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Materials and Methods 

Data 

We use three public datasets to explore Earth’s energy budget, surface temperature and 

clouds, namely (i) the Clouds and the Earth’s Radiant Energy System (CERES) Energy 

Balanced and Filled (EBAF) Top-of-Atmosphere (TOA) Edition-4.2 Data Product from the 

US National Aeronautics and Space Administration (NASA; 14, hereafter CERES), (ii) the 

ERA5 reanalysis produced by the European Centre for Medium-Range Weather Forecasts 

(ECMWF; 17, 18), and the Ocean Niño 3.4 Index (ONI) produced by the US National 

Oceanic and Atmospheric Administration (NOAA). 

CERES is a satellite-based product intended to provide a long-term record for detecting 

decadal changes in Earth’s global radiation budget, clouds and aerosols (14). Besides 

measurements of radiation emitted from Earth, the CERES-EBAF product also includes 

measurements of TOA incident solar radiation based on a composite out of multiple data 

records (16). CERES includes a one-time adjustment of the TOA fluxes to ensure that the 

global-mean net TOA flux for July 2005–June 2015 is consistent with an in-situ value of 0.71 

Wm-2. In addition to the monthly TOA all-sky and clear-sky radiation fluxes on a 1-degree 

longitude-latitude grid, available from March 2000–December 2023, we use the total cloud 

cover fractions based on the Moderate Resolution Imaging Spectrometer (MODIS) contained 

in the CERES product (15). 

ERA5 is ECMWF’s latest reanalysis product, updated on a daily basis in near-real-time (17, 

18). It combines an extensive set of satellite and in-situ observational data with a fixed 

version of ECMWF’s physical numerical weather prediction model by a sophisticated data 

assimilation scheme. It thereby provides a gap-free global gridded estimate of the evolution 

of a large number of variables, including clouds and radiation fluxes, reaching back to 

January 1940. Long-term trends in ERA5 need to be interpreted with caution due to possible 

shifts resulting from changes in the observing system, including strongly reduced data 

density in earlier decades. Moreover, due to the data assimilation, total mass and energy 

budgets in ERA5 are not closed (17). This implies that absolute values of quantities like the 

top-of-atmosphere total imbalance (EEI) are spurious. It is thus important to consider 

anomalies, like we do throughout this work, rather than absolute values. 

Given that CERES data is also subject to uncertainties, we use ERA5 (i) as an additional data 

product, even though not fully independent as the satellite data sources are overlapping, (ii) 

to get some evidence for the evolution of relevant parameters before March 2000, keeping in 

mind the possibility of spurious trends, and (iii) to analyze the height-dependence of cloud 

changes based on three categories, namely low-level (atmospheric pressure above about 

800hPa), mid-level (atmospheric pressure between about 800hPa and 450hPa), and high-

level (atmospheric pressure below about 450hPa) clouds. For consistency, all monthly ERA5 

data has been remapped from the original 0.28-degree grid to the 1-degree CERES grid by 

first-order conservative remapping prior to analysis. 

Total cloud cover is about 4-5% lower in ERA5, although this may be due to differences in 

cloud definitions rather than being an actual bias. Apart from that, global-mean ERA5 and 

CERES climatologies are matching rather closely (Fig. S1). Generally, spatio-temporal 

variations are consistent between the datasets, as visible in numerous figures in this study, 

suggesting that ERA5 is suitable for the purposes listed above. A notable exception is the 

TOA incident solar radiation (ISR) where the forcing data in ERA5 starts to diverge from the 
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observation-based CERES values in 2020. The reason is that ERA5 ISR is based on 

reconstructed/observed data only until 2008 and assumes a perpetual repetition of the last 

solar cycle thereafter (17). Similarly, sulfate aerosols in ERA5 follow CMIP5 historical and 

scenario forcings, although based on historical emission estimates until 2009 and scenario 

data thereafter (17). 

The NOAA Niño 3.4 index is constructed from 3-month running means of ERSST.v5 sea-

surface temperature anomalies in the Niño 3.4 region (5S–5N, 170W–120W), based on 

centered 30-year base periods updated every 5 years (28). 

Temperature, cloud and albedo signatures of El Niño 

El Niño is a key driver of inter-annual climate variability (25, 27). Given that conditions in 

2023 transitioned from La Niña to El Niño (Fig. 2b), we estimate the impact of El Niño on 

temperatures, radiation fluxes and clouds in 2023 based on previous El Niño events. We 

consider a set of the 4 pre-2023 El Niño events covered by the CERES period (2002/03, 

2006/07, 2009/10, 2015/16) based on CERES and ERA5 data, and an extended set of 9 pre-

2023 El Niño events (1951/52, 1957/58, 1968/69, 1972/73, 1997/98, 2002/03, 2006/07, 

2009/10, 2015/16) based on ERA5 data. Events influenced by volcanic eruptions and the 

double-event 1987/88 (Fig. S3) are excluded. To isolate anomalies associated only with El 

Niño, anomalies for each event have been normalized by subtracting the average anomalies 

of the two years flanking each event, that is, the year before the El Niño onset year and the 

year after the El Niño second year. Nonlinear longer-term trends, including seasonally-

varying ones, are thereby removed. We consider multi-event composites to estimate the 

temporal evolution of several parameters over the course of an average event (Fig. S7), 

including the shortwave signature, and individual events to estimate the temperature anomaly 

due to El-Niño in 2023 (Fig. S8). Given that 2023 was an El Niño onset year, the main focus 

is on these. 

During El Niño, warmer ocean surface waters are exposed in the eastern tropical Pacific by 

internal redistribution of water masses (27; Fig. S7g), resulting in higher global-mean surface 

temperature (Figs. 2a,b,S7a). During previous events, the normalized annual-mean GMST 

anomaly during El Niño onset years was mostly around +0.05K to +0.10K, with a 

dependence on the annual-mean Niño 3.4 index (Fig. S8). Based on the 2023-mean Niño 3.4 

index anomaly and linear least-squares regression, we estimate that El Niño has contributed 

about +0.07(0.04)K (90% confidence interval) to the 2023 temperature anomaly. 

Modulated by a complex interplay of different energy fluxes and mechanisms, the surface 

warming associated with El Niño leads to increased global-mean TOA outgoing longwave 

radiation. This results in a decreased total imbalance (EEI) (Fig. S7b, consistent with 25), 

although modified by a total absorbed solar radiation (ASR) signature (Fig. S7c,h) and hence 

a planetary albedo signature (Fig. S7d) related mainly to cloud patterns (Fig. S7e,f,i,j) (24, 

25, 26). Based on the ERA5-based nine-event composite, the global and annual-mean ASR 

signature during El Niño onset years is +0.08(0.06)Wm-2 (planetary albedo about -0.02%; 

dashed curves in Fig. S7c,d) and thus only a small fraction of the total 2023 ASR anomaly of 

+1.82Wm-2 in CERES and +1.33Wm-2 in ERA5. The contribution of the El Niño albedo

signature to the 2023 GMST anomaly is about an order of magnitude smaller compared to

the general temperature signature of +0.07(0.04)K (see above). The possible ASR
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contribution of El Niño is thus not treated separately in counterfactuals based on the energy 

balance model integrations (see below).  

Empirical estimation of total cloud cover-inferred ASR anomalies 

To estimate the contribution of total cloud cover (TCC) changes to the ASR anomalies and 

trends, we have fitted power functions of the form  

(1) 𝐶𝑅𝐸 = 𝛼 ⋅ 𝑇𝐶𝐶𝛽

to the monthly-mean TCC and shortwave cloud radiative effect (CRE) data for each of the 1-

degree grid points for each calendar month and dataset separately. To keep the parameters 

within physically reasonable bounds even where the TOA incident solar radiation is very 

small or CRE variations are strongly confounded by surface albedo variations, we bounded 𝛼 

within [-ISR,ISR] and 𝛽 within [1,4]. We have used only the inter-annual variations within 

2001–2014, because during this period global-mean ASR and low-cloud cover were still 

relatively stationary (Fig. 2d,f) and in order to exclude any potential aerosol-cloud effects 

that might have been caused by the two IMO regulation changes in 2015 and 2020. Given the 

small sample size, for each grid point we have also included the data of neighboring grid 

cells within 2 degrees in meridional and zonal direction, as long as the climatological surface 

albedo differs by at most 5%. 

Results of fitted parameters and explained variance are shown exemplarily for May in Fig. 

S9. The fitted power functions have subsequently been used to infer a hypothetical CRE 

going back to TCC-anomalies alone, termed CREtc (Figs. 2d,S1f,S4b,d,S5c,d,S6c,d, Tab. 1). 

CREtc accounts not only for an isolated cloud amount effect, where CRE is proportional to 

TCC (34), but also for changes in CRE through covariances between TCC and cloud optical 

depth and altitude. We find that, arguably due to these covariances, cloud radiative effect 

typically depends superlinearly on total cloud cover in both datasets (Fig. S9c,d), with 

regional differences that may be related to the dependence of cloud overlap on cloud 

regimes. 

2-layer energy balance model and ASR-based counterfactuals

The 2-layer energy balance model (EBM) used in this study to estimate temperature 

responses to absorbed solar radiation (ASR) anomalies follows earlier work by (43) and (44). 

The EBM adopted here splits the Earth system into two main layers. It describes the 

evolution of upper-layer temperature perturbations 𝑇 and a deep-ocean layer temperature 

perturbation 𝑇0 over time as a system of two ordinary differential equations (ODEs) 

(2) 𝐶
𝑑𝑇(𝑡)

𝑑𝑡
= 𝐹(𝑡) − 𝜆𝑇(𝑡) − 𝛾(𝑇(𝑡) − 𝑇0(𝑡))

(3) 𝐶0
𝑑𝑇0(𝑡)

𝑑𝑡
 = 𝛾(𝑇(𝑡) − 𝑇0(𝑡)) ,

where 𝐶 is a heat capacity for the atmosphere-land-upper-ocean system; 𝐹 is a radiative 

forcing amplitude function that may vary over time, 𝑡; 𝜆 is the radiative feedback parameter 
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for a CO2 perturbation; 𝛾 is an exchange coefficient between the upper and deeper ocean 

layers; and 𝐶0 is the deep-ocean heat capacity. The parameters of the EBM follow Tables 3 

and 4 in (44), where parameter fits to CMIP5 models are presented. For our central estimates 

we use the CMIP5 multi-model mean (MMM, based on 15 models) for the individual 

parameters, as repeated for convenience in Table S1. In addition, we use the sets of 

parameters corresponding to each of the CMIP5 models individually to derive uncertainties 

for the estimated temperature response contributions (see next section). Solar forcing is less 

effective than an equivalent CO2 forcing, with an efficacy of 𝐹𝑒𝑓𝑓 = 92% (42). Originally

this estimate is for ASR anomalies due to solar intensity anomalies rather than planetary 

albedo anomalies, but we assume that it holds for the latter, too. We thus multiply by this 

factor in 𝐹 when using ASR anomalies from ERA5 or CERES as input to the EBM. 

Another way to look at the system of equations is that the left-hand sides of the ODEs 

describe the tendencies of upper-layer (Eq. 2) and deep-layer (Eq. 3) heat contents (44). The 

chosen MMM value for the upper-layer 𝐶 heat content roughly implies an effective mixed 

layer thickness of 77m (44). With the chosen mean values, the upper and deeper ocean layers 

respond on a timescale of 4.1 years and 219 years, respectively (44). 

The 2-layer EBM has simple analytical solutions for linear and step-wise forcing functions 𝐹 

(44). In our implementation, the system of ODEs is solved numerically with a Forward Euler 

discretisation and monthly timesteps. For a simple step-wise forcing, our numerical solution 

agrees with the analytical solutions given by (44). The EBM returns monthly 𝑇, 𝑇0, and Earth 

Energy Imbalance (EEI), 𝐹 − 𝜆𝑇, as output. 

To construct ASR-based counterfactuals where ASR anomalies are assumed to be zero from 

some time onward, we drive the EBM with monthly CERES and ERA5 ASR anomalies 

relative to 2001–2022 until December 2023, starting in December each year from 2001 to 

2022 (Figs. S10,S11). Subtracting the EBM upper-layer temperature response from the 

observed GMST provides counterfactuals of how GMST may have evolved without the ASR 

anomalies. Counterfactuals of the imbalance (EEI) are constructed in the same way. 

Considering only the shortwave perturbations is reasonable given that the planetary albedo 

decline is associated primarily with low-level clouds, which lack the compensating longwave 

effects of mid- and high-level clouds (45). We focus on the counterfactuals starting 

December 2020 because that was about the last time when ASR anomalies in satellite data 

were close to zero and when the clearest low-cloud and ASR trends set in (Fig. 2d,f). 

Additional counterfactuals are constructed by separately using the contributions to the 

global-mean ASR anomalies (i) from five different zonal bands (Antarctic 90S–55S; 

Southern mid-latitudes 55S–23S; Tropics 23S–23N; Northern mid-latitudes 23N–55N; Arctic 

55N–90N) and (ii) from anomalies of the TOA incident solar radiation (Fig. S2f) by 

multiplication with the spatio-temporal pattern of absolute planetary albedo. Case (i) also 

serves to approximate the contribution of surface albedo trends to the global planetary albedo 

trend. This is reasonable because, first, surface albedo trends are dominated by sea-ice and 

snow retreat poleward of 55S and 55N and, second, surface albedo trends dominate total 

planetary albedo trends there. 
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Uncertainty estimation 

All uncertainty estimates provided in this study correspond to 90% confidence intervals. The 

exact methods and assumptions necessarily differ for different estimates as follows. 

The 2023 GMST increase above pre-industrial, referred to as “almost 1.5K” and “close to 

1.5K” in the abstract and main text, is relative to 1850—1900, following the C3S and WMO 

standard based on IPCC AR5 and AR6 (2). The uncertainty of the contemporary warming is 

primarily related to the uncertainty associated with the pre-industrial level, which is about 

0.06K (width of 90% confidence interval) according to C3S (2). GMST warming estimates 

for 2023 from different datasets, provided by C3S (2), are: 1.483K (ERA5), 1.468K (JRA-

3Q), 1.446K (Berkeley Earth), 1.436K (GISTEMP), 1.438K (HadCRUT5), and 1.443K 

(NOAAGlobalTemp). In Fig. 1 and for the computation of the uncertainty associated with 

the “residual warming” (see below) we use the (rounded) ERA5 estimate of +1.48(0.06)K, 

including the broader uncertainty estimate from C3S (2). Regarding the question by how 

much the 2023 GMST was above the previous annual record, which was 2016 according to 

all datasets, the range of estimates is: 0.168K (ERA5), 0.152K (JRA-3Q), 0.167K (Berkeley 

Earth), 0.152K (GISTEMP), 0.170K (HadCRUT5), and 0.158K (NOAAGlobalTemp). For 

consistency, in the abstract we refer to the (rounded) ERA5 estimate of “about 0.17K”. 

For the ASR signature of the El-Niño onset (+0.08(0.06)W/m2), the half-width of the 90% 

confidence interval is based on the standard error of the annual-mean ASR of the nine 

previous El-Niño onset years contributing to the composite, individually normalized as 

described above. The standard error is multiplied by the 95% quantile of a normal 

distribution with zero mean and unit standard deviation (1.645). 

The confidence interval for the GMST anomaly associated with El Niño onset years 

(+0.07(0.04)K), derived from the nine previous El Niño onset years (Fig. S8), is the 90% 

confidence interval of the linear least-squares regression used to predict the annual-mean 

GMST anomaly from the annual-mean Niño 3.4 index. 

A central outcome of this study are the estimates for the 2023 annual-mean GMST response 

to the various components of the ASR anomalies since December 2020 (see most of the 

estimates shown in Fig. 1b). For these, the CERES ASR anomalies are considered to be more 

reliable given the limitations of the ERA5 data outlined above, although the ERA5-based 

estimates may be regarded as a qualitative indicator of reliability/uncertainty. Like any real-

world measurements, also the CERES-based ASR anomalies come with uncertainties, but an 

accurate quantification of these is beyond the scope of this study. Instead, we have quantified 

the uncertainty associated with the EBM-based derivation of the 2023 annual-mean GMST 

response from the ASR anomalies. To this end we have constructed an ensemble of EBMs 

using parameters fitted to each of the CMIP5 models analyzed in (44). Feeding the same 
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ASR anomalies into each of the EBM variants provides an ensemble of GMST responses. 

90% confidence intervals are obtained by multiplying the ensemble standard deviation of the 

2023 annual-mean GMST response by the 95% quantile of a normal distribution with zero 

mean and unit standard deviation (1.645). 

The uncertainty estimates for the GMST response to ASR anomalies thus reflect the model-

based uncertainties of Earth’s climate sensitivity and response timescales but do not account 

for uncertainties associated with the ASR anomalies. We however note that, when removing 

the global ASR difference between CERES and ERA5 due to the ISR offset to derive the 

purely albedo-related GMST response, the 90% confidence intervals derived from CERES 

(+0.22(0.04)K) versus ERA5 (+0.18(0.03)K) are consistent. Additional uncertainties arise 

from the choices made regarding the start date of the ASR-based counterfactuals (December 

2020; compare other start dates in Figs. S10,11) and the baseline for the anomalies (2001—

2022). These choices were made due to the apparent onset of clear ASR and cloud-cover 

anomalies around December 2020 and in order to maximize the sample size of the baseline 

without including the exceptional year of 2023. Still, the GMST response estimates must be 

regarded as conditional on these choices. 

The estimates for the combined marine low-cloud feedback of +0.37(0.33)W/m2/K and the 

equilibrium climate sensitivity of 2.3–4.7K correspond to 90% confidence ranges based on 

(51). The latter is taken from (51) directly, whereas the low-cloud feedback is the sum of the 

“Tropical marine low cloud” and the “Middle‐latitude marine low‐cloud amount” terms 

(their Tab. 1), with the uncertainty derived by Gaussian error propagation and multiplication 

by the 95% quantile of a normal distribution with zero mean and unit standard deviation 

(1.645). 

Finally, no estimates of statistical significance are provided for the decadal trends shown in 

this study (Tab. 1, Figs. 4,S5,S6) for the following reasons. It is practically impossible to 

derive statistical significance of decadal trends in an unambiguous way for climate-related 

variables given an unknown degree of internal variability across timescales, including multi-

decadal. This is already the case for global-mean trends, but even more so for local trends 

given lower signal-to-noise ratios. For example, decadal trends are strongly influenced by 

ENSO, as discussed in this study. The problems posed by unknown internal variability 

cannot be addressed properly by simply taking into account annual-scale autocorrelation 

when testing for significance of trends, and estimates for annual-scale autocorrelations are 

highly uncertain given that the CERES data extends over not even 25 years. An additional 

issue are the uncertainties associated with forced changes, including their temporal 

nonlinearity. For these reasons we can use the decadal trends reported here only for 

qualitative evidence, to explore whether the anomalies observed in 2023 may be part of 

emerging trends. Consistently with this rather qualitative approach aimed at plausibility, we 

leave the question largely unanswered how much of the trends and anomalies are linked to 

forced changes (be it with or without feedbacks involved) versus internal variability. 
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Fig. S1. Monthly climatologies of relevant quantities related to Earth’s energy budget for 

2001–2022. (a) Surface (skin) temperature, (b) TOA incident solar radiation (ISR), (c) 

Earth’s TOA total energy imbalance (EEI), (d) TOA net solar radiation (= absorbed solar 

radiation, ASR), (e) TOA net solar clear-sky radiation, (f) TOA net solar cloud radiative 

effect (CRE, solid) with values inferred from total cloud cover dashed (CREtc), (g) total 

cloud cover fraction, (h) surface albedo (derived from global-mean surface solar 

downwelling and upwelling radiation), (i) planetary albedo (derived from global-mean TOA 

incident solar and upwelling solar radiation), (j) mid-level cloud cover fraction, (k) mid-level 

cloud cover fraction, and (l) high-level cloud cover fraction. Red curves show CERES data 

and black curves show ERA5 data. 
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Fig. S2. Global-mean anomalies of additional quantities related to Earth’s energy budget. 

Three-monthly running-mean anomalies relative to 2001–2022 of (a) TOA net solar clear-

sky radiation, (b) planetary albedo (derived from global-mean TOA incident solar and 

upwelling solar radiation), (c) surface albedo (derived from global-mean surface solar 

downwelling and upwelling radiation), (d) high-level cloud cover fraction, (e) mid-level 

cloud cover fraction, and (f) TOA incident solar radiation. Red curves show CERES data and 

black curves show ERA5 data. El Niño periods with anomalies exceeding +1K (see Fig.1b) 

are highlighted with gray shading. 
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Fig. S3. Global-mean anomalies of selected quantities related to Earth’s energy budget 

since 1940. Twelve-monthly running-mean anomalies relative to 2001–2022 of (a) surface 

(skin) temperature, (b) NOAA Ocean Niño 3.4 index, (c) Earth’s TOA total energy 

imbalance, (d) TOA net solar radiation (= absorbed solar radiation, ASR), (e) TOA solar 

cloud radiative effect inferred from total cloud cover anomalies, (f) total cloud cover 

fraction, (g) low-level cloud cover fraction, (h) TOA net solar clear-sky radiation, (i) 

planetary albedo (derived from global-mean TOA solar downwelling and upwelling 

radiation), and (j) surface albedo (derived from global-mean surface solar downwelling and 

upwelling radiation). Red curves show CERES data and black curves show ERA5 data. Cyan 

curves show counterfactuals based on a 2-layer energy balance model where ASR anomalies 

are assumed to be zero from the beginning of December 2020 onward. El Niño periods with 

anomalies exceeding +1K are highlighted with gray shading and labeled “N”. Curves 

showing ERA5 data before 2000 are dashed to express that long-term trends can be spurious 

due to observing-system changes. 
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Fig. S4. Zonal-mean anomalies of additional quantities related to Earth’s energy budget. 

Three-monthly running-mean anomalies relative to 2001–2022 of (a) ERA5 absorbed solar 

radiation, (b) ERA5 cloud radiative effect inferred from total cloud cover anomalies, (c) 

ERA5 total cloud cover, (d) CERES TOA solar cloud radiative effect inferred from total 

cloud cover anomalies, and (e) CERES total cloud cover. El Niño periods with anomalies 

exceeding +1K are highlighted with gray shading. Latitude spacing corresponds to 

cosine(latitude) for an equal-area representation. 
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Fig. S5. Decadal 2013–2022 trends and annual-mean 2023 anomalies of additional 

parameters related to Earth’s energy budget and clouds. CERES trends and anomalies 

relative to 2001—2022 of (a,b) total cloud cover fraction, (c,d) TOA solar cloud radiative 

effect inferred from total cloud cover anomalies and (e,f) TOA net solar clear-sky radiation 

(color scale chosen to resolve anomalies over the open ocean). 
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Fig. S6. Decadal 2013–2022 trends and annual-mean 2023 anomalies of additional 

parameters related to Earth’s energy budget and clouds. ERA5 trends and anomalies 

relative to 2001—2022 of (a,b) total cloud cover fraction, (c,d) TOA solar cloud radiative 

effect inferred from total cloud cover anomalies, (e,f) TOA net solar clear-sky radiation  

(color scale chosen to resolve anomalies over the open ocean) and (g,h) TOA net solar 

radiation (= absorbed solar radiation, ASR). 
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Fig. S7. El Niño composite analysis. (a-f) Global-mean composites of 4 pre-2023 El Niño 

events covered by the CERES period based on CERES data (thin solid red curves) and ERA5 

data (thin solid black curves) and of an extended set of 9 pre-2023 El Niño events based on 

ERA5 data (thick dashed black curves) for (a) surface (skin) temperature, (b) Earth’s TOA 

total energy imbalance, (c) TOA net solar radiation (= absorbed solar radiation, ASR), (d) 

planetary albedo (derived from global-mean TOA solar downwelling and upwelling 

radiation), (e) total cloud cover fraction, and (f) low-level cloud cover fraction. (g-j) Annual-

mean composites of 9 pre-2023 El Niño onset years based on ERA5 data (corresponding to 

the thick dashed black curves in a-f) for (g) surface (skin) temperature, (h) TOA net solar 

radiation (= absorbed solar radiation, ASR), (i) total cloud cover fraction, and (j) low-level 

cloud cover fraction. 
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Fig. S8. Global-mean surface temperature anomalies during El Niño years. Based on 

annual-means of NOAA Ocean Niño 3.4 index and ERA5 annual-mean surface (skin) 

temperature for 9 El Niño onset years (black filled circles) and corresponding second years 

(grey circles). The contribution of El Niño to the 2023 temperature anomaly (+0.07(0.04)K) 

is estimated based on the 2023-mean Niño 3.4 index (blue dashed line) with linear least-

square regression (black dashed line and 90% confidence band by gray shading). 
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Fig. S9. Parameters of the power functions fitted to the TCC-CRE-relation for May. Based 

on inter-annual variations of monthly data 2001–2014, with May chosen arbitrarily as an 

example. (a) linear coefficient 𝛼 corresponding to the predicted CRE at TCC=100% based 

on CERES; (b) same but based on ERA5; (c) exponent 𝛽 with values above 1 indicating a 

superlinear dependence of CRE on TCC based on CERES; (d) same but based on ERA5; (e) 

Fraction of CRE variance explained by the fit based on CERES; (f) same but based on ERA5. 
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Fig. S10. Upper-layer temperature response [K] to anomalous absorbed solar radiation 

from the CERES (red lines) and ERA5 (gray lines) datasets with respect to their 2001-2022 

climatology. The temperature estimate is computed with the 2-layer Energy Balance Model. 

Individual lines are initialized from December 2017 until December 2023, and then the 

solution to the EBM is found until December 2023. Horizontal dashed lines give the mean 

temperature response for the whole year 2023 (CERES: 0.25K, in red; ERA5: 0.16K, in 

black) for solutions initialized in December 2020, respectively.  
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Fig. S11. Upper-layer temperature response [K] to anomalous absorbed solar radiation 

from the CERES (red lines) and ERA5 (gray lines) datasets with respect to their 2001-2022 

climatology. The temperature estimate is computed with the 2-layer Energy Balance Model. 

Individual lines are initialized from all Decembers in the period December 2000 to 

December 2023, and then the solution to the EBM is found until December 2023. 
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Table S1. 

Parameters used in the 2-layer Energy Balance Model in this study. The parameters follow 

(42) and (44). By excluding the INM-CM4 model, the fitted ensemble-mean deep-ocean heat

capacity 𝑪0 has a much smaller standard deviation of 27 W yr m-2 K-1 (44), indicating that

the INM-CM4 might be an outlier in the multi-model CMIP ensemble, and therefore the

parameters based on the remaining models are used here.

Feff 

(forci

ng 

efficac

y)

𝜆 (radiative 

feedback 

parameter) 

𝛾 (heat 

exchange 

coefficient) 

𝑪 (upper heat 

capacity) 

𝑪0 (deep-

ocean heat 

capacity) 

0.92 

(ref 

42) 

1.13 W m-2 K-

1

(MMM in 

Table 3 in ref 

44) 

0.74 W m-2 K-1

(MMM in 

Table 4 in ref 

44) 

7.3 W yr m-2 K-

1 

(MMM in 

Table 4 in ref 

44) 

91.0 W yr m-2 

K-1

(MMM in 

Table 4 in ref 

44)
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