sum of panels d–g), (c) difference (a minus b), and contributions from (d) cloud feedback, (e) aerosol adjustment, (f) greenhouse gas (GHG)
adjustment, and (g) unforced variability. The GHG adjustment trend contribution (f) is repeated in Fig. A3 with a finer colourbar.

thetic amip SWCRElow timeseries extended up to June 2024,
by convolving each model’s own CCF sensitivities (calcu-
lated from independent historical simulations) with the ob-
served CCF anomalies (Fig. 1c, dark orange). In either case,
the multi-model amip results agree well with CERES obser-
vations, in terms of both year-to-year fluctuations and the
long-term trend (Fig. 1c). The reconstructed amip trend is
nearly identical to that reconstructed from observed sensitiv-
ities (0.17 W m−2 per decade in either case), although this is
highly model-dependent (±1σ inter-model range −0.01 to
+0.36 W m−2 per decade). Overall, the comparison suggests
that the observed SWCRElow trend lies well within the range
of what contemporary climate models would simulate if ex-
tended amip simulations were available.

Now turning to the historical experiment, since the CCF
changes are not constrained by observed sea-surface tem-
peratures, a perfect time overlap is not necessary and we
therefore use the most recent 20-year period, January 1995
to December 2014, for our comparison. Here again, the
CERES SWCRElow trend lies fully within the range of
model-simulated trends, if towards the upper end of the dis-
tribution (Fig. 4). The two models simulating stronger pos-
itive trends – two versions of the UK Met Office model,
HadGEM3-GC31-LL and UKESM1-0-LL – are also at the
upper end of the CMIP6 range in terms of their low-cloud
feedback (Ceppi et al., 2024, their Table S2).

A limitation of our analysis is that the results in Figs. 1c
and 4 are based on a limited set of CMIP6 models, includ-
ing several high-sensitivity models (Table A1), meaning we
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Figure 4. Comparison of actual and reconstructed trends in
SWCRElow. Blue symbols denote trends from individual CMIP6
models in the historical simulations during January 1995 to De-
cember 2014. The black circle shows CERES-FBCT values for
July 2003 to June 2024, with error bars denoting ±1σ confidence
intervals. The one-to-one line is shown in solid black.

cannot reliably assess any systematic model bias. Further-
more, the trends in Fig. 4 are likely strongly influenced by
the phase of natural climate variability in individual realisa-
tions, and hence a quantitative comparison between models
and observations would require the use of large ensembles, as
in Olonscheck and Rugenstein (2024). Besides, forced CCF
trends during 1995–2014 likely differ slightly from those
acting in the observational period 2003–2024. These limita-
tions notwithstanding, the results indicate that contemporary
global climate models are able to simulate SWCRElow trends
similar to those observed, whether or not they are constrained
to follow the specific phase of observed climate variability.

5 Conclusions

Earth’s energy imbalance grew by 0.44 W m−2 per decade
between July 2003 and June 2024. Over this 21-year period,
this amounts to an increase of 0.92 W m−2, as large as the
mean imbalance itself (Mauritsen et al., 2025) and poten-
tially in excess of the rate simulated by contemporary global
climate models (Olonscheck and Rugenstein, 2024). Using
cloud-controlling factor (CCF) analysis, combined with cli-
mate model-derived estimates of rapid adjustments to green-
house gas (GHG) forcing, we show that shortwave (SW) ra-
diative changes by low clouds substantially contribute to this
energy imbalance increase, at 0.22 W m−2 per decade. The
low-cloud trends, in turn, are driven by a combination of low-
cloud feedback, sulphate aerosol adjustment, and GHG ad-
justment, which jointly account for around 72 % of the trend.
This leaves only a minor role for natural climate variability,
although our estimate is subject to a substantial uncertainty
related to trends in 700 hPa temperature and thus EIS (Ap-
pendix A6). Our assessment of the forced and natural vari-
ability components additionally depends on the assumption
that climate models realistically represent forced CCF trends.

A comparison with CMIP6 amip and historical global cli-
mate model simulations reveals that, for either experiment,
observed SW low-cloud trends lie well within the range of
simulated trends. In particular, emulated amip trends agree
well with CERES observations in a multi-model mean sense.
Based on this comparison, the observed substantial low-
cloud radiative trend cannot be interpreted as evidence of an
unexpectedly strong low-cloud feedback that climate models
are systematically missing. A caveat is that the comparison
is based on a limited set of climate models (Table A1), and
furthermore the result will depend on the fidelity of aerosol
emission datasets used to force the models (Hodnebrog et al.,
2024; Park and Soden, 2025).

In light of our findings, it remains unclear why state-of-
the-art climate models appear to generally underestimate re-
cent trends in global energy imbalance (Schmidt et al., 2023;
Olonscheck and Rugenstein, 2024; Hodnebrog et al., 2024;
Mauritsen et al., 2025). We propose that further research
should quantify and constrain the contributions of processes
unrelated to low clouds to the observed and modelled energy
imbalance trends, including their decomposition into forcing
and radiative response (Raghuraman et al., 2021).

Appendix A: Data and methods

A1 Data

We use monthly gridded global satellite observations of
cloud amount and top-of-atmosphere radiative fluxes from
the CERES Flux-By-Cloud-Type (CERES-FBCT) product
(Sun et al., 2022). We combine Edition 4A fluxes from Terra
and Aqua up to April 2022 with Edition 1B fluxes from
NOAA-20 for the remainder of the analysis period, tak-
ing care to minimise discontinuities between the two prod-
ucts (Appendix A2). While the CERES-FBCT record starts
in July 2002, the Copernicus Atmosphere Monitoring Ser-
vice (CAMS) aerosol reanalysis (described below) is only
available from January 2003. We choose to analyse the last
21 years of available data, July 2003 to June 2024.

Since CERES-FBCT fluxes are provided as a function of
cloud-top pressure, we can isolate the contribution of low
clouds (cloud-top pressure greater than 680 hPa) to radia-
tion budget changes (Appendix A2). Note that from CERES-
FBCT, we can calculate cloud-radiative effect rather than
true cloud-induced radiative anomalies, and hence the fluxes
are subject to cloud masking effects (Soden et al., 2004);
these are however expected to be much smaller for SW than
longwave (LW) fluxes, particularly since we exclude regions
poleward of 60° where surface albedo changes are largest
(Raghuraman et al., 2023). This, combined with the fact the
LW effects of low clouds are small, motivates our focus on
SW cloud-radiative effect (CRE) anomalies, hereafter de-
noted SWCRElow (defined positive downward). We do not
analyse LWCRE data here, since their trend is dominated by
cloud masking effects (Raghuraman et al., 2023), and fur-
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thermore low-cloud properties only have a modest impact on
top-of-atmosphere LW fluxes.

To provide context for the low-cloud trends, we addi-
tionally use estimates of the net top-of-atmosphere radia-
tive budget (hereafter N ) from CERES Energy Balanced
and Filled (CERES-EBAF) observations, Edition 4.2 (Loeb
et al., 2018). When summed over all cloud types, the cloud-
radiative changes diagnosed from CERES-FBCT provide a
close match to those obtained from CERES-EBAF, at least
over the period covered by the Terra and Aqua satellites
(Loeb et al., 2024b), making CERES-FBCT ideally suited
for quantifying the contributions of different cloud types to
changes in Earth’s energy imbalance.

We consider six meteorological drivers of cloud property
changes, hereafter cloud-controlling factors (CCFs): surface
temperature, Tsfc; estimated inversion strength, EIS (Wood
and Bretherton, 2006); 700 hPa relative humidity, RH700;
700 hPa pressure velocity, ω700; horizontal air-temperature
advection across the SST gradient, SSTadv; and near-surface
wind speed, WS. Note that over land, instead of EIS we use
the simpler metric of lower-tropospheric stability (Klein and
Hartmann, 1993), as the EIS metric involves assumptions
that would only hold over the ocean surface. The physical
relevance of the six meteorological controlling factors is re-
viewed in Table 1 of Klein et al. (2017). In addition to these
meteorological CCFs, we include a seventh CCF represent-
ing aerosol effects. Following previous literature (Wall et al.,
2022; Park and Soden, 2025), this is either the base-10 log-
arithm of sulphate aerosol optical depth at 550 nm, hereafter
log(AOD); or the logarithm of lower-tropospheric sulphate
mass concentration, hereafter log(s).

Controlling factor data are taken from the the European
Centre for Medium-Range Weather Forecasts (ECMWF) re-
analysis, version 5 (ERA5; Hersbach et al., 2020) and the
Modern-Era Retrospective analysis for Research and Ap-
plications, version 2 (MERRA2; Gelaro et al., 2017). Be-
cause EIS trends are sufficiently uncertain as to impact the
results (Appendix A6, Figs. A4 and A5; see also Myers
et al., 2023), we include an additional three independent esti-
mates: the JRA3Q reanalysis (Kosaka et al., 2024), the At-
mospheric Infrared Sounder (AIRS) satellite product, ver-
sion 7 (Aumann et al., 2003), and the Community Long-term
Infrared Microwave Combined Atmospheric Product System
(CLIMCAPS) satellite product, version 2 (Smith and Barnet,
2023). Note that CLIMCAPS uses AIRS observations, but
combined with additional instruments and processed with a
different algorithm. Since EIS trend discrepancies primarily
depend on the evolution of 700 hPa temperature (T700; not
shown), we combine AIRS and CLIMCAPS T700 with ERA5
surface temperature and sea-level pressure to calculate EIS,
while in other cases the values are taken from the correspond-
ing reanalysis product. For log(AOD) and log(s), we con-
sider two reanalysis products: CAMS, and MERRA2. log(s)
is taken at 925 hPa for CAMS, and 910 hPa for MERRA2.

The dependence of CCF trends on the choice of dataset is il-
lustrated in Figs. A4 and A5 and discussed in Appendix A6.

We perform a similar analysis with CMIP6 global climate
model simulations. SWCRElow is calculated using Interna-
tional Satellite Cloud Climatology Project (ISCCP; Rossow
and Schiffer, 1999) satellite simulator output (Bodas-Salcedo
et al., 2011) convolved with cloud-radiative kernels (Zelinka
et al., 2012), accounting for effects of obscuration by non-
low clouds (Zelinka et al., 2025). This calculation isolates the
radiative impact of cloud properties from other, non-cloud
factors, and strictly speaking provides cloud-induced radia-
tive anomalies rather than CRE. We define low-cloud radia-
tive anomalies using the lowest three ISCCP simulator levels
(instead of two for CERES-FBCT) owing to a known ISCCP
bias (Myers et al., 2021; Ceppi et al., 2024).

CMIP6 CCF sensitivities are calculated from the final
20 years of the CMIP6 historical experiment, January 1995
to December 2014. We additionally use data from the amip,
ssp245, piClim-control, and piClim-ghg experiments; the
models, variables and time periods used for each experiment
are summarised in Table A1.

All observed and simulated fields are in monthly resolu-
tion, and are remapped to a common 5°×5° grid in longitude
and latitude prior to statistical analysis.

A2 Calculation of CERES-FBCT low-cloud radiative
effect

CERES-FBCT data consist of clear-sky radiative flux Rclr,
cloudy-sky radiative flux Rcld, and cloud amount f , with
the latter two partitioned according to seven cloud-top pres-
sure (p) bins and six cloud optical depth (τ ) bins. All-sky
top-of-atmosphere flux in a gridbox, R, is defined as

R = (1− ftot)Rclr+
∑
p

∑
τ

f (p,τ )Rcld(p,τ )

= Rclr+
∑
p

∑
τ

f (p,τ )
[
Rcld(p,τ )−Rclr

]
, (A1)

where ftot =
∑
p

∑
τ

f (p,τ ) is total cloud amount. The product

f (p,τ )Rcld(p,τ ) thus represents the contribution to all-sky
flux from clouds in a given bin. Following previous literature,
we categorise clouds in the lowest two pressure bins (p >
680 hPa) as low clouds. We use only the SW component of
the clear- and cloudy-sky fluxes, denoted RSWclr and RSWcld.

For the passive satellite retrievals used here, month-to-
month variations in low-cloud amount L could arise simply
because of changes in the amount of upper-level clouds U
obscuring lower-level clouds. To isolate the contribution of
low clouds, we make an assumption of random overlap be-
tween low and upper-level clouds. For each (p,τ ) bin, we
thus define non-obscured low-cloud amount Ln as

Ln(p,τ )=
L(p,τ )
1−U

,
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Table A1. List of CMIP6 models used in the analysis, with the corresponding experiments and time periods used. A cross (×) denotes
available data.

Model name Experiments

historical amip piClim-control, historical,
piClim-ghg ssp245

1995–2014 Jul 2003–Dec 2014 Years 2–30 Jul 2003–Jun 2024

ACCESS-CM2 ×

ACCESS-ESM1-5 ×

AWI-CM-1-1-MR ×

BCC-CSM2-MR ×

CAMS-CSM1-0 ×

CanESM5 × × ×

CAS-ESM2-0 ×

CMCC-CM2-SR5 ×

CMCC-ESM2 ×

CNRM-CM6-1 × × × ×

CNRM-CM6-1-HR ×

CNRM-ESM2-1 × × × ×

EC-Earth3-Veg ×

FGOALS-f3-L ×

GFDL-CM4 × × ×

GFDL-ESM4 ×

HadGEM3-GC31-LL × × ×

IITM-ESM ×

INM-CM4-8 ×

INM-CM5-0 ×

IPSL-CM6A-LR × × × ×

KACE-1-0-G ×

KIOST-ESM ×

MIROC-ES2L ×

MIROC6 ×

MPI-ESM1-2-HR ×

MPI-ESM1-2-LR ×

MRI-ESM2-0 × × × ×

NESM3 ×

UKESM1-0-LL × × ×

where 1−U is the upper-level clear-sky fraction. Note that
U is vertically integrated over upper-level (non-low) pressure
bins, and is therefore not a function of p.

To obtain low-cloud radiative fluxes, we define the dif-
ference KSW(p,τ )= RSWcld(p,τ )−RSWclr, which quanti-
fies how top-of-atmosphere radiation changes in the pres-
ence versus absence of clouds for each month and (p,τ ) bin
(cf. Eq. A1), similar to a cloud-radiative kernel (Zelinka
et al., 2012). We can then calculate the low-cloud contri-
bution to top-of-atmosphere SWCRE, SWCRElow, by con-
volving KSW with non-obscured low-cloud amount Ln, and
summing over the lowest two p bins and all six τ bins:

SWCRElow = (1−U )
2∑

p=1

6∑
τ=1

KSWLn,

where U is the climatological value of U . Note that this cal-
culation uses absolute low-cloud amount values (rather than

anomalies) and thus provides absolute radiative flux contri-
butions (the contribution of low clouds to SW cloud-radiative
effect). Note also that accounting for obscuration by upper-
level clouds, as done here, has little impact on the results,
decreasing the SWCRElow trend by just 0.007 W m−2 per
decade (not shown).

As a final step before calculating the CCF sensitivities, we
normalise SWCRElow to annual-mean insolation conditions,
as seasonal changes in insolation affect SWCRElow in the ab-
sence of any physical cloud changes, thus constituting a con-
founding factor. We thus define SWCRE′low = SWCRElow×

S/S, where S is top-of-atmosphere downward SW and the
overbar denotes the annual-mean climatology. We then use
SWCRE′low in the ridge regression (Appendix A3) to calcu-
late the CCF sensitivities.

CERES-FBCT fluxes come from two products covering
different time periods. The Edition 4A product is based on
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retrievals from the Terra and Aqua satellites during Septem-
ber 2002 to February 2023; the Edition 1B product in-
stead uses retrievals from NOAA-20 and covers the period
May 2018 to July 2024. Loeb et al. (2024a) have documented
a discontinuity in CERES-EBAF radiative fluxes between the
two satellites, and described a method exploiting the time
overlap between the two products to adjust the NOAA-20
fluxes and anchor them to the Terra–Aqua values. Here, we
follow the same procedure to merge the two CERES-FBCT
products. The procedure is applied to SWCRElow, meaning
that we first separately calculate SWCRElow for each of the
two products, then apply the method below to combine the
SWCRElow values.

We use the four-year overlap period May 2018 to
April 2022 – excluding May 2022 to February 2023, to
minimise the impact of drift in the Terra–Aqua record
(Loeb et al., 2024a). For this period we calculate monthly
SWCRElow climatologies at each gridpoint for both prod-
ucts, compute the climatology difference for each gridpoint
and calendar month, and subtract this difference from the
NOAA-20 values over the entire record. This yields a mod-
ified CERES-FBCT NOAA-20 product whose SWCRElow
climatology during the overlap period is identical to that of
the Terra–Aqua product. Finally, we concatenate the Terra–
Aqua data up to April 2022 with the modified NOAA-20 data
from May 2022 to July 2024, to produce a single record from
September 2002 to July 2024.

A3 Cloud-controlling factor analysis framework

The CCF analysis approach follows Ceppi et al. (2024), with
the addition of an aerosol CCF following Wall et al. (2022).
Briefly, the low-cloud SWCRE anomalies at each location r ,
dSWCRElow(r), are modelled as

dSWCRElow(r)≈
7∑
i=1

∂SWCRElow(r)
∂Xi(r)

· dXi(r)

=

7∑
i=1

2i(r) · dXi(r), (A2)

where Xi represents one of seven CCFs, and 2i denotes
the sensitivity of SWCRElow to each CCF Xi . To model
SWCRElow at each point r , we use CCF information from
a 5× 5 regional domain (in gridbox units) centred around r;
hence Xi and 2i are spatial vectors, denoted by bold type-
face in Eq. (A2). The sensitivities2i are calculated via ridge
regression, where all variables (including SWCRElow) have
been deseasonalised, and the CCF predictors have been stan-
dardised. Different from Ceppi et al. (2024), we additionally
linearly detrend all variables prior to calculating the regres-
sions; this ensures that the trend we are attempting to ex-
plain is not part of the training data. Following prior studies,
we ignore any seasonality or mean-state dependence of the
sensitivities 2i , which have been shown to have strong out-
of-sample predictive skill in both models and observations

(Ceppi et al., 2024). Note also that we do not account for
potential effects of incomplete activation of aerosol droplets,
which would likely yield a smaller estimate of the aerosol
effect (Park et al., 2025).

We train on the 20-year period January 2003 to Decem-
ber 2022, such that the large positive SWCRElow anomaly
in 2023 is predicted entirely out-of-sample (Fig. 1b). The re-
sulting cloud-radiative sensitivities (Fig. A1) are in agree-
ment with previous findings (Scott et al., 2020; Myers
et al., 2021; Ceppi et al., 2024). Previous studies have doc-
umented the ability of the CCF analysis method to capture
cloud-radiative anomalies, whether driven thermodynami-
cally (e.g., the response to global warming; Myers et al.,
2021; Ceppi et al., 2024) or dynamically (e.g., storm track
shifts; Zelinka et al., 2018; Grise and Kelleher, 2021).

A4 Trend decomposition method

We decompose the reconstructed, observed SWCRElow
trend, dSWCRElow

dt

∣∣
rec, into a forced component

( dSWCRElow
dt

∣∣
for) and a contribution due to unforced cli-

mate variability ( dSWCRElow
dt

∣∣
unf). We assume that the forced

component is itself driven by a combination of cloud feed-
back ( dSWCRElow

dt

∣∣
fdbk) and adjustments to sulphate aerosol

( dSWCRElow
dt

∣∣
aer) and GHG ( dSWCRElow

dt

∣∣
GHG):

dSWCRElow

dt

∣∣∣∣
rec
=

dSWCRElow

dt

∣∣∣∣
for
+

dSWCRElow

dt

∣∣∣∣
unf

=
dSWCRElow

dt

∣∣∣∣
fdbk
+

dSWCRElow

dt

∣∣∣∣
aer

+
dSWCRElow

dt

∣∣∣∣
GHG
+

dSWCRElow

dt

∣∣∣∣
unf
. (A3)

The above contributions are calculated from CCF analysis,
except for GHG adjustment (described below). We first de-
scribe how the CCF trends are decomposed, before explain-
ing the calculation of the radiative trend components.

A4.1 CCF trend decomposition

We first decompose the observed trends of the six meteoro-
logical (i.e.ñon-aerosol) CCFs into forced and unforced com-
ponents, where the forced component is in turn driven by a
combination of SST changes and adjustments to GHG forc-
ing:

dX
dt
=

dX
dt

∣∣∣∣
for
+

dX
dt

∣∣∣∣
unf

=
dX
dt

∣∣∣∣
SST
+

dX
dt

∣∣∣∣
GHG
+

dX
dt

∣∣∣∣
unf
, (A4)

where X refers to a meteorological CCF. Different from the
meteorological CCF trends, we treat the observed aerosol
CCF trend as entirely forced: dlog(AOD)

dt =
dlog(AOD)

dt

∣∣
for,

dlog(s)
dt =

dlog(s)
dt

∣∣
for.
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Figure A1. Maps of the cloud-radiative sensitivities to each controlling factor, representing the average sensitivity across all ensemble
members (Appendix A5). While the sensitivity maps are four-dimensional (one regional map per target gridbox), for visualisation purposes
we sum over regional domains to yield two-dimensional maps.

We use climate model simulations to calculate the terms
on the right-hand side of Eq. (A4), as follows:

– First, we estimate the forced meteorological CCF
trend component, dX

dt

∣∣
for, as the CMIP6-mean trend in

the combined historical and ssp245 experiments from
July 2003 to June 2024, based on output from 30 mod-
els (Table A1).

– Next, for the GHG adjustment-induced trend, dX
dt

∣∣
GHG,

we use the CMIP6-mean CCF response from experi-
ments piClim-ghg and piClim-control (Table A1). This
represents the CCF adjustment as of year 2014, relative
to the pre-industrial control. To assess the correspond-
ing trend contribution, we scale the year 2014 CCF
anomalies according to the trend of the ratio of green-
house gas forcing relative to year 2014, using radiative
forcing values from Forster et al. (2025).

– The SST-mediated CCF trend is then obtained as
dX
dt

∣∣
SST =

dX
dt

∣∣
for−

dX
dt

∣∣
GHG.

– Finally, the unforced CCF trend is calculated as
dX
dt

∣∣
unf =

dX
dt −

dX
dt

∣∣
for, i.e. the residual observed trend.

The resulting forced and unforced CCF trends are shown
in Fig. A2. Although different sets of CMIP6 models are used
for the calculation of dX

dt

∣∣
for and dX

dt

∣∣
GHG (Table A1), we ob-

tain a very similar decomposition of the CCF trends if we
instead use a smaller common set of eight models to calcu-
late both dX

dt

∣∣
for and dX

dt

∣∣
GHG (not shown).

A4.2 Radiative trend decomposition

We associate the aerosol adjustment contribution with the
aerosol CCF trend, the cloud feedback contribution with the
SST-mediated trend of the six meteorological CCFs, and
the unforced variability contribution with the unforced CCF
trends:
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Figure A2. Maps of the decadal trends in each cloud-controlling factor (CCF), representing average values across all CCF datasets (Fig. A4).
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Figure A3. Contribution of GHG adjustments to the SWCRElow
trend, as in Fig. 3f but with a more finely resolved colourbar.

dSWCRElow

dt

∣∣∣∣
aer
≈2aer ·

dXaer

dt
,

dSWCRElow

dt

∣∣∣∣
fdbk
≈

6∑
i=1

2i ·
dXi
dt

∣∣∣∣
SST
,

dSWCRElow

dt

∣∣∣∣
unf
≈

6∑
i=1

2i ·
dXi
dt

∣∣∣∣
unf
, (A5)

where 2 is the cloud-radiative sensitivity, subscript “aer”
represents either aerosol CCF, and we have ignored spatial
indices for readability.

For GHG adjustments (Figs. 3f and A3), instead of using
CCF analysis as per Eq. (A5), we rely entirely on model sim-
ulations: contrary to theoretical and modelling evidence of
a moderate positive SWCRElow adjustment (Andrews et al.,
2012), CCF analysis predicts a weakly negative response (not
shown), potentially because downwelling longwave radiation
at the top of the boundary layer is not among our set of con-
trolling factors. We proceed in the exact same way as for the
calculation of dX

dt

∣∣
GHG above, but using SWCRElow instead

of CCF X.
Several assumptions and limitations apply to our trend de-

composition method. First, we assume that the CCF changes
congruent with global-mean temperature represent a re-
sponse to the forcing, i.e. a feedback. The method further
assumes that CMIP6 models realistically capture the forced
response pattern of SST and other variables, as well as the
cloud adjustment to GHG. Evidence suggests models may be
biased in their representation of present-day forced response
patterns (e.g., Wills et al., 2022; Simpson et al., 2025), so the
numbers based on our decomposition should be interpreted
with caution. Note that, if the real-world forced CCF trends
were closer to observed than to CMIP6-simulated trends,
our decomposition method would by design yield an even
smaller unforced SWCRElow trend component.

A5 Uncertainty quantification

Trend confidence ranges include three sources of uncertainty,
assumed mutually independent:

– First, we account for observational uncertainties in the
CCFs, treating the two most uncertain CCFs, namely
EIS and aerosol, separately from the rest (Appendix A6
and Figs. A4 and A5). We thus perform our observa-
tional CCF analysis with all possible combinations of
five EIS estimates, four aerosol estimates (log(AOD)
or log(s) from either CAMS or MERRA2), and two
estimates for the remaining set of CCFs (ERA5 or
MERRA2). This yields a 40-member ensemble of CCF
sensitivities and thus radiative trend contributions from
Eq. (A5). The standard deviations of these ensembles
are denoted σobs,aer, σobs,fdbk, σobs,unf for the aerosol ad-
justment, cloud feedback, and unforced variability com-
ponents of the trend, respectively (Appendix A4.2).

– Second, for the GHG adjustment trend we take the
spread in CMIP6 model-simulated GHG low-cloud ra-
diative adjustment, σmod,GHG, as a measure of un-
certainty, using eight models with available data (Ta-
ble A1).

– Third, we account for uncertainty in the decomposi-
tion between forced, SST-mediated and unforced com-
ponents of the CCF and radiative trends, i.e. between
dXi
dt

∣∣
SST and dXi

dt

∣∣
unf, and hence dSWCRElow

dt

∣∣
fdbk and

dSWCRElow
dt

∣∣
unf (Eqs. A4–A5). Note that the same un-

certainty applies to dSWCRElow
dt

∣∣
fdbk and dSWCRElow

dt

∣∣
unf,

since dXi
dt

∣∣
unf is calculated as a residual (Ap-

pendix A4.1). We use the spread in forced responses
among CMIP6 models as a measure of this uncer-
tainty. Ideally, this spread would be obtained from mul-
tiple large ensembles from each CMIP6 model – where
each model’s ensemble-mean trend approximates the
model’s forced response. Since we only have a sin-
gle realisation per model, we instead use bootstrap-
ping: we generate 1000 synthetic 30-member ensem-
bles of dSWCRElow

dt

∣∣
fdbk, by randomly resampling (with

replacement) dXi
dt

∣∣
SST among 30 CMIP6 models (Ta-

ble A1), while holding the CCF sensitivities fixed to
their ensemble-mean values (Eq. A5). We then cal-
culate ensemble means for each of the 1000 boot-
strapped ensembles, and use the spread across these
bootstrapped ensemble means as a measure of uncer-
tainty for dSWCRElow

dt

∣∣
fdbk and dSWCRElow

dt

∣∣
unf. Since it is

derived from climate model spread in CCF trends, this
uncertainty is denoted σmod,CCF.

The overall uncertainties in the trend components (Fig. 1d)
are then quantified as follows:

– For dSWCRElow
dt

∣∣
aer, from observational CCF uncertainty:

σaer = σobs,aer.
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Figure A4. (a–h) Observational estimates of cloud-controlling factor (CCF) anomalies. Timeseries show standardised, deseasonalised
monthly anomalies relative to the mean of the first 10 years, smoothed with a 12-month centred running mean; decadal trend values (in
σ per decade) are shown in the top left corner of each panel. For each variable, the standardisation is done using the ERA5 or CAMS stan-
dard deviation, so that the magnitudes are comparable across datasets. Values are near-global averages (60° S to 60° N). In (b), in addition to
four observational estimates, we include values simulated by a five-member ensemble of extended amip simulations with the HadGEM3 cli-
mate model (not used in the CCF analysis). The HadGEM3 ensemble mean is shown in thick black, with grey shading denoting the ensemble
range.

– For dSWCRElow
dt

∣∣
GHG, from the spread in CMIP6 trends

in low-cloud adjustment, σmod,GHG.

– For dSWCRElow
dt

∣∣
fdbk and dSWCRElow

dt

∣∣
unf, as the sum (in

quadrature) of the observational CCF uncertainty, and
the uncertainty from the model-based decomposition of

the CCF trends: σfdbk =
√
σ 2

obs,fdbk+ σ
2
mod,CCF; σunf =√

σ 2
obs,unf+ σ

2
mod,CCF.

– For dSWCRElow
dt

∣∣
for, as the sum (in quadrature) of

the uncertainties in dSWCRElow
dt

∣∣
fdbk, dSWCRElow

dt

∣∣
aer and

dSWCRElow
dt

∣∣
GHG: σfor =

√
σ 2

fdbk+ σ
2
aer+ σ

2
GHG.

– Finally, for the total reconstructed trend, as the sum
(in quadrature) of the uncertainties in dSWCRElow

dt

∣∣
for and

dSWCRElow
dt

∣∣
unf, but ensuring σmod,CCF is not double-

counted: σreconstructed =
√
σ 2

for+ σ
2
unf− σ

2
mod,CCF.

Uncertainty in the observed SWCRElow trend is based
on Raghuraman et al. (2021)’s uncertainty estimate of
±0.1 W m−2 per decade (±1σ ) for CERES global-mean
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Figure A5. (a–h) As in Fig. A4, but showing the contributions of each CCF dataset to the near-global SWCRElow anomalies, calculated
relative to the mean of the first 10 years. Decadal trend values (in W m−2 per decade) are shown in the top left corner of each panel. Curves
are averages over the corresponding ensemble members: for example, the dark blue curve in (a) is an average over estimates based on every
possible combination of five EIS datasets, four aerosol datasets, and ERA5 data for the remaining five CCFs, yielding 20 ensemble members.

trends. We apply this to the global SWCRE trend due to all
cloud types, and assume that low and non-low clouds con-
tribute equally and independently to this uncertainty. This
results in a ±1σ range of ±0.1/

√
2=±0.07 W m−2 per

decade for the observed global SWCRElow trend.

A6 Uncertainties in cloud-controlling factor trends

Reanalysis products suffer from known issues in their repre-
sentation of long-term trends, introducing uncertainty in our
analysis. To assess this uncertainty, in Fig. A4 we display
the timeseries of near-global, standardised CCF anomalies.
Figure A5 shows the corresponding radiative contributions,
obtained per Eq. (A2).

The largest (standardised) trend uncertainties are in the
EIS and aerosol CCFs (Figs. A4b, g, h and A5b, g, h).

For EIS, given the reanalysis uncertainty we include three
datasets in addition to ERA5 and MERRA2: an EIS es-
timate based on the JRA3Q reanalysis product; and two
satellite-based estimates of 700 hPa temperature, T700, from
AIRS and CLIMCAPS, combined with ERA5 Tsfc. (Note
that EIS is based upon the difference between T700 and Tsfc,
and Tsfc trends are well-constrained per Fig. A4a.) The five
observational estimates of EIS disagree on the sign of the
trend, ranging from −0.12σ per decade (AIRS) to +0.16σ
per decade (ERA5). To provide additional context for these
trends, we analyse an extended, five-member amip exper-
iment with historical forcings up to 2014 and SSP2-4.5
from 2015 onwards, where SSTs and sea ice are taken from
HadISST1 (Rayner et al., 2003). The HadGEM3 simulations
yield an ensemble-mean EIS trend of +0.04σ per decade,
in the middle of the observational uncertainty range. While
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HadGEM3 may misrepresent aspects of the physics relevant
to the EIS trend, the model’s atmospheric state is known
perfectly and hence there is no observational uncertainty.
The HadGEM3 result thus provides some confidence that
the “true” EIS trend lies within the observational uncertainty
range.

For the aerosol CCF, the two reanalysis products used
here, CAMS and MERRA2, show distinct time evolutions of
sulphate AOD and mass concentration s (Fig. A4g and h), re-
flecting substantial observational uncertainty. While CAMS
exhibits a relatively gradual log(AOD) decrease, with a trend
of−0.19σ per decade, MERRA2 shows a much more abrupt
decline in the early 2010s, with a stronger linear trend of
−0.37σ per decade. By contrast, the log(s) trends are much
weaker, with MERRA2 even reporting a weakly increasing
global trend of +0.06σ per decade. The differences in the
sign of the global sulphate aerosol trend reflect observational
uncertainty in the magnitude of the sulphate aerosol increase
in the Southern Hemisphere (Fig. A2), which has been at-
tributed to wildfires and volcanoes (Park and Soden, 2025).

Data availability. The HadGEM3 EIS amip data used in Fig. A4b
is available from https://doi.org/10.5281/zenodo.18592827
(Ceppi and Andrews, 2026). All other datasets used here are
freely available online: CERES-EBAF and CERES-FBCT
(https://doi.org/10.5067/Terra-Aqua/CERES/FLUXBYCLDTYP-
MONTH_L3.004A, NASA/LARC/SD/ASDC, 2020,
https://doi.org/10.5067/TERRA-AQUA-NOAA20/CERES/EBAF-
TOA_L3B004.2, NASA/LARC/SD/ASDC, 2022 and
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-
MONTH_L3.001B, NASA/LARC/SD/ASDC, 2023); ERA5
(https://doi.org/10.24381/cds.f17050d7, Hersbach et al., 2023a and
https://doi.org/10.24381/cds.6860a573, Hersbach et al., 2023b);
MERRA2 (https://doi.org/10.5067/5ESKGQTZG7FO, GMAO,
2015a and https://doi.org/10.5067/2E096JV59PK7, GMAO,
2015b); JRA3Q (https://doi.org/10.20783/DIAS.645, JMA, 2022);
AIRS (https://doi.org/10.5067/UBENJB9D3T2H, AIRS project,
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February 2026).

Author contributions. PC collected the data, performed the data
analysis and wrote the initial draft of the paper. TA provided the
HadGEM3 model data used in Fig. A4b. All authors reviewed the
initial draft and contributed to the final version of the paper.

Competing interests. At least one of the (co-)authors is a mem-
ber of the editorial board of Atmospheric Chemistry and Physics.
The peer-review process was guided by an independent editor, and
the authors also have no other competing interests to declare.

Disclaimer. This work was part funded by the European
Union. Views and opinions expressed are however those

of the authors only and do not necessarily reflect those
of the European Union or the European Research Coun-
cil Executive Agency. Neither the European Union nor
the granting authority can be held responsible for them.

Publisher’s note: Copernicus Publications remains neutral
with regard to jurisdictional claims made in the text, published
maps, institutional affiliations, or any other geographical represen-
tation in this paper. The authors bear the ultimate responsibility for
providing appropriate place names. Views expressed in the text are
those of the authors and do not necessarily reflect the views of the
publisher.

Acknowledgements. We thank two anonymous reviewers for
their helpful comments, and are grateful to Zhihong Tan for an in-
ternal review at GFDL. We are also grateful to Senne van Loon for
discussion of EIS trends, to Omer Cohen and Guy Dagan for discus-
sion of the choice of aerosol CCF, and to Jonathan Gregory for dis-
cussion of the energy imbalance trend. This work used JASMIN, the
UK’s collaborative data analysis environment (https://jasmin.ac.uk,
last access: 1 February 2026). We acknowledge the World Cli-
mate Research Programme’s Working Group on Coupled Mod-
elling, which is responsible for CMIP, and we thank the climate
modelling groups for producing and making available their model
output. We also thank the Earth System Grid Federation (ESGF) for
archiving the model output and providing access, and we thank the
multiple funding agencies who support CMIP and ESGF.

Financial support. This research has been supported by
the UK Research and Innovation (grant nos. EP/Y036123/1,
NE/V012045/1 and NE/T006250/1), Horizon Europe ERC (grant
no. 101156240), the Helmholtz Association through PoF IV in
the Research Field Earth and Environment (programme Changing
Earth – Sustaining our Future), and the Lawrence Livermore
National Laboratory under the auspices of the US Department of
Energy (contract no. DE-AC52-07NA27344). TA was supported
by the Met Office Hadley Centre Climate Programme funded by
DSIT.

Review statement. This paper was edited by Johannes Quaas and
Ken Carslaw and reviewed by two anonymous referees.

References

AIRS project: Aqua/AIRS L3 Monthly Standard Physical Retrieval
(AIRS-only) 1 degree × 1 degree, V2, GES DISC [data set],
https://doi.org/10.5067/UBENJB9D3T2H, 2019.

Andrews, T. and Forster, P. M.: CO2 forcing induces
semi-direct effects with consequences for climate feed-
back interpretations, Geophys. Res. Lett., 35, L04802,
https://doi.org/10.1029/2007GL032273, 2008.

Andrews, T., Gregory, J. M., Forster, P. M., and Webb, M. J.:
Cloud Adjustment and its Role in CO2 Radiative Forcing and
Climate Sensitivity: A Review, Surv. Geophys., 33, 619–635,
https://doi.org/10.1007/s10712-011-9152-0, 2012.

https://doi.org/10.5194/acp-26-1-2026 Atmos. Chem. Phys., 26, 1–19, 2026

https://doi.org/10.5281/zenodo.18592827
https://doi.org/10.5067/Terra-Aqua/CERES/FLUXBYCLDTYP-MONTH_L3.004A
https://doi.org/10.5067/Terra-Aqua/CERES/FLUXBYCLDTYP-MONTH_L3.004A
https://doi.org/10.5067/TERRA-AQUA-NOAA20/CERES/EBAF-TOA_L3B004.2
https://doi.org/10.5067/TERRA-AQUA-NOAA20/CERES/EBAF-TOA_L3B004.2
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-MONTH_L3.001B
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-MONTH_L3.001B
https://doi.org/10.24381/cds.f17050d7
https://doi.org/10.24381/cds.6860a573
https://doi.org/10.5067/5ESKGQTZG7FO
https://doi.org/10.5067/2E096JV59PK7
https://doi.org/10.20783/DIAS.645
https://doi.org/10.5067/UBENJB9D3T2H
https://doi.org/10.5067/ZPZ430KOPMIX
https://esgf-node.llnl.gov
https://jasmin.ac.uk
https://doi.org/10.5067/UBENJB9D3T2H
https://doi.org/10.1029/2007GL032273
https://doi.org/10.1007/s10712-011-9152-0


16 P. Ceppi et al.: Emerging low-cloud feedback and adjustment

Andrews, T., Bodas-Salcedo, A., Gregory, J. M., Dong, Y., Armour,
K. C., Paynter, D., Lin, P., Modak, A., Mauritsen, T., Cole, J.
N. S., Medeiros, B., Benedict, J. J., Douville, H., Roehrig, R.,
Koshiro, T., Kawai, H., Ogura, T., Dufresne, J.-L., Allan, R. P.,
and Liu, C.: On the Effect of Historical SST Patterns on Radia-
tive Feedback, J. Geophys. Res.-Atmos., 127, e2022JD036675,
https://doi.org/10.1029/2022JD036675, 2022.

Aumann, H., Chahine, M., Gautier, C., Goldberg, M., Kalnay,
E., McMillin, L., Revercomb, H., Rosenkranz, P., Smith, W.,
Staelin, D., Strow, L., and Susskind, J.: AIRS/AMSU/HSB on
the Aqua mission: design, science objectives, data products,
and processing systems, IEEE T. Geosci. Remote, 41, 253–264,
https://doi.org/10.1109/TGRS.2002.808356, 2003.

Barnet, C.: Sounder SIPS: AQUA AIRS IR-only Level 3 CLIM-
CAPS: Comprehensive Quality Control Gridded Monthly, V7.0,
GES DISC [data set], https://doi.org/10.5067/ZPZ430KOPMIX,
2019.

Bodas-Salcedo, A., Webb, M. J., Bony, S., Chepfer, H., Dufresne,
J.-L., Klein, S. A., Zhang, Y., Marchand, R., Haynes, J. M., Pin-
cus, R., and John, V. O.: COSP: Satellite simulation software
for model assessment, B. Am. Meteorol. Soc., 92, 1023–1043,
https://doi.org/10.1175/2011BAMS2856.1, 2011.

Ceppi, P. and Andrews, T.: HadGEM3-GC31-LL estimated
inversion strength (EIS) fields for an amip experiment
forced with HadISST1 SST and sea-ice, Zenodo [data set],
https://doi.org/10.5281/zenodo.18592827, 2026.

Ceppi, P. and Nowack, P.: Observational evidence that cloud feed-
back amplifies global warming, P. Natl. Acad. Sci. USA, 118,
https://doi.org/10.1073/pnas.2026290118, 2021.

Ceppi, P., Brient, F., Zelinka, M. D., and Hartmann, D. L.: Cloud
feedback mechanisms and their representation in global cli-
mate models, Wiley Interdisciplin. Rev.: Clim. Change, 8, e465,
https://doi.org/10.1002/wcc.465, 2017.

Ceppi, P., Myers, T. A., Nowack, P., Wall, C. J., and Zelinka,
M. D.: Implications of a Pervasive Climate Model Bias for Low-
Cloud Feedback, Geophys. Res. Lett., 51, e2024GL110 525,
https://doi.org/10.1029/2024GL110525, 2024.

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B.,
Stouffer, R. J., and Taylor, K. E.: Overview of the Coupled
Model Intercomparison Project Phase 6 (CMIP6) experimen-
tal design and organization, Geosci. Model Dev., 9, 1937–1958,
https://doi.org/10.5194/gmd-9-1937-2016, 2016.

Forster, P. M., Storelvmo, T., Armour, K., Collins, W., Dufresne,
J.-L., Frame, D., Lunt, D., Mauritsen, T., Palmer, M., Watanabe,
M., Wild, M., and Zhang, H.: The Earth’s energy budget, climate
feedbacks, and climate sensitivity, in: Climate Change 2021:
The Physical Science Basis, Contribution of Working Group I
to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change, edited by: Masson-Delmotte, V.,
Zhai, P., Pirani, A., Connors, S. L., Péan, C., Berger, S.,
Caud, N., Chen, Y., Goldfarb, L., Gomis, M. I., Huang,
M., Leitzell, K., Lonnoy, E., Matthews, J. B. R., Maycock,
T. K., Waterfield, T., Yelekçi, O., Yu, R., and Zhou, B., Cam-
bridge University Press, https://www.ipcc.ch/report/ar6/wg1/
downloads/report/IPCC_AR6_WGI_Chapter07.pdf (last access:
13 February 2026), 2021.

Forster, P. M., Smith, C., Walsh, T., Lamb, W. F., Lamboll, R.,
Cassou, C., Hauser, M., Hausfather, Z., Lee, J.-Y., Palmer, M.
D., von Schuckmann, K., Slangen, A. B. A., Szopa, S., Trewin,

B., Yun, J., Gillett, N. P., Jenkins, S., Matthews, H. D., Ragha-
van, K., Ribes, A., Rogelj, J., Rosen, D., Zhang, X., Allen,
M., Aleluia Reis, L., Andrew, R. M., Betts, R. A., Borger, A.,
Broersma, J. A., Burgess, S. N., Cheng, L., Friedlingstein, P.,
Domingues, C. M., Gambarini, M., Gasser, T., Gütschow, J.,
Ishii, M., Kadow, C., Kennedy, J., Killick, R. E., Krummel, P. B.,
Liné, A., Monselesan, D. P., Morice, C., Mühle, J., Naik, V., Pe-
ters, G. P., Pirani, A., Pongratz, J., Minx, J. C., Rigby, M., Rohde,
R., Savita, A., Seneviratne, S. I., Thorne, P., Wells, C., Western,
L. M., van der Werf, G. R., Wijffels, S. E., Masson-Delmotte,
V., and Zhai, P.: Indicators of Global Climate Change 2024: an-
nual update of key indicators of the state of the climate sys-
tem and human influence, Earth Syst. Sci. Data, 17, 2641–2680,
https://doi.org/10.5194/essd-17-2641-2025, 2025.

Gelaro, R., McCarty, W., Suárez, M. J., Todling, R., Molod, A.,
Takacs, L., Randles, C. A., Darmenov, A., Bosilovich, M. G., Re-
ichle, R., Wargan, K., Coy, L., Cullather, R., Draper, C., Akella,
S., Buchard, V., Conaty, A., da Silva, A. M., Gu, W., Kim, G.-
K., Koster, R., Lucchesi, R., Merkova, D., Nielsen, J. E., Par-
tyka, G., Pawson, S., Putman, W., Rienecker, M., Schubert, S. D.,
Sienkiewicz, M., and Zhao, B.: The Modern-Era Retrospective
Analysis for Research and Applications, Version 2 (MERRA-2),
J. Climate, 30, 5419–5454, https://doi.org/10.1175/JCLI-D-16-
0758.1, 2017.

Gettelman, A., Christensen, M. W., Diamond, M. S., Gryspeerdt,
E., Manshausen, P., Stier, P., Watson-Parris, D., Yang, M.,
Yoshioka, M., and Yuan, T.: Has Reducing Ship Emissions
Brought Forward Global Warming?, Geophys. Res. Lett., 51,
e2024GL109077, https://doi.org/10.1029/2024GL109077, 2024.

GMAO – Global Modeling and Assimilation Office: MERRA-2
instM_2d_asm_Nx: 2d, Monthly mean, Single-Level, Assim-
ilation, Single-Level Diagnostics, V5.12.4, GMAO [data set],
https://doi.org/10.5067/5ESKGQTZG7FO, 2015a.

GMAO – Global Modeling and Assimilation Office: MERRA-
2 instM_3d_asm_Np: 3d, Monthly mean, Pressure-Level,
Assimilation, Assimilated Meteorological Fields, V5.12.4,
https://doi.org/10.5067/2E096JV59PK7, GMAO [data set],
2015b.

Goessling, H. F., Rackow, T., and Jung, T.: Recent global temper-
ature surge intensified by record-low planetary albedo, Science,
387, 68–73, https://doi.org/10.1126/science.adq7280, 2025.

Gregory, J. and Webb, M.: Tropospheric Adjustment Induces a
Cloud Component in CO2 Forcing, J. Climate, 21, 58–71,
https://doi.org/10.1175/2007JCLI1834.1, 2008.

Grise, K. M. and Kelleher, M. K.: Midlatitude Cloud Radia-
tive Effect Sensitivity to Cloud Controlling Factors in Obser-
vations and Models: Relationship with Southern Hemisphere
Jet Shifts and Climate Sensitivity, J. Climate, 34, 5869–5886,
https://doi.org/10.1175/JCLI-D-20-0986.1, 2021.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A.,
Muñoz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers,
D., Simmons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G.,
Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., De Chiara, G.,
Dahlgren, P., Dee, D., Diamantakis, M., Dragani, R., Flemming,
J., Forbes, R., Fuentes, M., Geer, A., Haimberger, L., Healy,
S., Hogan, R. J., Hólm, E., Janisková, M., Keeley, S., Laloy-
aux, P., Lopez, P., Lupu, C., Radnoti, G., de Rosnay, P., Rozum,
I., Vamborg, F., Villaume, S., and Thépaut, J.-N.: The ERA5

Atmos. Chem. Phys., 26, 1–19, 2026 https://doi.org/10.5194/acp-26-1-2026

https://doi.org/10.1029/2022JD036675
https://doi.org/10.1109/TGRS.2002.808356
https://doi.org/10.5067/ZPZ430KOPMIX
https://doi.org/10.1175/2011BAMS2856.1
https://doi.org/10.5281/zenodo.18592827
https://doi.org/10.1073/pnas.2026290118
https://doi.org/10.1002/wcc.465
https://doi.org/10.1029/2024GL110525
https://doi.org/10.5194/gmd-9-1937-2016
https://www.ipcc.ch/report/ar6/wg1/downloads/report/IPCC_AR6_WGI_Chapter07.pdf
https://www.ipcc.ch/report/ar6/wg1/downloads/report/IPCC_AR6_WGI_Chapter07.pdf
https://doi.org/10.5194/essd-17-2641-2025
https://doi.org/10.1175/JCLI-D-16-0758.1
https://doi.org/10.1175/JCLI-D-16-0758.1
https://doi.org/10.1029/2024GL109077
https://doi.org/10.5067/5ESKGQTZG7FO
https://doi.org/10.5067/2E096JV59PK7
https://doi.org/10.1126/science.adq7280
https://doi.org/10.1175/2007JCLI1834.1
https://doi.org/10.1175/JCLI-D-20-0986.1


P. Ceppi et al.: Emerging low-cloud feedback and adjustment 17

global reanalysis, Q. J. Roy. Meteorol. Soc., 146, 1999–2049,
https://doi.org/10.1002/qj.3803, 2020.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horányi, A.,
Muñoz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, I.,
Schepers, D., Simmons, A., Soci, C., Dee, D., and Thépaut, J.-
N.: ERA5 monthly averaged data on single levels from 1940 to
present, Copernicus Climate Change Service (C3S) Climate Data
Store (CDS) [data set], https://doi.org/10.24381/cds.f17050d7,
2023a.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Horányi, A.,
Muñoz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, I.,
Schepers, D., Simmons, A., Soci, C., Dee, D., and Thépaut, J.-
N.: ERA5 monthly averaged data on pressure levels from 1940 to
present, Copernicus Climate Change Service (C3S) Climate Data
Store (CDS) [data set], https://doi.org/10.24381/cds.6860a573,
2023b.

Hodnebrog, Ø., Myhre, G., Jouan, C., Andrews, T., Forster, P. M.,
Jia, H., Loeb, N. G., Olivié, D. J. L., Paynter, D., Quaas, J.,
Raghuraman, S. P., and Schulz, M.: Recent reductions in aerosol
emissions have increased Earth’s energy imbalance, Com-
mun. Earth Environ., 5, 166, https://doi.org/10.1038/s43247-
024-01324-8, 2024.

JMA – Japan Meteorological Agency: The Japanese Reanalysis
for Three Quarters of a Century (JRA-3Q), JMA [data set],
https://doi.org/10.20783/DIAS.645, 2022.

Kamae, Y., Watanabe, M., Ogura, T., Yoshimori, M., and Shiogama,
H.: Rapid Adjustments of Cloud and Hydrological Cycle to In-
creasing CO2: a Review, Curr. Clim. Change Rep., 1, 103–113,
https://doi.org/10.1007/s40641-015-0007-5, 2015.

Kawaguchi, K. and Ceppi, P.: Responses to Lower-Tropospheric
Stability Dominate Intermodel Differences in the Histori-
cal Pattern Effect, Geophys. Res. Lett., 52, e2025GL117015,
https://doi.org/10.1029/2025GL117015, 2025.

Klein, S. A. and Hartmann, D. L.: The Sea-
sonal Cycle of Low Stratiform Clouds, J. Cli-
mate, 6, 1587–1606, https://doi.org/10.1175/1520-
0442(1993)006<1587:TSCOLS>2.0.CO;2, 1993.

Klein, S. A., Hall, A., Norris, J. R., and Pincus, R.: Low-Cloud
Feedbacks from Cloud-Controlling Factors: A Review, Surv.
Geophys., 38, 1–23, https://doi.org/10.1007/s10712-017-9433-3,
2017.

Kosaka, Y., Kobayashi, S., Harada, Y., Kobayashi, C., Naoe, H.,
Yoshimoto, K., Harada, M., Goto, N., Chiba, J., Miyaoka,
K., Sekiguchi, R., Deushi, M., Kamahori, H., Nakaegawa, T.,
Tanaka, T. Y., Tokuhiro, T., Sato, Y., Matsushita, Y., and Onogi,
K.: The JRA-3Q Reanalysis, J. Meteorol. Soc. Jpn. Ser. II, 102,
49–109, https://doi.org/10.2151/jmsj.2024-004, 2024.

Kramer, R. J., He, H., Soden, B. J., Oreopoulos, L., Myhre, G.,
Forster, P. M., and Smith, C. J.: Observational Evidence of
Increasing Global Radiative Forcing, Geophys. Res. Lett., 48,
https://doi.org/10.1029/2020GL091585, 2021.

Loeb, N. G., Doelling, D. R., Wang, H., Su, W., Nguyen,
C., Corbett, J. G., Liang, L., Mitrescu, C., Rose, F. G.,
and Kato, S.: Clouds and the Earth’s Radiant Energy Sys-
tem (CERES) Energy Balanced and Filled (EBAF) Top-of-
Atmosphere (TOA) Edition-4.0 Data Product, J. Climate, 31,
895–918, https://doi.org/10.1175/JCLI-D-17-0208.1, 2018.

Loeb, N. G., Johnson, G. C., Thorsen, T. J., Lyman, J. M., Rose,
F. G., and Kato, S.: Satellite and Ocean Data Reveal Marked

Increase in Earth’s Heating Rate, Geophys. Res. Lett., 48,
e2021GL093047, https://doi.org/10.1029/2021GL093047, 2021.

Loeb, N. G., Doelling, D. R., Kato, S., Su, W., Mlynczak, P. E.,
and Wilkins, J. C.: Continuity in Top-of-Atmosphere Earth
Radiation Budget Observations, J. Climate, 37, 6093–6108,
https://doi.org/10.1175/JCLI-D-24-0180.1, 2024a.

Loeb, N. G., Ham, S.-H., Allan, R. P., Thorsen, T. J.,
Meyssignac, B., Kato, S., Johnson, G. C., and Lyman,
J. M.: Observational Assessment of Changes in Earth’s En-
ergy Imbalance Since 2000, Surve. Geophys., 45, 1757–1783,
https://doi.org/10.1007/s10712-024-09838-8, 2024b.

Mauritsen, T., Tsushima, Y., Meyssignac, B., Loeb, N. G., Hakuba,
M., Pilewskie, P., Cole, J., Suzuki, K., Ackerman, T. P., Allan,
R. P., Andrews, T., Bender, F. A.-M., Bloch-Johnson, J., Bodas-
Salcedo, A., Brookshaw, A., Ceppi, P., Clerbaux, N., Dessler,
A. E., Donohoe, A., Dufresne, J.-L., Eyring, V., Findell, K. L.,
Gettelman, A., Gristey, J. J., Hawkins, E., Heimbach, P., He-
witt, H. T., Jeevanjee, N., Jones, C., Kang, S. M., Kato, S., Kay,
J. E., Klein, S. A., Knutti, R., Kramer, R., Lee, J.-Y., McCoy,
D. T., Medeiros, B., Megner, L., Modak, A., Ogura, T., Palmer,
M. D., Paynter, D., Quaas, J., Ramanathan, V., Ringer, M., von
Schuckmann, K., Sherwood, S., Stevens, B., Tan, I., Tselioudis,
G., Sutton, R., Voigt, A., Watanabe, M., Webb, M. J., Wild,
M., and Zelinka, M. D.: Earth’s Energy Imbalance More Than
Doubled in Recent Decades, AGU Adv., 6, e2024AV001636,
https://doi.org/10.1029/2024AV001636, 2025.

Myers, T. A., Scott, R. C., Zelinka, M. D., Klein, S. A., Norris,
J. R., and Caldwell, P. M.: Observational constraints on low
cloud feedback reduce uncertainty of climate sensitivity, Nat.
Clim. Change, 11, 501–507, https://doi.org/10.1038/s41558-
021-01039-0, 2021.

Myers, T. A., Zelinka, M. D., and Klein, S. A.: Observational Con-
straints on the Cloud Feedback Pattern Effect, J. Climate, 36,
6533–6545, https://doi.org/10.1175/JCLI-D-22-0862.1, 2023.

Myhre, G., Hodnebrog, Ø., Loeb, N., and Forster, P. M.: Ob-
served trend in Earth energy imbalance may provide a constraint
for low climate sensitivity models, Science, 388, 1210–1213,
https://doi.org/10.1126/science.adt0647, 2025.

NASA/LARC/SD/ASDC: CERES monthly daytime mean
regionally averaged Terra and Aqua TOA fluxes
and associated cloud properties stratified by optical
depth and effective pressure Edition4A, NASA/LAR-
C/SD/ASDC [data set], https://doi.org/10.5067/Terra-
Aqua/CERES/FLUXBYCLDTYP-MONTH_L3.004A, 2020.

NASA/LARC/SD/ASDC: CERES energy balanced
and filled (EBAF) TOA monthly means data
in netCDF Edition4.2, NASA/LARC/SD/ASDC
[data set], https://doi.org/10.5067/TERRA-AQUA-
NOAA20/CERES/EBAF-TOA_L3B004.2, 2022.

NASA/LARC/SD/ASDC: CERES monthly daytime mean re-
gionally averaged NOAA-20 TOA fluxes and associated
cloud properties stratified by optical depth and effective
pressure Edition1B, NASA/LARC/SD/ASDC [data set],
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-
MONTH_L3.001B, 2023.

Olonscheck, D. and Rugenstein, M.: Coupled Climate Mod-
els Systematically Underestimate Radiation Response to Sur-
face Warming, Geophys. Res. Lett., 51, e2023GL106909,
https://doi.org/10.1029/2023GL106909, 2024.

https://doi.org/10.5194/acp-26-1-2026 Atmos. Chem. Phys., 26, 1–19, 2026

https://doi.org/10.1002/qj.3803
https://doi.org/10.24381/cds.f17050d7
https://doi.org/10.24381/cds.6860a573
https://doi.org/10.1038/s43247-024-01324-8
https://doi.org/10.1038/s43247-024-01324-8
https://doi.org/10.20783/DIAS.645
https://doi.org/10.1007/s40641-015-0007-5
https://doi.org/10.1029/2025GL117015
https://doi.org/10.1175/1520-0442(1993)006<1587:TSCOLS>2.0.CO;2
https://doi.org/10.1175/1520-0442(1993)006<1587:TSCOLS>2.0.CO;2
https://doi.org/10.1007/s10712-017-9433-3
https://doi.org/10.2151/jmsj.2024-004
https://doi.org/10.1029/2020GL091585
https://doi.org/10.1175/JCLI-D-17-0208.1
https://doi.org/10.1029/2021GL093047
https://doi.org/10.1175/JCLI-D-24-0180.1
https://doi.org/10.1007/s10712-024-09838-8
https://doi.org/10.1029/2024AV001636
https://doi.org/10.1038/s41558-021-01039-0
https://doi.org/10.1038/s41558-021-01039-0
https://doi.org/10.1175/JCLI-D-22-0862.1
https://doi.org/10.1126/science.adt0647
https://doi.org/10.5067/Terra-Aqua/CERES/FLUXBYCLDTYP-MONTH_L3.004A
https://doi.org/10.5067/Terra-Aqua/CERES/FLUXBYCLDTYP-MONTH_L3.004A
https://doi.org/10.5067/TERRA-AQUA-NOAA20/CERES/EBAF-TOA_L3B004.2
https://doi.org/10.5067/TERRA-AQUA-NOAA20/CERES/EBAF-TOA_L3B004.2
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-MONTH_L3.001B
https://doi.org/10.5067/NOAA20/CERES/FLUXBYCLDTYP-MONTH_L3.001B
https://doi.org/10.1029/2023GL106909


18 P. Ceppi et al.: Emerging low-cloud feedback and adjustment

Park, C. and Soden, B. J.: Negligible Contribution from Aerosols
to Recent Trends in Earth’s Energy Imbalance, Sci. Adv., 11,
eadv9429, https://doi.org/10.1126/sciadv.adv9429, 2025.

Park, C., Soden, B. J., Kramer, R. J., L’Ecuyer, T. S., and
He, H.: Observational constraints suggest a smaller effec-
tive radiative forcing from aerosol–cloud interactions, Atmos.
Chem. Phys., 25, 7299–7313, https://doi.org/10.5194/acp-25-
7299-2025, 2025.

Quaas, J., Andrews, T., Bellouin, N., Block, K., Boucher, O.,
Ceppi, P., Dagan, G., Doktorowski, S., Eichholz, H. M., Forster,
P., Goren, T., Gryspeerdt, E., Hodnebrog, Ø., Jia, H., Kramer,
R., Lange, C., Maycock, A. C., Mülmenstädt, J., Myhre, G.,
O’Connor, F. M., Pincus, R., Samset, B. H., Senf, F., Shine,
K. P., Smith, C., Stjern, C. W., Takemura, T., Toll, V., and
Wall, C. J.: Adjustments to Climate Perturbations – Mecha-
nisms, Implications, Observational Constraints, AGU Adv., 5,
e2023AV001144, https://doi.org/10.1029/2023AV001144, 2024.

Raghuraman, S. P., Paynter, D., and Ramaswamy, V.: An-
thropogenic forcing and response yield observed positive
trend in Earth’s energy imbalance, Nat. Commun., 12, 4577,
https://doi.org/10.1038/s41467-021-24544-4, 2021.

Raghuraman, S. P., Paynter, D., Menzel, R., and Ramaswamy,
V.: Forcing, Cloud Feedbacks, Cloud Masking, and Internal
Variability in the Cloud Radiative Effect Satellite Record,
J. Climate, 36, 4151–4167, https://doi.org/10.1175/JCLI-D-22-
0555.1, 2023.

Rayner, N. A., Parker, D. E., Horton, E. B., Folland, C. K., Alexan-
der, L. V., Rowell, D. P., Kent, E. C., and Kaplan, A.: Global
analyses of sea surface temperature, sea ice, and night marine air
temperature since the late nineteenth century, J. Geophys. Res.-
Atmos., 108, https://doi.org/10.1029/2002JD002670, 2003.

Rossow, W. B. and Schiffer, R. A.: Advances in Un-
derstanding Clouds from ISCCP, B. Am. Meteorol.
Soc., 80, 2261–2287, https://doi.org/10.1175/1520-
0477(1999)080<2261:AIUCFI>2.0.CO;2, 1999.

Salvi, P., Ceppi, P., and Gregory, J. M.: Interpreting the
Dependence of Cloud-Radiative Adjustment on Forc-
ing Agent, Geophys. Res. Lett., 48, e2021GL093616,
https://doi.org/10.1029/2021GL093616, 2021.

Schmidt, G. A., Andrews, T., Bauer, S. E., Durack, P. J., Loeb,
N. G., Ramaswamy, V., Arnold, N. P., Bosilovich, M. G., Cole,
J., Horowitz, L. W., Johnson, G. C., Lyman, J. M., Medeiros, B.,
Michibata, T., Olonscheck, D., Paynter, D., Raghuraman, S. P.,
Schulz, M., Takasuka, D., Tallapragada, V., Taylor, P. C., and
Ziehn, T.: CERESMIP: a climate modeling protocol to investi-
gate recent trends in the Earth’s Energy Imbalance, Front. Clim.,
5, https://doi.org/10.3389/fclim.2023.1202161, 2023.

Scott, R. C., Myers, T. A., Norris, J. R., Zelinka, M. D., Klein,
S. A., Sun, M., and Doelling, D. R.: Observed Sensitivity
of Low-Cloud Radiative Effects to Meteorological Perturba-
tions over the Global Oceans, J. Climate, 33, 7717–7734,
https://doi.org/10.1175/JCLI-D-19-1028.1, 2020.

Simpson, I. R., Shaw, T. A., Ceppi, P., Clement, A. C., Fischer,
E., Grise, K. M., Pendergrass, A. G., Screen, J. A., Wills, R.
C. J., Woollings, T., Blackport, R., Kang, J. M., and Po-Chedley,
S.: Confronting Earth System Model trends with observations,
Sci. Adv., 11, eadt8035, https://doi.org/10.1126/sciadv.adt8035,
2025.

Smith, N. and Barnet, C. D.: CLIMCAPS – A NASA
Long-Term Product for Infrared + Microwave Atmo-
spheric Soundings, Earth Space Sci., 10, e2022EA002701,
https://doi.org/10.1029/2022EA002701, 2023.

Soden, B. J., Broccoli, A. J., and Hemler, R. S.: On the
Use of Cloud Forcing to Estimate Cloud Feedback, J.
Climate, 17, 3661–3665, https://doi.org/10.1175/1520-
0442(2004)017<3661:OTUOCF>2.0.CO;2, 2004.

Stephens, G. L., Hakuba, M. Z., Kato, S., Gettelman, A., Dufresne,
J.-L., Andrews, T., Cole, J. N. S., Willen, U., and Mauritsen, T.:
The changing nature of Earth’s reflected sunlight, P. Roy. Soc. A,
478, 20220053, https://doi.org/10.1098/rspa.2022.0053, 2022.

Sun, M., Doelling, D. R., Loeb, N. G., Scott, R. C., Wilkins,
J., Nguyen, L. T., and Mlynczak, P.: Clouds and the
Earth’s Radiant Energy System (CERES) FluxByCldTyp Edi-
tion 4 Data Product, J. Atmos. Ocean. Tech., 39, 303–318,
https://doi.org/10.1175/JTECH-D-21-0029.1, 2022.

Tselioudis, G., Remillard, J., Jakob, C., and Rossow, W. B.:
Contraction of the World’s Storm-Cloud Zones the Primary
Contributor to the 21st Century Increase in the Earth’s Sun-
light Absorption, Geophys. Res. Lett., 52, e2025GL114882,
https://doi.org/10.1029/2025GL114882, 2025.

Wall, C. J., Norris, J. R., Possner, A., McCoy, D. T., Mc-
Coy, I. L., and Lutsko, N. J.: Assessing effective ra-
diative forcing from aerosol–cloud interactions over the
global ocean, P. Natl. Acad. Sci. USA, 119, e2210481119,
https://doi.org/10.1073/pnas.2210481119, 2022.

Wills, R. C. J., Dong, Y., Proistosescu, C., Armour, K. C., and
Battisti, D. S.: Systematic Climate Model Biases in the Large-
Scale Patterns of Recent Sea-Surface Temperature and Sea-Level
Pressure Change, Geophys. Res. Lett., 49, e2022GL100011,
https://doi.org/10.1029/2022GL100011, 2022.

Wilson Kemsley, S., Ceppi, P., Andersen, H., Cermak, J., Stier,
P., and Nowack, P.: A systematic evaluation of high-cloud
controlling factors, Atmos. Chem. Phys., 24, 8295–8316,
https://doi.org/10.5194/acp-24-8295-2024, 2024.

Wood, R. and Bretherton, C. S.: On the Relationship between Strati-
form Low Cloud Cover and Lower-Tropospheric Stability, J. Cli-
mate, 19, 6425–6432, https://doi.org/10.1175/JCLI3988.1, 2006.

Yuan, T., Song, H., Wood, R., Wang, C., Oreopoulos, L., Platnick,
S. E., von Hippel, S., Meyer, K., Light, S., and Wilcox, E.: Global
reduction in ship-tracks from sulfur regulations for shipping fuel,
Sci. Adv., 8, eabn7988, https://doi.org/10.1126/sciadv.abn7988,
2022.

Yuan, T., Song, H., Oreopoulos, L., Wood, R., Bian, H., Breen,
K., Chin, M., Yu, H., Barahona, D., Meyer, K., and Plat-
nick, S.: Abrupt reduction in shipping emission as an inad-
vertent geoengineering termination shock produces substan-
tial radiative warming, Commun. Earth Environ., 5, 281,
https://doi.org/10.1038/s43247-024-01442-3, 2024.

Zelinka, M. D., Klein, S. A., and Hartmann, D. L.: Computing
and Partitioning Cloud Feedbacks Using Cloud Property His-
tograms. Part I: Cloud Radiative Kernels, J. Climate, 25, 3715–
3735, https://doi.org/10.1175/JCLI-D-11-00248.1, 2012.

Zelinka, M. D., Grise, K. M., Klein, S. A., Zhou, C., DeAn-
gelis, A. M., and Christensen, M. W.: Drivers of the Low-
Cloud Response to Poleward Jet Shifts in the North Pa-
cific in Observations and Models, J. Climate, 31, 7925–7947,
https://doi.org/10.1175/JCLI-D-18-0114.1, 2018.

Atmos. Chem. Phys., 26, 1–19, 2026 https://doi.org/10.5194/acp-26-1-2026

https://doi.org/10.1126/sciadv.adv9429
https://doi.org/10.5194/acp-25-7299-2025
https://doi.org/10.5194/acp-25-7299-2025
https://doi.org/10.1029/2023AV001144
https://doi.org/10.1038/s41467-021-24544-4
https://doi.org/10.1175/JCLI-D-22-0555.1
https://doi.org/10.1175/JCLI-D-22-0555.1
https://doi.org/10.1029/2002JD002670
https://doi.org/10.1175/1520-0477(1999)080<2261:AIUCFI>2.0.CO;2
https://doi.org/10.1175/1520-0477(1999)080<2261:AIUCFI>2.0.CO;2
https://doi.org/10.1029/2021GL093616
https://doi.org/10.3389/fclim.2023.1202161
https://doi.org/10.1175/JCLI-D-19-1028.1
https://doi.org/10.1126/sciadv.adt8035
https://doi.org/10.1029/2022EA002701
https://doi.org/10.1175/1520-0442(2004)017<3661:OTUOCF>2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017<3661:OTUOCF>2.0.CO;2
https://doi.org/10.1098/rspa.2022.0053
https://doi.org/10.1175/JTECH-D-21-0029.1
https://doi.org/10.1029/2025GL114882
https://doi.org/10.1073/pnas.2210481119
https://doi.org/10.1029/2022GL100011
https://doi.org/10.5194/acp-24-8295-2024
https://doi.org/10.1175/JCLI3988.1
https://doi.org/10.1126/sciadv.abn7988
https://doi.org/10.1038/s43247-024-01442-3
https://doi.org/10.1175/JCLI-D-11-00248.1
https://doi.org/10.1175/JCLI-D-18-0114.1


P. Ceppi et al.: Emerging low-cloud feedback and adjustment 19

Zelinka, M. D., Myers, T. A., McCoy, D. T., Po-Chedley, S., Cald-
well, P. M., Ceppi, P., Klein, S. A., and Taylor, K. E.: Causes
of Higher Climate Sensitivity in CMIP6 Models, Geophys. Res.
Lett., 47, https://doi.org/10.1029/2019GL085782, 2020.

Zelinka, M. D., Chao, L. W., Myers, T. A., Qin, Y., and
Klein, S. A.: Technical note: Recommendations for diag-
nosing cloud feedbacks and rapid cloud adjustments using
cloud radiative kernels, Atmos. Chem. Phys., 25, 1477–1495,
https://doi.org/10.5194/acp-25-1477-2025, 2025.

Zhang, J., Chen, Y.-S., Gryspeerdt, E., Yamaguchi, T., and Fein-
gold, G.: Radiative Forcing from the 2020 Shipping Fuel Regu-
lation Is Large but Hard to Detect, Commun. Earth Environ., 6,
18, https://doi.org/10.1038/s43247-024-01911-9, 2025.

Zhou, C., Zelinka, M. D., and Klein, S. A.: Impact of decadal cloud
variations on the Earth’s energy budget, Nat. Geosci., 9, 871–
874, https://doi.org/10.1038/ngeo2828, 2016.

https://doi.org/10.5194/acp-26-1-2026 Atmos. Chem. Phys., 26, 1–19, 2026

https://doi.org/10.1029/2019GL085782
https://doi.org/10.5194/acp-25-1477-2025
https://doi.org/10.1038/s43247-024-01911-9
https://doi.org/10.1038/ngeo2828

	Abstract
	Introduction
	Observed radiative trends
	Drivers of the low-cloud radiative trend
	Can global climate models simulate the low-cloud trend?
	Conclusions
	Appendix A: Data and methods
	Appendix A1: Data
	Appendix A2: Calculation of CERES-FBCT low-cloud radiative effect
	Appendix A3: Cloud-controlling factor analysis framework
	Appendix A4: Trend decomposition method
	Appendix A4.1: CCF trend decomposition
	Appendix A4.2: Radiative trend decomposition

	Appendix A5: Uncertainty quantification
	Appendix A6: Uncertainties in cloud-controlling factor trends

	Data availability
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

