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Supporting Information Text

In the first four sections we provide additional details on the methodology, and discuss the sensitivity of our results to our
methodological choices. The final section offers additional discussion and interpretation of the sensitivities to cloud-controlling
factors.

Choice of domain size. We have tested the performance of our prediction for a range of domain sizes, including the two limit
cases of a single grid cell (i.e. using local predictors only), and a global domain (Fig. S12). While the results are not highly
sensitive to the exact choice of domain size, the prediction is substantially worse if only local predictors are used, and also
degrades if a very large or even global domain is used. We can explain this behavior qualitatively by reasoning that the
performance of our model is determined by a trade-off between two opposing effects. On the one hand, the amount of potentially
relevant information increases with increasing domain size. On the other hand, the ability of the algorithm to reliably estimate
the sensitivities (regression slopes) decreases as the number of predictors increases. The latter effect is commonly referred to as
the “curse of dimensionality” in machine learning. Beyond a certain domain size, the most relevant information is already
included in the set of predictors so that the latter effect starts to dominate, which leads to decreasing predictive skill as the
domain size is further increased. While machine learning algorithms can handle higher dimensional regression tasks much
better than for example classic multiple linear regression, they still suffer from performance loss when including additional
predictors that do not contribute sufficient further predictive information.

Longwave and shortwave cloud feedbacks exhibit a different dependence on domain size in terms of predictive skill. For
the shortwave component, skill is generally high, but peaks around the default domain size used in this paper; by contrast,
longwave predictive skill increases with domain size up to a size approximately double that used in this paper, and remains
fairly stable for larger domains. Although shortwave cloud feedback is known to be highly sensitive to remote sea surface
temperature (SST) changes (1), these remote impacts can be captured more directly in the prediction model (Eq. 2) via the
EIS term, so that reasonable SW predictive skill is achieved even for small domain sizes. In contrast, for free-tropospheric
clouds (more important for longwave cloud feedback), remote influences are apparently not represented by the local predictors
to the same extent. As an example mechanistic explanation for this result, we argue that it is well-known that tropical deep
convection depends on how warm local SSTs are relative to other tropical regions (e.g., 2), and this effect can only be captured
using a sufficiently large domain size.

Choice of cloud-controlling factors. With the exception of a study by Li et al. (3), we are unaware of prior studies identifying
suitable controlling factors for cloud types other than marine low clouds (4-11). In the absence of well-established predictors for
free-tropospheric clouds and after comprehensive testing of plausible physical variables, we have settled on the five factors listed
in the main text. Inclusion of additional factors identified by Li et al., namely tropopause temperature and upper-tropospheric
stability, yielded no improvement in our prediction. Other candidate controlling factors exist for deep convective clouds,
e.g. convective available potential energy (CAPE) or convective inhibition (CIN), but were not tested here; it is possible that
their inclusion would lead to a further improvement of the predictions, particularly for longwave feedback (Fig. S3), which
could thus be a promising route for future work. Here, we only consider a consistent set of five controlling factors for both the
shortwave and longwave cloud radiative effects. Our choice is further supported by the fact that the chosen factors can be
easily calculated from GCM and reanalysis data, have a well-understood impact on cloud properties, and contain a substantial
amount of independent information relevant to clouds.

For marine low clouds, two relevant controlling factors not included in this study are the horizontal surface temperature
advection (defined as the product of near-surface wind speed and the horizontal surface temperature gradient) and the wind
speed itself (e.g., 5, 9). Although these factors were found to be important in previous studies, their inclusion made very little
difference to our results. We believe this is due to our choice of including non-local predictors: it is likely that the spatial
patterns of the predictors already contain the relevant information about horizontal temperature gradients and the atmospheric
circulation.

We have tested the sensitivity of our results to the number of controlling factors included as predictors in Eq. 2. Predictive
skill (as quantified by the correlation between predicted and actual global-mean cloud feedback) is only marginally improved
if all five cloud-controlling factors are used for the prediction (r = 0.89 instead of 0.87 for net cloud feedback, Fig. S13). A
larger improvement is seen for the longwave component, however (r = 0.80 instead of 0.68), likely because the extra predictors
contain information relevant to free-tropospheric clouds. These extra predictors also capture the spatial pattern of tropical
longwave and shortwave feedback (Fig. S6), consistent with the fact that they contain a coherent dynamical signal reflective of
an eastward shift of convection in the tropical Pacific (Fig. S2C-E). Note that the cloud feedback constraints exhibit little
sensitivity to the inclusion of additional predictors in Eq. 2 (e.g., 0.46 vs. 0.43 W m~2 K™ for the net feedback; Figs. 2, S3 and
S13). On the other hand, if only Tssc is included as a predictor in Eq. 2, skill remains fairly high for the global-mean feedback
(rnet = 0.80; row = 0.62; rsw = 0.80), consistent with the result in Fig. S4.

Inclusion of the seasonal cycle. In contrast to previous studies (e.g., 4, 5, 7-11), here we choose to include the seasonal cycle
in our analysis, for two main reasons. First, the seasonal cycle provides a large, recurrent forced signal that should improve
the reliability of our cloud sensitivity estimates. Although previous studies have made a different choice, we are unaware of
any theoretical reason why the response to seasonal forcing should not contain information relevant to the global warming
response. Second, exploiting the seasonal signal facilitates the causal attribution of the relationships between cloud and surface
temperature Tsic (the main driver of the COz-forced cloud response; Figs. S4 and S10). In most regions, month-to-month
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variations in Tsie will be dominated by seasonal forcing, rather than being responses to the cloud-radiative anomalies themselves.
This is particularly important over land and sea ice regions, where the low heat capacity of the surface means that Tsfc could
respond rapidly to cloud-radiative changes. Figure S14 confirms that our prediction performs well over both ocean and land
regions; while a lower correlation is found over land compared with ocean regions, this is partly due to the smaller inter-model
spread in land cloud feedback.

We have tested the performance of our approach with deseasonalized data (Fig. S15). We still obtain a good across-model
correlation between actual and predicted net feedback (r = 0.82), but we ascribe the reduced correlation relative to Fig. 2A
to the exclusion of the information contained in the seasonal cycle. Furthermore, we note a pervasive positive bias in the
prediction: this is consistent with the Tstc anomalies being partly forced by clouds (12), as expected if the externally-forced
seasonal signal is removed.

Calculation of the cloud-radiative adjustments. The adjustments AT, A? and A® in Eq. 3 are calculated with Community
Atmosphere Model version 5 (CAMS5) radiative kernels (13, 14). To adjust the CERES CRE, we use ERAS temperature and
humidity data, and CERES surface clear-sky radiative fluxes for the calculation of surface albedo. CRE anomalies are also
affected by variations in radiative forcing, if the all-sky and clear-sky forcings are not equal, i.e. if clouds partially ‘mask’ the
forcing (13). CREsw is primarily affected by solar, volcanic and aerosol forcing, which have remained fairly stable in recent
decades (15), and therefore we do not apply a CREsw forcing adjustment. However, we do adjust for the impact of rising
greenhouse gas concentrations on CRELw by making several assumptions:

1. We assume that all greenhouse gases behave like CO2 in terms of their impact on CRELw (per unit forcing), and that
their radiative impact is described by the CO2-equivalent (16) greenhouse gas concentration time series C(t) calculated
for the RCP4.5 scenario (17).

2. The global-mean, stratosphere-adjusted, longwave RCP4.5 forcing time series is defined as [Byw[(t), where the brackets
denote a global average. This is calculated assuming that the forcing scales logarithmically with C(t): Hwd) =
alnC(t)/Co, where o = 5.35 W m™2 and Co = [)_ C(t)]*/™ is the geometric time mean of C(t), chosen such that the

time-mean forcing [Byw Céquals 0, consistent with the definition of anomalies in Eq. 3.

3. Following previous work (13, 18), we assume that the global-mean CRE_w forcing adjustment ALy Céquals 16% of the
stratosphere-adjusted longwave greenhouse gas forcing: [Bhy [FE 0.16 x [Bw ]

4. To calculate the CREw forcing adjustment at each grid point r and monthly time step t, Afiy(r,t) (Eq. 3), we
further assume that the local masking is proportional to the ratio of local to global CRELw, known to hold to a good
approximation (19):

CRELw(I', t)

ALy (r, 1) =0.16 x
tw(r,t) = 0.16 [ORELw ]

x [Bw 1),

where [QREw s the climatological global-mean CREw, set to a representative value of 20 W m™2 for simplicity.

This adjustment is applied to the GCMs and CERES observations for the period March 2000-September 2019. For the
abrupt-4xCO2 CRE data, Al = 0 since the forcing is constant during the experiment, but we do adjust longwave and
shortwave CRE for the effects of temperature, humidity and albedo changes per Eq. 3.

Interpretation of the cloud-radiative sensitivities to controlling factors. In this section we further interpret the longwave and
shortwave cloud-radiative sensitivities (Figs. S8-S9 and S16), and compare our results with prior work. In interpreting the
sensitivities by cloud regime (Fig. S16), it is important to keep in mind that the regime decomposition used here is relatively
crude (Materials and Methods), and cannot distinguish the contributions of low and non-low clouds where these coexist within
the same grid box.

For tropical low clouds (Fig. SI6A), the shortwave sensitivities are in overall agreement with prior work (e.g., 4, 5, 7-11):
we generally find positive sensitivities to Tsfc and Wsoo, and negative sensitivities to EIS and free-tropospheric relative humidity.
However, the CMIP spread is considerable and all five sensitivities can be of either sign in the models. Observations qualitatively
agree with the CMIP mean values, although we find larger Tstc and EIS sensitivities than simulated by the models; the former
may be due to models underestimating the SST sensitivity of stratocumulus clouds (11). Inconsistent with prior observational
analyses (5, 8, 20), the domain-aggregated observed wsoo sensitivities are close to zero; this appears to be associated with
spatially-compensating contributions within the regression domains. As expected for low clouds, the longwave sensitivities
are typically smaller in magnitude and of opposite sign compared to their shortwave counterparts (Figs. SI6A-B); the larger
longwave sensitivities in the models compared with observations may be a consequence of non-low cloud effects being aliased in.

Unlike in the tropics, extratropical low clouds exhibit a near-neutral shortwave sensitivity to surface warming, on average
(Fig. S16B). This results from compensating effects of positive Tsfc sensitivities in the lower midlatitudes, and negative
sensitivities in the high latitudes (Fig. S9). The latter agrees with previous findings that high-latitude clouds become optically
thicker (and hence more reflective) with warming, owing to a phase change from ice to liquid (21-23).

While little prior work is available on environmental sensitivities for non-low clouds, we propose an interpretation of the
results in Fig. S16C-D based on our understanding of how clouds depend on their environment. The non-low cloud sensitivities
to humidity and vertical velocity are consistent with cloud amount increasing with relative humidity and decreasing with the
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subsidence rate, as expected. The interpretation of the sensitivities of non-low clouds to Tsic and EIS is less straightforward,
and further mechanistic observational and modeling work will be needed to fully ascertain the physical processes involved. The
longwave sensitivity to Tsfc is predominantly positive in the tropics (Fig. S16C); we propose this reflects the expected increase
in cloud top altitude with warming, known to account for most of the longwave cloud feedback (24). We further speculate
that the positive longwave EIS sensitivity may also partly reflect this mechanism, since increased EIS can be associated
with free-tropospheric warming, driven by sea surface warming in deep convective regions (1). The non-low cloud shortwave
sensitivities may indicate a decrease in high cloud amount with warming, as suggested by prior observational, modeling and
theoretical evidence (25, 26). The non-low cloud shortwave sensitivities to Tstc and EIS may to some extent also be affected by
the aliasing in of low cloud responses, as our method cannot distinguish the contributions of low and non-low clouds where
these are collocated. Although EIS is not usually regarded as a controlling factor for non-low clouds, the finding of positive
longwave EIS sensitivity does qualitatively agree with a modeling study that found a robust positive longwave cloud response
to increased EIS (27, their Fig. 6), lending additional confidence to our result.

Comparison with prior cloud feedback estimates. Most prior observational estimates of cloud feedback were focused on marine
low clouds. Here we therefore consider how our results compare with this previous literature. A recent expert assessment
(28), based on a synthesis of available evidence from observational analyses and high-resolution modeling, concluded on a
most likely global marine low cloud feedback value of 0.37 % 0.37 W m™ 2 K~ (90% confidence). However, the studies used in
this assessment were primarily focused on stratocumulus regions; observational studies have since shown that trade cumulus
respond differently to warming, with a near-zero feedback (9-11), with further support from large-eddy simulation results
(29-32). This suggests the estimate of 0.37 W m™2 K~ was likely too high (10, 11). Our global marine low cloud feedback
constraint (0.09+0.19 W m~2 K™, Table S1 and Fig. S11B) is statistically indistinguishable from the near-global (60°S-60"N)
observational estimate of Myers et al. (11) of 0.19 +£0.12 W m~2 K~ *.

Our constraint for tropical marine low cloud feedback (0.08 = 0.12 W m~2? K™%, Table S1 and Fig. S11C) cannot be directly
compared with that provided by another recent observational analysis by Cesana et al. (10, 0.56 =0.15 W m~2 K1, 80%
confidence): the numbers in that study are representative of the tropical low cloud regime only, and are not scaled by the
global area fraction occupied by that regime. Nevertheless, the results of Cesana et al. support the finding here that low cloud
feedback is close to the CMIP mean, consistent with mid-range climate sensitivity.

The expert assessment of Sherwood et al. (28) considered both low and non-low clouds, and derived a global net cloud
feedback estimate of 0.45 + 0.54 W m~2 K™, remarkably close to the central estimate in this study (0.43%£0.35 W m™2
K™'). This is despite the different central estimates for global marine low cloud feedback (0.37 W m ™2 K™ ' in Sherwood
et al. vs. 0.09 W m™2 K1 here). This agreement on global net feedback occurs thanks to a compensating difference in the
estimates of non-low cloud feedback, estimated at 0.25 W m~2 K~ * here (Table S1) but zero in Sherwood et al., reflecting
canceling effects of high cloud altitude (estimated at +0.20 W m~2 K~ in Sherwood et al.) and amount (—0.20 W m~2 K1),
While we are unable to disentangle the contributions of non-low cloud altitude and amount with our methodology, our results
suggest the radiative impact of non-low cloud amount changes may be close to neutral, rather than negative, given the positive
contribution from shortwave non-low cloud feedback (Table S1). We suggest that further observational analysis of non-low
cloud properties should confirm this hypothesis.
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Fig. S1. CMIP mean shortwave cloud-radiative sensitivities ; (Eqg. 1) forasample5 5 target grid box in the Southeast Pacic (82.5 W, 17.5 S). See Materials and
Methods for the details of the calculation and the de nition of the controlling factors.
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Fig. S2. CMIP mean responses of the cloud-controlling variables per unit global warming (A) dTsc =dT, (B) dEIS=dT (used in Eq. 2), and the additional responses
(C) dRH 700 =dT, (D) dRH yr0p =dT, and (E) d! 500 =dT . All responses are calculated by regressing each variable at each point onto global-mean temperature in the
abrupt-4xCO2 simulations (Materials and Methods).
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Fig. S3. As in Fig. 2 but for the longwave (LW) and shortwave (LW) components of cloud feedback.
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Fig. S4. Actual cloud feedback in CMIP models versus global-mean surface temperature sensitivity , taken as the sum of the longwave and shortwave sensitivities.

Tsfc
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Fig. S5. As in Fig. 3 but for the longwave and shortwave components of cloud feedback.
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Fig. S6. As in Fig. S5 but including all ve cloud-controlling factors as predictors in Eq. 2, instead of only T and EIS.
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