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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 £0.07W m~2 decade™! (-=to-£10 range), accelerating the energy imbalance trend during that period (0.44 W m~> decade™).
Through controlling factor analysis, here we show that the low-cloud trend is due to a combination of cloud feedback and
soks | | ~ 0156 - -greenhouse gases and aerosols
(respectively 0.09 £0.02, 0.05 £0.03, and 0.03 +0.03 W m~2 decade™!), which jointly account for 8272% of the trend. The

contribution of natural climate variability is weak but uncertain (0.01 + 0.08 W m~2 decade™"), owing to a poorly constrained

adjustments to < gases ; ;

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 other-than-unrelated to

low clouds.

1 Introduction

Earth’s energy imbalance, the difference between absorbed shortwave and outgoing longwave radiation at the top of the at-
mosphere, is a key indicator of climate change. This energy 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;

15 Kramer et al., 2021; Hodnebrog et al., 2024; Forster et al., 2025). However, radiative budget trends are also influenced by
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processes of rapid adjustment and climate feedback, as well as natural climate variability (Raghuraman 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 faster than
simulated by contemporary coupled global climate models (Olonscheck and Rugenstein, 2024; Mauritsen et al., 2025), but
the causes of this discrepancy are unclear. Previous work has highlighted the important contribution 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. Recent 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 positive 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; Andrews 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:
to-interpretthe(e.g., Scott et al., 2020; Myers et al., 2021; Ce

to interpret recent low-cloud radiative trendsfremJuly-2003-toJune-2024, using state-of-the-art global satellite observations
from the Clouds and the Earth’s Radiant Energy System (CERES) project, complemented by reanalysis data and Coupled

Model Intercomparison 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 adjustments to aerosol and greenhouse gas (GHG) forc-

ing. Furthermore, 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 ether-thar-unrelated to low clouds.

2 Observed radiative trends

Frem-Our analysis covers July 2003 to June 2024, where our datasets overlap (Appendix Al). For this period, Earth’s global
energy imbalance N as observed by CERES Energy Balanced and Filled (CERES-EBAF) increased at an average rate of

0.44 W m~2 decade™' (Fig. 1a) — a value consistent with other findings based on similar analysis periods (e.g., Hodnebrog
et al., 2024; Loeb et al., 2024b; Mauritsen et al., 2025). Anomalies in SW low-cloud anemalies(Rswiowstadiative effect
(SWCRE)y,, defined positive down, Appendices 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 explaining a substantial portion of
inter-annual variations in N (Fig. 1a; correlation coefficient r = 0.82). Low clouds however only account for about a quarter of
2024b; Myhre et al., 2025), which

the large increase in absorbed solar radiation (0.86 W m~2 decade™!, not shown; Loeb et al.

2

includes additional contributions from non-low clouds, surface albedo, water vapour absorption, and shortwave forcing.
The global RswiswSWCRE,,, trend is driven by changes across the Northern Hemisphere ocean basins, Europe, the South-

east Indian Ocean, and the South Atlantic, with opposing contributions mainly in the tropical Southeast Pacific (Fig. 2a). Given
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that increasing surface temperature (Zirc)+and-a-negative sensitivity-to

T. enerally promotes less low cloud and thus anomalously positive SWCRE,,,, whereas increasing estimated inversion
strength (EIS, defined in Appendix Al;-) has the opposite effect (Fig. Al), the spatial pattern of the Rswicw SWCREy

trend appears qualitatively consistent with the observed changes in Fsre Ty and EIS (Fig. 2d—e): regions of positive feswiow
SWCRE),,, trends coincide with regions of increasing Fsc1y, and the area of negative Rswisw—S WCRE]),, change in the
tropical Southeast Pacific corresponds to an area of positive EIS change and near-zero FsreL ;. trend. The low-cloud radiative
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 Rswiow—SWCRE]),,, changes also agree well with the changes in low-cloud amount, both locally and globally (Fig.
2a—); low-cloud amount decreases globally by 0.05% decade™ during the analysis period. Consistent with this, nearly all of

the RswiswS WCRE],,, trend is associated with decreasing cloud amount, as opposed to decreasing optical depth (respectively

0.21 and 0.01 W m~2 decade™!; not shown) although observational uncertainties may affect this partitioning.

T increases substantially during our study period:
0.20 K decade™, eorrespondingto-an-inerease-of-or 0.44 K over 21 years. This suggests that a substantial fraction of the

Rswiow S WCRE),, increase may reflect an emerging low-cloud feedback in satellite observations. However, aerosol adjust-

ment is likely to have also played a role, especially in the Northern Hemisphere, as are GHG adjustments and unforced climate
variability. To distinguish between these drivers, we employ cloud-controlling factor (CCF) analysis (Appendix A3) along with
global climate model estimates of the Rswicw—S WCRE ., GHG adjustment.

3 Drivers of the low-cloud radiative trend

The reconstruction method (Appendix A3) overall performs-wel-inreproducingnotonlyreproduces the inter-annual variability
in global Rswiswbutalse-its-SWCRE, ., despite some underestimating some extrema. The method also captures most of the
decadal trend (O 17 W m~2 decade™!; Fig. 1b,d), even though the tatier-wasremoved prior-to-CCF-analysis—Some extrema-are

—all trends were removed during the training process
. Discrepancies may arise for several reasons: inaccuracies in the CCF

1

with an unexplained residual of 0.05 W m=2 decade™

method, observational error in the CCFs or the cloud-radiative anomalies, stochastic cloud variability that is unaccounted

for by the CCFs, er-errors in the climate model-based estimate of the GHG adjustment—Despite-these-limitationsthe-global

tast, or errors in the observed SWCRE,,, trend.
The observed RswiswS WCRE,y, trend is also reasonably well reproduced spatially (Fig. 3a—b), with the CCF reconstruc-

tion eorreetty-generally capturing the distribution of positive and negative anomalies, and a pattern correlation coefficient of
0-700.68. 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 simulation

(Appendix Al) as an observation, and showing that the reconstructed trends agree closely with the actual values (Fig. 4).
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Figure 1. (a—c) Timeseries of global radiative anomalies: (a) CERES-EBAF net radiative imbalance N (green) and CERES-FBCT Rswisw
SWCRE)4y (black); (b) CERES-FBCT fswicwSWCRE)e (black) and reconstructed timeseries (grey); (c) reconstructed CERES-FBCT
Rswiow S WCRE)e (grey) and Rswiowfrom-CMIP6 meodels-SWCREy (Table Al), emulating extended amip simulations (dark orange).
The actual Rswioe SWCRE,y, from amip simulations up to December 2014 is shown in light orange. (d) CERES-FBCT actual and recon-
structed trends, amip emulated trend, and contributions 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 +1o
ranges. Timeseries show monthly anomalies from the time mean, smoothed with a 12-month centred running mean;-eetoured-, Coloured

dashed lines represent linear fits to the corresponding timeseries, with deeadat-trend values (in W m~2 decade™, calculated before smoothin,

the timeseries) shown in the tegendsbottom 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.
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Figure 2. Observed decadal trends in (a) low-cloud radiative effect ZswiowS WCRE gy, (b) low-cloud amount Grow-Cley (note the inverted
colourbar), (d) surface temperature Fsr=1 ., and (e) estimated inversion strength EIS (lower-tropospheric stability LTS over land). (c,f) Near-
global timeseries 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 deeadal-trend values shewn—(in W m~2 decade™ , %o decade™ orK decade™, calculated before smoothing the legends—The
timeseriesshow-monthly-anomaliesfrom-) shown in the time-mean;smoothed-with-a+2-month-centred-running-meanbottom right corner of
each panel. Trend maps for other controlling factors are shown in Fig. A2.

We next assess the contributions of cloud feedback, adjustment-adjustments to aerosols and GHG, and unforced climate
variability to the observed Rswisw O WCRE),, trend (Appendix A4—AS5). We identify cloud feedback as the leading contribu-
tion, explaining a-third-40% of the observed global Rswiow SWCRE,,, trend (0.09 + 0.02 W m~2 decade™!, +1¢ range;
Fig. 1d). This contribution is largest in tropical subsidence and midlatitude regions (Fig. 3d), consistent with previous observa-
tional assessments (Myers et al., 2021; Ceppi et al., 2024). Normalised by the observed warming rate, this implies a low-cloud
feedback ef —within-therange-assessed-by-best estimate of 0.39 Wm™ K™, 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 decade™!, primarily
from changes in the Northern Hemisphere (Fig. 3e). This is close to the numbers of Park and Soden (2025) of 0.00 to 0.06

W m decade™' depending on the aerosol dataset. GHG adjustment has an-impacet-similarto-aerosels-a comparable impact
(0.05 £ 0.03 Wm2 decade™"), but with a much more uniform spatial pattern (FigFigs. 3f )—and A3). This positive low-cloud
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Figure 3. Maps of CERES-FBCT Rswiow - SWCREj,, trends, decomposed into contributions. (a) Actual Zswiow—SWCRE),y 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 (panel f) is repeated in Fig. A3 with

a finer colourbar.

adjustment to GHG results from rapid lower-tropospheric warming and drying in response to GHG forcing, in addition to
2012; Kamae et al., 2015; Salvi et al., 2021; 2024).
Taken together, low-cloud feedback and adjustment (i.e. the forced low-cloud response) account for around 8272% of the trend
(0.16 £ 0.04 Wm2 decade™"; Fig. 1d).

a reduction in radiative cooling at cloud top (Andrews et al. uaas et al.,

3
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Figure 4. Comparison of actual and reconstructed trends in Rswiowd WCREjqy. Blue symbols denote trends from individual CMIP6 models
in the historical simulations during January 1995 to December 2014. The black circle shows CERES-FBCT values for July 2003 to June

2024, with error bars denoting +10 confidence intervals. The one-to-one line is shown in solid black.

Accordingly, the contribution of unforced climate variability is relativelysmat-at-small at 0.01 W m™ decade™'. This is
likely coincidental and specific to the phase of climate variability for the time period considered, given the known large decadal
variations 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 variability component exhibits a large uncertainty (+0.08 W m~2 decade™") and is
regionally dominant (Fig. 3g). In a global-mean sense, the magnitude and sign of the unforced variability contribution depend
entirely on the choice of EIS dataset (Appendices A5—A6): across the 20-40 ensemble members, the unforced trend eerrelates
nearty—perfeetty—strongly correlates with the trend of the EIS contribution to Rswiow(+—"0-99SWCRE),, (r = 0.86; not
shown). This EIS trend uncertainty also dominates the spread in the total reconstructed Rm&eﬂ&e—@%ﬁig%
m%mmwmwﬁéwmmw@&%
component of the trend, owing to a weak forced EIS response (Fig. +dA2).

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 Rugenstein,
2024; Mauritsen et al., 2025), itis-reasonable-to-ask-we consider whether low clouds may account for some or all of the dis-
crepancy. Per Eq. A2, such a discrepancy could arise for two, not mutually exclusive reasons: 1) models are unable to simulate

the CCF changes observed during the period of study (the d X term in Eq. A2); 2) models misrepresent the cloud response to
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the observed CCF changes (the © term). H-is-additionally-pessible-that-medels-Additionally, 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 RswiowSWCRE,, trend with that calculated from amip and
historical simulations. Comparing with amip minimisesreduces differences in CCF trends between models and observations,
thus highlighting the role of the cloud-radiative sensitivities (©). By contrast, the comparison with historical will additionally
include more substantial differences in CCF trends.

The amip and historical experiments in CMIP6 end in December 2014. Hence for the comparison with amip simulations,
we restrict ourselves to the overlapping period July 2003 to December 2014 (Fig. lc, light orange). Additionally, however, we
exploit CCF analysis to generate synthetic amip feswiowS WCRE,,, timeseries extended up to June 2024, by convolving each
model’s own CCF sensitivities (calculated from independent historical simulations) with the observed CCF anomalies (Fig.
Ic, dark orange). In either case, the multi-model amip results agree well with CERES observations, in terms of both year-to-
year fluctuations and the long-term trend (Fig. 1c). The reconstructed amip trend is slightly-weaker-than-nearly identical to
that reconstructed from observed sensitivities (8-+7versus-0.17 W m™2 decade™ in either case), although this is highly model-
dependent (+1c inter-model range —0.01 to +0.36 W m~2 decade™!). Overall, the comparison suggests that the observed
Rswiow SWCRE, trend lies well within the range of what contemporary climate models would simulate if extended amip
simulations were available.

Now turning to the historical experiment, since the CCF changes are not constrained by observed sea-surface temperatures, a
perfect time overlap is not necessary and henee-we-we therefore use the most recent 20-year period, January 1995 to December
2014, for our comparison. Here again, the CERES RswiswmSWCRE,,,, trend lies fully within the range of model-simulated
trends, if towards the upper end of the distribution (Fig. 4). The two models simulating stronger positive 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, including several
high-sensitivity models (Table A1), meaning we cannot reliably assess any systematic model bias. Furthermore, the trends in
Fig. 4 are likely strongly influenced by the phase of natural climate variability in individual realizationsrealisations, 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 limitations notwithstanding, the results indicate that contemporary global climate models are able to
simulate RswiowS WCRE,yy 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 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 potentially in excess
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of the rate simulated by contemporary global climate models (Olonscheck and Rugenstein, 2024). Using cloud-controlling
factor (CCF) analysis, combined with climate model-derived estimates of rapid adjustments to greenhouse gas (GHG) forcing,
we show that shortwave (SW) radiative changes by low clouds substantially contribute to this energy imbalance increase,
at 0.22 W m™ decade™". The low-cloud trends, in turn, are driven to-a-comparable-extent-by-by a combination of low-cloud
feedback, sulfate-sulphate aerosol adjustment, and GHG adjustment, which jointly account for around 8272% 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 (Appendix A6). Our assessment of the natural-variability-component-forced and
natural variability components additionally depends on the assumption that climate models realistically represent forced CCF
trends.

A comparison with CMIP6 amip and historical global climate model simulations reveals that, for either experiment, ob-
served 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 ra-
diative trend cannot be interpreted as evidence of an unexpectedly strong low-cloud feedback that climate models are sys-

tematically missing(Geessling-etal;2025). 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 recent
trends in global energy imbalance (Schmidt et al., 2023; Olonscheck and Rugenstein, 2024; Hodnebrog et al., 2024; Mauritsen
etal., 2025). We propose that further research should quantify and constrain the contributions of processes ether-thar-unrelated
to low clouds to the observed and modelled energy imbalance trends, including their decomposition into forcing and radiative

response (Raghuraman et al., 2021).

Data availability. The HadGEM3 EIS amip data used in Fig. A4b will be made available online prior to publication. All other datasets used
here are freely available online: CERES-EBAF and CERES-FBCT (NASA/LARC/SD/ASDC, 2020, 2022, 2023); ERAS (Hersbach et al.,
2023a, b); MERRA?2 (Global Modeling and Assimilation Office (GMAO), 2015a, b); JRA3Q (Japan Meteorological Agency (JMA), 2022);
AIRS (AIRS project, 2019); CLIMCAPS (Barnet, 2019); CMIP6 (https://esgf-node.llnl.gov).

Appendix A: Data and methods

Al 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);combining-. We combine Edition 4A fluxes from Terra and

Aqua available-up-to-Febraary-2023;-and-up to April 2022 with Edition 1B fluxes from NOAA-20 for the remainder of the
analysis period, taking care to minimise discontinuities between the two products (Appendix A2). While the CERES-FBCT
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record starts in July 2002, the Copernicus Atmosphere Monitoring Service (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 radiation budget changes (Appendix A2). Note that from CERES-FBCTprovides
, 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 denoted Rsvwisw—SWCRE),, (defined positive downward). We do not analyse LWCRE data here, since
their trend is dominated by cloud masking effects (Raghuraman et al., 2023), and furthermore low-cloud properties only have
amodest impact on top-of-atmosphere LW fluxes.

To provide context for the low-cloud trends, we additionally use estimates of the net top-of-atmosphere radiative budget
(hereafter V) 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-EBATF, 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 seven-six meteorological drivers of cloud property changes, hereafter cloud-controlling factors (CCFs): surface
temperature, Fr=1 4. ; estimated inversion strength, EIS (Wood and Bretherton, 2006); 700 hPa relative humidity, RH~qg; 700

hPa pressure velocity, wrgo; sea—suffae&mfnpefaﬂﬂﬁess%—a@ee&efrhorlzontal air-temperature advection across the SST
gradient, SSTadv; and near-surface wind speed, WS;—

logAOD). 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 reviewed in Table 1 of Klein et al. (2017). In addition to these meteorological CCFs

we include a seventh CCF representing aerosol effects. Following previous literature (Wall et al., 2022; Park and Soden, 2025
this is either the base-10 logarithm 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) reanalysis,

version 5 (ERAS; Hersbach et al., 2020) and the Modern-Era Retrospective analysis for Research and Applications, version
2 (MERRAZ2; Gelaro et al., 2017). Because EIS trends are sufficiently uncertain as to impact the results (Appendix A6, Figs.
A4-AS; see also Myers et al., 2023), we include an additional three independent estimates: the JRA3Q reanalysis (Kosaka
et al., 2024), the Atmospheric Infrared Sounder (AIRS) satellite product, version 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 measurements—from-AIRS-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 (77o; not shown), we combine AIRS and CLIMCAPS Tryy with ERAS surface temperature and sea-level
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pressure to calculate EIS, while in other cases the values are taken from the corresponding reanalysis product. For log(AOD)
and log(s), we consider two reanalysis products: the-Copernicus-Atmosphere-Monitoring-Service (CAMS);-and-CAMS, and

MERRAZ2. 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 illustrated in Figs. A4—A5 and discussed in Appendix A6.

We perform a similar analysis with data-frem-CMIP6 global climate model simulationsavailablefrom-the-Coupled-Meodel
i j By al : 5w SWCRE,,, is calculated using International Satellite

Cloud Climatology Project (ISCCP; Rossow and Schiffer, 1999) satellite simulator output (Bodas-Salcedo et al., 2011) con-

volved 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 strictl

speaking provides cloud-induced radiative anomalies rather than CRE. We define low-cloud radiative anomalies using the low-
est 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 CMIPG6 historical experiment, January 1995 to Decem-
ber 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 Al.

All observed and simulated fields are in monthly resolution, and are remapped to a common 5° X 5° grid in longitude and

latitude prior to statistical analysis.
A2 Calculation of CERES-FBCT low-cloud radiative effect

CERES-FBCT data eensists—consist of clear-sky radiative flux f2cr+ L2, cloudy-sky radiative flux #zgR¢yg, and cloud amount
—Thelatter-two-are-f, with the latter two partitioned according to seven cloud-top pressure (p) bins and six cloud optical depth

(1) bins. All-sky top-of-atmosphere flux in a gridbox, R, is defined as

B: (1 - ftol) R + ZZ f(Pﬂ') Rcld(va)
P T
= Rclr + ZZ f(pﬂ-) [Rcld(pﬂ-) - Rclr] ) (Al)
p T

where fi = T) is total cloud amount. The product f(p,7) Raq(p,7) thus represents the contribution to all-sk
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 shortwave{SW--SW component of the clear- and cloudy-sky fluxes, denoted Rsvyer—and
Feswerallswer and Lswe.

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 between low and upper-level clouds. For each (p, 7) bin, we thus define non-obscured

11



Table Al. List of CMIP6 models used in the analysis, with the corresponding experiments and time periods used. A cross (x) denotes

available data.

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

1995-2014  7/2003-12/2014 Years 2-30 7/2003-6/2024

Model name

ACCESS-CM2 X
ACCESS-ESM1-5 X
AWI-CM-1-1-MR X
BCC-CSM2-MR X
CAMS-CSM1-0 X
CanESM5 X X
CAS-ESM2-0

CMCC-CM2-SR5

CMCC-ESM2

CNRM-CM6-1 X X X
CNRM-CM6-1-HR

CNRM-ESM2-1 X X X
EC-Earth3-Veg

FGOALS-f3-L.

GFDL-CM4 X X
GFDL-ESM4

HadGEM3-GC31-LL X X X
I[ITM-ESM X
INM-CM4-8 X
INM-CM5-0

IPSL-CM6A-LR X X X
KACE-1-0-G
KIOST-ESM
MIROC-ES2L
MIROC6
MPI-ESM1-2-HR
MPI-ESM1-2-LR
MRI-ESM2-0 X X X
NESM3
UKESM1-0-LL X X

X X X X X X X X X X X X

X X X X X X X X X

X
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low-cloud amount L,, as

L(p,7)

1 _ U 2

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 difference

Ln(va) =

which quantifies how top-of-atmosphere radiation changes in the presence versus absence of clouds for each month and p—+
bin—(p,7) bin (cf. Eq. Al), similar to a cloud-radiative kernel (Zelinka et al., 2012). We can then calculate the low-cloud
contribution to top-of-atmosphere radiative-fluxsRswiowS WCRE, SWCRE),,, by convolving #sw—Kgqw with non-obscured
low-cloud amount L,,, and summing over the lowest two p bins and all six 7 bins:

2 6
RswiowSWCREjoy = (1-0)> Y " Kswsw Ln.,

p=171=1
where U is the climatological value of U. Note that this calculation uses absolute low-cloud amount values (rather than anoma-

lies) and thus provides absolute radiative flux contributions (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

SWCRE),,, trend by just 0.007 W m™ decade™ (not shown).
As a final step before calculating the CCF sensitivities, we normalise Rswisw—3 WCRE), to annual-mean insolation con-

ditions, as seasonal changes in insolation affect f2swiow—S WCRE),, in the absence of any physical cloud changes, thus con-
stituting a confounding factor. We thus define quw—:ﬁgw%SWCRE' = SWCRE,,, % S/.S, where S is top-of-
atmosphere downward SW and the overbar denotes the annual-mean climatology. We then use Rswisw SWCRE] _ in the ridge
regression (Appendix A3) to calculate the CCF sensitivities.

CERES-FBCT fluxes come from two products covering different time periods. The Edition 4A product is based on retrievals
from the Terra and Aqua satellites during September 2002 to February 2023; the Edition 1B product instead 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 RswiowS WCRE)o,, meaning that we first separately calculate Rsvwiow
SWCRE),,, for each of the two products, then apply the method below to combine the RsvwiswS WCRE),, values.

Speeificalty-duringthe-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
Rswiow S WCRE), climatologies at each gridpoint for both products—We-then-, 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
modified CERES-FBCT NOAA-20 product whose Rswigw—S WCRE),, climatology during the overlap period is identical to
that of the Terra—Aqua product. Finally, we concatenate the Terra—Aqua data up to February-2023-April 2022 with the modified
NOAA-20 data from Mareh-2623-May 2022 to July 2024, to produce a single record from September 2002 to July 2024.

13



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).
275 Briefly, the SW-low-cloud radiative-SWCRE anomalies at each location 7, dRswisw{*}dSWCRE} (1), are modelled as

7 7
aRSVVlO\’V (7) 8SWCREIOW (T)
dRSVVlOWSWCRElow )~ - dXZ )= E @1 T CL)(z r), (AZ)
") o 0Xi(r)  0Xi(r) ") i=1 ") ")

where X; represents one of seven CCFs, and ©; denotes the sensitivity of Rswisw—3 WCRE),, to each CCF X;. To model
Rswiow S WCRE),,, at each point 7, we use CCF information from a 5 x 5 regional domain (in gridbox units) centred around r;
hence X; and ©, are spatial vectors, denoted by bold typeface in Eq. A2. The sensitivities ©; are calculated via ridge regression,
280 where all variables (including SWCRE],, ) have been deseasonalised, and the CCF predictors have been standardised. Different
from Ceppi et al. (2024), we additionally linearly detrend all variables prior to calculating the regressions; this ensures that
the trend we are attempting to explain is not part of the training data. Following prior studies, we ignore any seasonality or

mean-state dependence of the sensitivities ©;, 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

285 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 December 2022:-, such that the large positive Rswiow—3 WCRE)y, anomaly

? AR

in 2023 is thus-predicted entirely out-of-sample (Fig. 1b). The resulting cloud-radiative sensitivities (Fig. A1) are in agreement
with previous findings (Scott et al., 2020; Myers et al., 2021; Ceppi et al., 2024). Previous studies have documented the ability of

the CCF analysis method to capture cloud-radiative anomalies, whether driven thermodynamically (e.g., the response to global warming; M

290 or dynamicall ., storm track shifts; Zelinka et al., 2018; Grise and Kelleher, 2021).
A4 Trend decomposition method
We decompose the reconstructed, observed Rswiswtrend; dR*;l‘;"OW }recSWCRE trend, $SWERE , into a forced component
(Hipion | dSWEREWy | ) and a contribution due to unforced climate variability (4o {— dSWCREe | ) We assume that
the forced component is itself driven by a combination of cloud feedback (‘1le‘2’1"'” | f dbkm and adjustments to
295 suifateacrosobt et sulphate acrosol (CXGE | ) and GHG (Hispe ey CNGE [ ):
dRSW'low dSWCREIOW dRSV\’low dSWCRE|0W dRSV\’low dSWCRElOW
dt dt reeree = Ty dt forfer dt dt unfuf
_ dRswiow ASWCRE ey N dRswiow ASWCREqy dRswiow ASWCRE gy n dR
At dr | |beR At dt | At dp |eHeseT
(A3)

The above contributions are calculated from CCF analysis, except for GHG adjustment (described below). We first describe

how the CCF trends are decomposed, before explaining the calculation of the radiative trend components.
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Figure Al. Maps of the cloud-radiative sensitivities to each controlling factor, representing the average sensitivity across all ensemble
members (Appendix AS5). While the sensitivity maps are four-dimensional (one regional map per target gridbox), for visualization purposes

we sum over regional domains to yield two-dimensional maps.

A4.1 CCF trend decomposition

We first decompose the observed trends of the six meteorological (i.e. non-aerosol) CCFs into forced and unforced components,

where the forced component is in turn driven by a combination of SST changes and adjustments to GHG forcing:

ax x| ax|
At~ de | gy et
dX dX dX
= g7 |ssTssT+ —g|eHeaHe + - lunfunf, (A4)

where X refers to a meteorological CCF. Different from the meteorological CCF trends, we treat the observed aerosol CCF

. . dlog(AOD) _ dlog(AOD)| dlog(AOD) __ dlog(AOD) dlog(s) _ dlog(s)
trend as entirely forced: 7= SO = T e S S

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, ‘il—)ﬂ—%ﬁm as the CMIP6-mean trend in the

for

combined historical and ssp245 experiments from July 2003 to June 2024, based on output from 30 models (Table Al).
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— Next, for the GHG adjustment-induced trend, %W%JM we use the CMIP6-mean CCF response from experi-
ments piClim-ghg and piClim-control (Table Al). This represents the CCF adjustment as of year 2014, relative to the
pre-industrial control. To assess the corresponding trend contribution, we scale the year 2014 CCF anomalies according
to the trend of the ratio of greenhouse gas forcing relative to year 2014, using radiative forcing values from Forster et al.

(2025).

~ : ~ dX|  _ dX| dX|  dX| _dX| _ dX
— The SST-mediated CCF trend is then obtained as <3; SsT—dt Toor ¢ TGHG = .

dX | __dX dX | dXx _dX dXx

— Finally, the unforced CCF trend is calculated as T = at it o =& &1 | j.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 X | and 4X Table A1), we obtain a very similar decomposition of the CCF trends if we instead use

a smaller common set of eight models to calculate both 4X | and 4X 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-driven

SST-mediated trend of the six meteorological CCFs, and the unforced variability contribution with the unforced CCF trends:

dRSVVlow dSWCRE]OW d log(AOD) aner

dt WN@@,\,WV aeraer ~ eln)g(AOD)qgr : dt ar

6

dRS\Vl(,W dSWCRE]OW Z(—) dXz
fdbkfdbk ~ i T3, |SSTSST,
di At &
6
dRswiow ASWCRE], dX;
unfunf ~ ez . unfunf, (AS)
|t Zz.:l dt [

where © is the cloud-radiative sensitivity, subscript “aer” represents either aerosol CCFE, 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 simulations:
contrary to theoretical and modelling evidence of a moderate positive Rswisw WCRE|q, adjustment (Andrews et al., 2012),
CCEF 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 controlling factors. We proceed in the exact same way as for the calculation of

%}md—ff above, but using RswiswSWCRE,,,, instead of CCF X.
Several assumptions and limitations apply to our trend decomposition method. First, we implieitly-assume that the ebserved

al ¢ CF changes congruent with global-mean temperature represent
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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 SWCRE,, trend, as in Fig. 3f but with a more finely resolved colourbar.

335 a response 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 yield-asmalerunforeedRswiswby design yield

340 an even smaller unforced SWCRE(qy trend component.
A5 Uncertainty quantification

Trend confidence ranges include twe-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—AS5). We thus perform our observational CCF analysis with

345 all possible combinations of five EIS estimates, two-four aerosol estimates (log(AOD) or log(s) from either CAMS or
MERRA?), and two estimates for the remaining set of CCFs (ERAS or MERRAZ2). This yields a 20-member40-member

ensemble of CCF sensitivities and thus radiative trend contributions from Eq. A2—We-interpret-this-ensemblerange
as-a-meastre-of-observational-uneertaintyfor-the-cloudfeedbaek;-AS. The standard deviations of these ensembles are

denoted ggps, aer, Tobs. fdbks. Tabs, uns fOI the aerosol adjustment, cloud feedback, and unforced variability components of the

350 trendAppendix-Ad)r—, respectively (Appendix A4.2).

— Second, for the GHG adjustment trend we take the spread in CMIP6 model-simulated GHG adjustment-low-cloud
radiative adjustment, o4, GHG, @S @ measure of uncertainty, using eight models with available data (Table A1).

— Third, we account for uncertainty in the decomposition between forced, SST-mediated and unforced components of the

CCF and radiative trends, i.e. between 4X: and 4X: dSWCREy and 4SWCREwy Eqs. A4-A5).
dSWCRE gy

and hence

and dASWCRE)ow

355 Note that the same uncertainty applies to . is calculated as a residual
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(Appendix A4.1). We use the spread in forced responses among CMIP6 models as a measure of this uncertainty.
Ideally, this spread would be obtained from multiple large ensembles from each CMIP6 model — where each model’s
ensemble-mean trend approximates the models forced response. Since we only have a single realisation per model, we
instead use bootstrapping: we generate 1000 synthetic 30-member ensembles of SR | by randomly resampling
360 (with replacement) Gt | o, among 30 CMIP6 models (Table Al). while holding the CCF sensitivities fixed to their
ensemble-mean values (Eq. AS). We then calculate ensemble means for each of the 1000 bootstrapped ensembles, and
use the spread across these bootstrapped ensemble means as a measure of uncertainty for SV GKEex |\ and SV |

Since it is derived from climate model spread in CCF trends, this uncertainty is denoted o .

365 GHG-adjustmenttrend-with-

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

— For 4SWCRE,

, from observational CCF uncertainty:

— For $SWCRE , from the spread in CMIP6 trends in low-cloud adjustment, o, .
— PFor 4SWCREie and 9SWCREy , as the sum (in quadrature) of the observational CCF uncertainty, and the uncertaint

370
- wggmthe
WMWMM yw%dmw&ﬂwmb%ﬂm&blﬁeﬁﬂ
— Finally, for the total reconstructed trend, ourcentral-estimate-—is—the-mean-across-ensemble-members—as_the sum (in
375 uadrature) of the uncertainties in dSWCREy | g5y dSWCREy but ensuring oy, £ 1s not double-counted: o

Uncertainty in the observed RswiswS WCRE,,, trend is based on Raghuraman et al. (2021)’s uncertainty estimate of £0.1
W m~2 decade™! (£10) for CERES global-mean trends. We apply this to the global Rsw-SWCRE trend due to all cloud types,
and assume that low and non-low clouds contribute equally and independently to this uncertainty. This results in a =10 range

380 of +0.1/v/2 = £0.07 W m decade™" for the observed global Rsvwio-SWCRE],, trend.
A6 Uncertainties in cloud-controlling factor trends

Reanalysis products suffer from known issues in their representation of long-term trends, introducing uncertainty in our analy-
sis. To assess this uncertainty, in Fig. A4 we display the timeseries of near-global, standardised CCF anomalies. Fig. AS shows
the corresponding radiative contributions, obtained per Eq. A2.

385 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 ERAS and MERRAZ2: an EIS estimate based on the JRA3Q
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Figure A4. Observational estimates of cloud-controlling factor (CCF) anomalies. Timeseries show standardised, deseasonalised monthl

anomalies relative to the mean of the first 10 years, smoothed with a 12-month centred running mean; decadal trend values (in o decade_ll

are shown in the top left corner of each panel. For each variable, the standardization is done using the ERAS5 or CAMS standard 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 climate model (not
used in the CCF analysis). The HadGEM3 ensemble mean is shown in thick black, with grey shading denoting the ensemble range.
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Figure AS. Observational-estimates-As in Fig. A4, but showing the contributions of eleud-eontrotting-factor(each CCF )-dataset to the
near-global SWCRE),y anomalies—Fimeseriesshow-standardised, deseasonalised-monthly-anomalies-calculated relative to the mean of the
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top left corner of each panel. For-each-variable-Curves are averages over the standardization-is-done-using-the BRAS-or-CAMS-standard

devtationcorresponding ensemble members: for example, se—that-the
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reanalysis product; and two satellite-based estimates of 700 hPa temperature, T7¢g, from AIRS and CLIMCAPS, combined
with ERAS T T (Note that EIS is based upon the difference between T7og and Frerand-TgreLs, and Ty trends are
well-constrained per Fig. Ada.) The five observational estimates of EIS disagree on the sign of the trend, ranging from —6-12
-0.12 o decade™" (AIRS) to +6-16+0.16 o decade™' (ERAS). To provide additional context for these trends, we analyse an ex-
tended, five-member amip experiment with historical forcings up to 2014 and SSP2-4.5 from 2015 onwards, where sea-surface
temperatures-5STs and sea ice are taken from HadISST1 (Rayner et al., 2003). The HadGEM3 simulations yield an ensemble-
mean EIS trend of +6-04+0.04 o decade™', in the middle of the observational uncertainty range. While HitdGEM3 may mis-
represent 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 provide some confidence that the “true” EIS trend lies somewhere-in

therange-of-observational-uneertainty-within the observational uncertainty range.
For the aerosol CCEF, the two reanalysis datasets-products used here, CAMS and MERRA2, show very-distinct time evolu-

tions of sulfate-AOGD-sulphate AOD and mass concentration s (Fig. A4gyh), reflecting substantial observational uncertainty.
While CAMS exhibits a relatively gradual A©D-log(AOD) decrease, with a trend of —8:+9—0.19 o decade™ , MERRA?2 shows
a much more abrupt decline in the early 2010s, with a stronger linear trend of —0-37—While-we-considerthe-CAMS-time
evoluttonto-be-morerealistie~weneverthelessinehide-the —0.37 o decade‘l.NVB\nggr%rendsaremuchwgavkve\gL
with MERRA?2 AOD-data-in-our-analysis-to-gauge-the-sensitivity-of-ourresu o-the—choice-ofaerosol-dataset—Thetarse

Inadditten—to—sulfate-AOD—n-even reporting a weakly increasing global trend of +0.06 o decade'l.w’[lvlggvigfg\rggc:v@vivrlvglvq
sign of the global sulphate aerosol trend reflect observational uncertainty in the magnitude of the sulphate aerosol increase in

A2), which has been attributed to wildfires and volcanoes (Park and Soden, 2025).
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