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Abstract Cloud feedback has prevailed as a leading source of uncertainty in climate model projections
under increasing atmospheric carbon dioxide. Cloud-controlling factor (CCF) analysis is an approach used to
observationally constrain cloud feedback, and subsequently the climate sensitivity. Although high clouds
contribute significantly toward uncertainty, they have received comparatively little attention in CCF and other
observational analyses. Here we use CCF analysis for the first time to constrain the high-cloud radiative
feedback, focusing on the cloud amount component owing to its dominant contribution to uncertainty in high-
cloud feedback. Globally, observations indicate larger decreases in high cloudiness than state-of-the-art climate
models suggest. In fact, half of the 16 models considered here predict radiative feedbacks inconsistent with
observations, likely due to misrepresenting the stability iris mechanism. Despite the suggested strong high-
cloud amount decreases with warming, observations point toward a near-neutral net high-cloud amount
radiative feedback, owing to almost canceling longwave and shortwave contributions.

Plain Language Summary As the atmosphere warms, the structure and location of clouds within the
atmosphere changes, which can exert an additional warming or cooling effect at the Earth's surface. Cloud-
controlling factor analysis derives relationships between meteorological variables and clouds, in an attempt to
reduce uncertainties in model estimates of this ‘cloud feedback’. Within the CCF framework, low-level clouds
have been widely studied but high clouds have received comparatively little research focus. Here, we find that
the response of high clouds to warming in many climate models is not supported by observational evidence. For
instance, many models predict widespread increases in the amount of high cloud under warming, while our
observational evidence suggests reductions under global warming. Through understanding these changes, we
show that we can in turn reduce the uncertainty in the feedback effect of high clouds on global warming.

1. Introduction

Clouds strongly modulate the global top-of-the-atmosphere (TOA) energy balance and are the largest source of
uncertainty in the climate response to greenhouse gas forcing (Sherwood et al., 2020; Zelinka et al., 2022). A
combination of model and observational evidence indicates that global cloud feedback is positive and thus
amplifies global warming, though the magnitude of this effect remains uncertain (Ceppi & Nowack, 2021;
Sherwood et al., 2020; Zelinka et al., 2020).

It is widely agreed that three large-scale mechanisms are the primary contributors toward cloud feedback (Ceppi
et al., 2017): a reduction in tropical low-cloud amount (a positive shortwave effect), an increase in high-latitude
low-cloud optical depth (a negative shortwave effect) and a rise in free-tropospheric cloud altitude (a positive
longwave effect). It is also thought that changes in the amount and thickness of tropical anvil clouds contribute
small but highly uncertain feedbacks (Bony et al., 2016; Sherwood et al., 2020; Zelinka et al., 2016).

Cloud-controlling factor (CCF) analysis is one approach used to constrain modeled cloud feedback (Ceppi &
Nowack, 2021; Myers et al., 2021; Nowack & Watson-Parris, 2024; Qu et al., 2015). Understanding and con-
straining the response of low—more specifically, tropical marine—clouds to global warming has consistently
been a prominent research focus within the cloud feedback community (Ceppi et al., 2024; Myers et al., 2021;
Myers & Norris, 2016; Qu et al., 2014, 2015; Scott et al., 2020; Wyant et al., 2009), motivated by their large
contributions to the inter-model variance in climate projections (Sherwood et al., 2014; Webb et al., 2013).
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Consequently, meteorological controls for low clouds are now comparatively well understood (Andersen
et al., 2022, 2023; Fuchs et al., 2018; Klein et al., 2017).

High clouds have been less emphasized in CCF analyses and observational constraints, despite their significant
contributions toward cloud feedback uncertainty (Raghuraman et al., 2024; Sherwood et al., 2020; Williams &
Pierrehumbert, 2017). The physics governing the rise of free-tropospheric cloud altitude with global warming is
well understood and supported by observational studies (Hartmann & Larson, 2002; Sherwood et al., 2020;
Zelinka & Hartmann, 2010). As the atmosphere warms, the altitude range where significant radiative water vapor
cooling occurs expands upwards. Longwave emission by free-tropospheric clouds therefore occurs at a higher
altitude and colder temperature, resulting in a positive cloud feedback. This simple mechanism is relatively well
captured by modern climate models, subsequently resulting in a small uncertainty range compared to other
contributions to the overall cloud feedback (Sherwood et al., 2020).

Expert assessments such as the World Climate Research Program (WCRP) also estimate a highly uncertain, but
possibly stabilizing, tropical anvil cloud area feedback (Sherwood et al., 2020), motivated by theory and
observational evidence (Saint-Lu et al., 2020, 2022; Williams & Pierrehumbert, 2017). The “stability iris theory”
states that as the atmosphere warms, static stability also increases, consequently decreasing horizontal conver-
gence and reducing anvil cloud outflow from deep convection (Bony et al., 2016). Similarly, as high clouds rise,
they find themselves in a more stable atmosphere due to the inverse relationship between static stability and
atmospheric pressure (Zelinka & Hartmann, 2010, 2011) which, in turn, also reduces convective outflow (Bony
et al., 2016). Many observational studies—typically based on inter-annual variability—support a reduction in
tropical high-cloud amount with warming, though the net radiative effect is uncertain due to compensating
longwave (LW) and shortwave (SW) feedbacks (Bony et al., 2016; Williams and Pierrehumbert, 2017; Saint-Lu
et al., 2020; Beydoun et al., 2021).

In this article, we build upon the work of Wilson Kemsley et al. (2024, hereafter WK24) and Ceppi and Now-
ack (2021, hereafter CN21) to constrain the radiative feedback due to changes in the amount of high cloud using
CCF analysis for the first time. CN21 built upon traditional CCF analyses by using ridge regression instead of
multiple linear regression (MLR). This allowed CCFs within large spatial domains to be considered, motivated by
the understanding that the life-cycle of clouds occurs over synoptic scales. CN21 showed that larger spatial
domains resulted in improved feedback prediction skill compared to traditional MLR approaches using local
CCFs. To address the lack of high-cloud specific analyses, WK24 systematically reviewed a selection of con-
trolling factors targeting the life-cycle of high clouds and their theorized feedback mechanisms. WK24's work
highlighted static stability in the upper troposphere (Syt) and a measure of wind shear between the surface and
300 hPa (AUj,) as new candidate CCFs for high-cloud feedback constraints. Here we utilize CN21's approach
with WK24's cloud-controlling factors—surface temperature (7 ), relative humidity at 700 hPa (RH-q), upper
tropospheric relative humidity (UTRH), vertical velocity at 300 hPa (w3q9), Syt and AUzg—to constrain the
high-cloud amount feedback.

2. Data and Methodology
2.1. Data Sets

This research uses monthly mean meteorological and cloud data, re-gridded to a 5° X 5° resolution. For
observed cloud-radiative anomalies, we use 21 years (July 2002 to June 2023) of data from the combined
Moderate Resolution Imaging Spectroradiometer (MODIS) retrievals from the Aqua and Terra instruments
(identified as MCDO6COSP; Pincus et al., 2023). We use only MODIS; we found artifacts and missing data in
cloud-radiative histograms from other observational data sets had a substantial impact on the estimated re-
lationships (not shown, see Norris & Evan, 2015). As a proxy for direct observations, we use ERAS CCFs (for the
calculation of the CCFs, see Text S1 in Supporting Information S1). To sample observational uncertainty, we use
a bootstrapping approach detailed in Section 2.3.

For climate model validation, we use historical and abrupt-4xCO, cloud fraction histograms and CCFs from 16
general circulation models (GCMs) from Coupled Model Intercomparison Project phases 5 and 6 (CMIP5/6)
experiments that have run the International Satellite Cloud Climatology Project (ISCCP) simulator. We restrict
the time period to 20 years, aligning with the length of our bootstrapped observational data sets. For the models,
we use January 1981 to December 2000 because it is close to the present-day climate and within the availability of
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historical simulations. For abrupt-4xCO, CCF responses, we use an additional 34 climate models, totaling 50. For
both models and observations, we only consider grid-cells with latitudes centered between 60°S—60°N due to
poor cloud amount retrievals at low sun angles, and therefore references to “global” averages are calculated within
this range, with values scaled with respect to the fraction of global area considered (multiplied by 0.86).

2.2. Radiative Anomalies

Cloud-radiative kernels are used to partition cloud-radiative anomalies, R, into contributions from changes in
cloud amount (AMT), cloud top pressure and optical depth, with the same kernels for observed and modeled R
(Zelinka et al., 2012a, 2012b). We isolate R from non-low clouds (hereafter “high clouds” for conciseness) ac-
cording to their cloud top pressures. For MODIS, we follow previous studies (e.g., Zelinka et al., 2016) and retain
top pressures <680 hPa. For CMIP ISCCP simulator data, we use a lower cutoff pressure of 560 hPa. This is
because the ISCCP simulator tends to misattribute mid-level clouds in the 560-680 hPa range to higher pressure
levels (Ceppi et al., 2024). All references to cloud-radiative anomalies and feedback henceforth are for high
clouds unless made explicit otherwise. Similar to other CCF analyses, we remove the seasonal cycles from the
CCFs and radiative anomalies (Andersen et al., 2022; Myers et al., 2021; Wilson Kemsley et al., 2024). The
cloud-radiative kernel method relies on properties derived from passive satellite sensors (in the case of obser-
vations) or simulators (for the CMIP models). As such, changes in obscuration of low-level clouds by upper-level
clouds impacts the partitioned cloud feedbacks, which we account for here (Zelinka et al., 2024).

2.3. Statistical Learning Framework

Observationally constraining cloud feedback is a multi-step process. We first use ridge regression to learn the
historical sensitivities, @, to six CCFs (T, RH709, UTRH, w3, Syr and AUszq) at each grid-cell r. For each
regression, we consider factors within a spatial domain centered on r corresponding to 105 © X 55° (21 longitude
X 11 latitude points). These grid-cell specific regressions are carried out independently for each of the 16 GCMs.
Our choice of domain size and statistical learning method is further discussed in Texts S2-S4 in Supporting
Information S1.

We subsequently predict the cloud-radiative responses under abrupt-4xCO, forcing and normalize these by the
modeled simultaneous global mean surface temperature (GMST) increase to obtain radiative feedback units. This
is done individually for each GCM at each grid-cell using historical sensitivities multiplied by the model-
consistent CCF responses per unit GMST increase;

dR(r) _ M dX,(r)
dr -~ ,Z:;@i dr =’ W

where 0; is the sensitivity of R(r) to the i-th CCF (X;) and M is the number of model dimensions (M = 1386).
Note that X and © are spatial maps, where i is the i-th grid-cell within the 21 X 11 spatial domain centered on .

We use all six CCFs in the extrapolation (Text S1 in Supporting Information S1). To estimate the global high-

dR(r)
s T
refer to as the “CMIP predicted” feedback. We subsequently determine the prediction error between the global-

which we

cloud feedback parameter, we take the spatially weighted global mean of the local regressions

mean “CMIP actual” feedback (i.e., determined using Gregory regressions from abrupt-4xCO, simulations;
Gregory et al., 2004) and the “CMIP predicted” feedback (Ceppi & Nowack, 2021; Nowack et al., 2023).

To obtain an observational constraint on the modeled cloud feedback terms, we use the ®; estimated from 20-year
of MODIS data. To sample observational uncertainty, we bootstrap (with replacement) the original MODIS (and
ERAS) data sets to produce 10 20-year long data sets. This results in 10 observational estimates for the cloud-
radiative sensitivities at each grid-point. We then multiply observed sensitivities with the GCM CCF re-
sponses to warming (dX;(r)/dT in Equation 1), substituting our observed estimates for ®; and using the 50 CMIP
abrupt-4xCO, CCF responses. Finally, to constrain cloud feedback, we convolve the resulting probability density
function with the prediction error from the CMIP validation. For details about this process, see Text S4 (Ceppi &
Nowack, 2021; Nowack et al., 2023).
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Throughout this article, radiative anomalies, R, and global cloud feedback, A, are referred to using subscripts.
Cloud radiative anomalies induced by changes in cloud amount are referred to using an additional subscript, for
example, A;w amr is the LW feedback from changes in high-cloud amount with all other properties held fixed.

3. Results

We apply our framework to predict A w amr and Agw amt Separately. Negative A w aymr Would arise from global
decreases in cloud amount due to reduced absorption of upwelling LW radiation. This accordingly corresponds to
positive Asw amt due to reduced reflection of incident SW radiation. Our best estimates of —0.29 W m~2 K~ and
0.22 W m~2 K~! (Figures 1b and 1d) for ALw.amr and Agw amr, respectively, are similar in magnitude with
opposing direction (Table S1 in Supporting Information S1). Observationally constrained ranges are now robustly
(90% confidence) negative (LW) and positive (SW), posing a stark contrast to the CMIP model estimates which
are more equally distributed into negative and positive feedback terms for both SW and LW (shown in Figures 1b
and 1d). Thus, our constraint supports the suggested mechanism of high-cloud amount reductions and the
associated impacts on the LW and SW radiative bands, in contrast to models that simulate a range of high-cloud
amount responses.

Though our focus is on the radiative feedbacks, we repeat our analysis to constrain global high-cloud amount

dAMT
dT

range of responses, with a neutral mean (note that the units % K~! are absolute percentage points rather than

(AMT, expressed as a percentage of total grid-box area) changes with warming ( ) . Climate models predict a

fractional changes). Our constrained best estimate is negative (—0.18% K~!), with less than 20% chance of global
increases. This indicates that GCMs underestimate global reductions in high-cloudiness with warming
d/ﬁ\TAT is consistent with negative Ay w amt and positive Agw, amr. While

T is more negative than the model mean, the difference is less pronounced than the feedback

(Figure 1f). Thus, our negative estimate for

dAM
dr

components. Therefore, though it is evident that climate models underestimate decreases in high-cloudiness, they

our constrained

also tend to underestimate the associated radiative impacts.

The observationally constrained negative A;w amr and positive Agw amr have implications on respective high-
cloud feedbacks from all cloud properties. The multi-model mean A;yw and Agy are positive and negative,
respectively (though with considerable inter-model uncertainty regarding sign; Figure S2 in Supporting Infor-
mation S1). Observations instead indicate a lower (near-neutral) central estimate for 4; w and a positive central
estimate for Agy. Our observational best estimates are consistent with CN21, who found their constrained central
estimates for LW feedback from all clouds are less positive than the climate model mean (and conversely for SW).
We find that the much stronger radiative feedback associated with the greater reduction of high-cloudiness in the
observations is at least partially responsible for this discrepancy (Ceppi & Nowack, 2021, their Figure S3 in
Supporting Information S1).

Reductions in high-cloud amount over the West Pacific and Maritime Continent, alongside increases in the East
Pacific, are present in observations and the multi-model mean (Figure 2 and Figure S9 in Supporting Informa-
tion S1). Local magnitudes for d’;"—TMT and % are ubiquitously larger in the observations than in the model
average, indicating consistently stronger changes in areal coverage and associated radiative forcing at local scales
as well as globally. Therefore, despite relatively similar global ANgr amt (S€€ below), local impacts and effects on
the circulation may differ. For example, there is GCM evidence that the areal coverage of high clouds may

modulate changes in the El Nifio—Southern Oscillation (Nowack et al., 2015, 2017; Rédel et al., 2016).

Convolving our observationally constrained A;w amr and Agw amr distributions yields an approximately neutral
estimate for ANgr amr Of —0.04 W m~2 K~! (Bretherton & Caldwell, 2020, see Text S5 in Supporting Infor-
mation S1). The multi-model mean Axgr amr is Within the 66% confidence range of observational uncertainty
(Figure 2h), though many climate models predict positive Ay w vt and/or negative Agw, v, aligning with global
increases in high-cloud amount (Figure 1f). Such feedbacks are highly improbable based on our constraint—in
fact, positive A w amr iS less than 5% likely based on our evidence, despite being positive in half of the climate
models. Instead, GCMs with A; w amr and Agw amr toward the lower and upper tail ends (respectively) of the
climate model distribution are more aligned with our observational estimate.

Our value for ANgr oMt is closer to more neutral estimates for high-cloud amount feedbacks derived from regional

observational analyses and theory than the WCRP's central estimate of —0.20 W m~2 K~!. For example, our
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estimate of —0.04 W m~2 K~! lies close to Raghuraman et al. (2024)'s estimate of —0.03 W m~2 K~! and McKim
et al. (2024)'s estimate of 0.02 W m™2 K~! (note these are specifically for anvil cloud). We also derive a smaller
uncertainty of ¢ = 0.065 W m~2 K~!, compared with the WCRP's ¢ = 0.20 W m~2 K~'. Note that our method
for constraining ANgr, am is somewhat sensitive to the underlying GCM distribution, which has smaller ¢ than the
WCRP feedback (CMIP ¢ = 0.08 W m~2 K™!). Regardless, our constrained estimate corresponds to approxi-
mately a 20% reduction in the CMIP standard deviation.

The observed spatial distribution shown in Figure 2e suggests that reduced cloudiness in the deep tropics—where
anvil clouds are abundant—contributes negatively toward Angr amt; though this is more poorly agreed upon across
our 10 realizations than for the LW and SW components (hatching in Figure 2e). Based on observational estimates
of short-term cloud feedback, Williams and Pierrehumbert (2017) found that SW feedback is less effective at
canceling out LW in deep convective regimes, possibly resulting in the negative regions shown in Figure 2e. This
does not imply a negative global feedback, however, as high clouds do not only exist in deep convective regimes.
Accounting for tropical high clouds outside of deep convective regimes, Raghuraman et al. (2024) show that
positive feedback from non-deep convective high clouds approximately balances deep convective negative
amount feedback. Given that our estimate for ANgr amt 1S Dear-neutral, negative contributions toward ANgr amT
from reductions in tropical anvil cloud amount appear too weak to drive a global negative feedback, highlighting
the sensitivity of high-cloud amount feedback estimates to spatial sampling (Raghuraman et al., 2024).

3.1. Exploring the Role of Thick and Thin Clouds

We evaluate high-cloud amount feedback driven by thin and thick clouds by summing R over optical depth bins
with 7<4.5 and 7> 4.5, respectively, before regressing against GMST. For discussion purposes, we approximate
thick high clouds as highly reflective deep convective cores with relatively low abundance but strong radiative
impacts (Chen et al., 2000), and thin clouds to detrained anvil and in-situ cirrus (Gasparini et al., 2023). Figure 3
shows thin and thick-cloud amount feedbacks are constrained well by our framework given their tight confidence
ranges, which is most striking for thin clouds. We also find that both thick and thin cloud amount feedbacks are
robustly negative for LW and positive for SW (90% confidence), which is again in contrast with the uncertain
direction of the CMIP predicted feedbacks.

A robust decrease in thick cloud amount with warming has been speculated by previous studies (e.g., Sokol
et al., 2024), which we find strong evidence for (Figure 3, “Thick”). This may be due to reductions in amount or
decreased optical depth, which would shift summations from “thick” to “thin” bins. Our best estimates for the LW
and SW components are approximately equal in magnitude though with opposing signs, indicating a radiatively
neutral feedback emanating from changes in the amount of thick cloud. Increased convective organization, re-
ductions in the number of convective events and decreases in typical anvil areal extent would all manifest in
reduced deep convective and fresh anvil cloud amount (Sokol et al., 2024; Wodzicki & Rapp, 2022).

Previous evidence is more inconclusive regarding changes to thin-cloud amount (Sokol et al., 2024). We find
compelling evidence for reductions in the amount of such clouds. Our constrained thin-cloud amount feedbacks
are smaller in magnitude (—0.11 and 0.06 W m~2 K~! for LW and SW, respectively) than their thick counterparts,
but less balanced. Compared to thicker clouds, radiative effects from optically thin cirrus are typically not as large
but imbalances between the SW and LW components can make them more important for net cloud feedback
(McFarquhar et al., 2000). Thin-cloud amount feedbacks are governed by the interplay between opposing de-
creases in thin cloud amount and increases in thin cloud due to thinning of thick cloud. A reduction in thin cloud
amount may be caused by increases in static stability, thus suppressing horizontal detrainment (Bony et al., 2016;
Saint-Lu et al., 2020, 2022). In contrast, recent evidence suggests that a thinning of thick cloud is likely as the

Figure 1. Panels (a) and (c) show actual versus predicted global-mean LW (4w amt) and SW (Asw amr) high-cloud feedback, respectively, for 16 CMIP models (empty
circles) and the multi-model mean (filled square). Panel (e) similarly shows the high-cloud amount change per degree global mean surface temperature (GMST) increase
(%). The solid colored lines are the least squares fits, and colored dashed lines the 5%—95% prediction intervals. Colored curves are the probability distributions for
observational estimates, with amplitudes arbitrarily scaled. Panels (b), (d) and (f) show CMIP model global 4} w amt, Asw,amT> and dﬁl\T"T respectively, and observational
constraints (denoted “Obs constrained”). CMIP5 and CMIP6 models are denoted using light and dark symbols, respectively. Thin and thick bars in (b), (d), and (f) Denote
the 90 and 66% confidence intervals, respectively. Black horizontal bars correspond to the mean CMIP feedbacks and the median (50th percentile) for the observational
constraints. Values have been scaled by the global area weighting (0.86).
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Figure 2. Observationally constrained and CMIP “Actual” high-cloud amount feedback for (a—b) longwave (LW), (c—d)
shortwave (SW), and (e—f) net (LW + SW) feedback (Axgr amr) - Observed cloud feedback is obtained using the mean
MODIS sensitivities (Nyioprs = 10) multiplied by the mean CMIP CCF abrupt-4xCO, responses (Neyvp = 50). Hatching
denotes regions where at least 80% of the local cloud radiative responses have the same sign; for the left column, this is >8 of the
mean observational realizations and the right column, >13 climate models. Panel (g) shows distributions for Axgr, amt in the
CMIP models (CMIP Prior Fit) and our constrained distribution. The central best estimate for the constrained distribution is
—0.04 W m~2 K~! and for the CMIP Prior, 0.02 W m~2 K. Panel (h) shows the CMIP actual ANET,AMT With the multi model-
mean denoted by a solid black bar and the corresponding observational constraint (“Obs constrained”), with the same
corresponding confidence ranges as Figures 1b—1d and 1f. Values in (g-h) have been scaled by the global area weighting (0.86).

atmosphere warms (Raghuraman et al., 2024; Sokol et al., 2024), which would subsequently increase the ratio of
thin to thick clouds and exert an optical depth feedback.
3.2. Sensitivities to the Cloud-Controlling Factors

An advantage of CCF analysis is its interpretable regression coefficients. We use the CCF sensitivities to
investigate whether mechanistic differences between models and observations explain the differences in high-
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Figure 3. CMIP global-mean high-cloud feedback partitioned into changes from cloud amount only, and corresponding
observational constraints (“Obs constrained”) for (a) Longwave (LW) and (b) shortwave (SW). Values have been scaled by
the global area weighting (0.86). Thin and thick bars denote the 90 and 66% confidence intervals, respectively. Black
horizontal bars show the mean CMIP actual feedback and observational best estimate (50th percentile). Thick and thin cloud
amount feedback is also shown, summed over optical depths >4.5 and <4.5 respectively (see text). The central estimates for
the LW high-cloud amount feedback summed over all, thick, and thin optical depth bins are —0.29, —0.16, and —0.11 W m™2
K, respectively. Similarly for SW the central estimates for all, thick and thin clouds are 0.22, 0.17, and 0.06 W m2 K,
respectively. The climatological global mean percentage of thick and thin high cloud for the models and observations can be
found in Figure S8 in Supporting Information S1. Values for further percentiles can be found in Table S1 in Supporting
Information S1.

cloud amount reduction. Here, we focus on the CCFs with the largest contributions toward both the magnitude and
uncertainties in global mean high-cloud amount feedback: T, and Syt (Figure S7 in Supporting Information S1).
The sensitivities for the additional CCFs are shown in Figures S4-S5 in Supporting Information S1.

The sensitivity of cloud amount to thermodynamic controls—specifically T and Syr—appears to play a major
role in the inter-model uncertainty. The T, sensitivities in the Maritime Continent and Western Pacific are poorly
agreed upon by the GCMs (hatching in Figures 4c and 4gand Figure S10 in Supporting Information S1), resulting
in a weak multi-model mean sensitivity in these regions. Subsequently, the T contributions toward A; w amt and
Asw,amt are highly variable and contrast the observed influence of T, on the feedback (Figure S7 in Supporting
Information S1). Historical climate model sea surface temperature (SST) warming patterns have shown signif-
icant mismatches to observations (Wills et al., 2022). To discern whether differences in spatial sensitivities
between models and observations result from different SST patterns, we re-calculate the sensitivities using At-
mospheric Model Intercomparison Project (AMIP) simulations (See Text S6 in Supporting Information S1). The
discrepancy between climate model and observed T, sensitivities remains in the AMIP simulations (Figure S10
in Supporting Information S1), and hence we attribute the differences to an underestimated stability iris mech-
anism in the climate models.

In the context of the stability iris, we would expect a reduction in anvil cloud coverage with increasing surface
temperature in the deep convective tropics (Bony et al., 2016). Anvil clouds rise near-isothermally with T,
finding themselves in a more stable environment (Zelinka & Hartmann, 2010, 2011). Accordingly, horizontal
convergence is reduced which in turn reduces anvil cloud outflow (Bony et al., 2016; Saint-Lu et al., 2020, 2022;
Wilson Kemsley et al., 2024) and subsequently the areal coverage. This would result in negative Rjw amt
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Figure 4. Panels (a—h) show the historically derived cloud-amount sensitivities to surface temperature, 7., and upper-
tropospheric static stability, Syr, for R .w amt and Rgw amt, in observations (“Obs”) and climate models (“Models” - scaled
by the ERAS cloud-controlling factor standard deviations). To produce the maps, all elements of the sensitivity vectors are
summed at each grid-point r. For observations, the mean across the 10 bootstrapped data sets is shown, and for models the multi-
model model mean is shown. Hatching denotes regions where >8 and >13 observed and modeled sensitivities, respectively,
share the same sign. Panels (i—j) show the multi-model mean CCF responses, dX/dT, derived through linearly regressing the 50
abrupt-4xCO, responses against their corresponding global-mean surface temperature increases.

(positive Rgw amt) sensitivities to Ty, which holds true for the observations but less so for the climate models
(Figure S10 in Supporting Information S1). Inspection of the sensitivities in deep convective regions reveals
positive LW (negative SW) sensitivities to T, in several climate models (e.g., MIROC-ESM, MRI-ESM2-0, and
CanESM2; Figure S6 in Supporting Information S1) or weak sensitivities in others. We speculate that the weak
climate model T sensitivities are a trade-off between increased convection or vertical mixing with warmer SSTs
—resulting in more cloud—versus the reduction in convective outflow and anvil cloud following stability iris
physics.

As expected in a warming atmosphere, Syt near-ubiquitously increases with GMST (Figure 4;j). This increase is
enhanced over the Western Pacific and Maritime Continent, collocating with the regions of strongest negative LW
(and positive SW) observed sensitivity. This is reiterated by sizable negative (positive) contributions of Syt
toward the observationally constrained Ay w amt (Asw,amr) shown in Figure S7 in Supporting Information S1.
Observed Sy sensitivities resemble the stability iris mechanism, where increased static stability drives reductions
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in high-cloudiness due to reduced convective outflow from decreasing horizontal convergence (Bony et al., 2016;
Saint-Lu et al., 2020, 2022). The climate models instead predict a smaller feedback driven by dSyr/dT (Figure S7
in Supporting Information S1) due to weak sensitivities. For example, the multi-model mean Ry w amr sensitivity
to Syr in the Western Pacific is only slightly negative as a result of poor agreement between the models
(Figures 4d—4h and Figure S10 in Supporting Information S1). Only half of the models have Syt sensitivities
similar in magnitude to the observations, and in many cases, the sensitivity is a different sign. This supports our
reasoning that several climate models underestimate the stability iris mechanism and associated reductions in
high-cloud amount.

The climate model UTRH sensitivities are well agreed upon, but despite strong magnitudes for the sensitivities
(Figures S4, S5 in Supporting Information S1, and also WK24), UTRH has a smaller contribution toward the
observationally constrained Apw amr and Agw, amr than in the climate models. Though RHyy, w3 and AUz
sensitivities are typically large in magnitude (Figures S4 and S5 in Supporting Information S1) and important for
historical predictions (WK24), their global contributions toward feedback are relatively small. However, their
inclusions as CCFs improve local correlations between “actual” and “predicted” CMIP feedback, and are
therefore important at local scales (not shown). Their globally averaged neutral contributions are largely due to
cancellation from regions of opposing positives and negatives (Figure S3 in Supporting Information S1). Our
findings align with previous research, wherein circulation changes (mainly captured by ws3go and AUszq) are
important regionally, but thermodynamic changes—related to T, and Syr—drive larger-scale cloud feedbacks
(Bony et al., 2004; Byrne & Schneider, 2018).

4. Discussion

Our observational evidence indicates that climate models underestimate global reductions in high-cloud amount
and associated LW and SW radiative feedbacks with warming. We mainly ascribe this to different sensitivities
within the climate models for T, and Syr. Previous studies suggest that climate models underestimate the anvil
cloud feedback compared to expert assessments due to the poor representation of convective organization pro-
cesses and cloud microphysics (Sherwood et al., 2020; Zelinka et al., 2022). We also attribute climate models'
smaller reductions in high-cloud amount partly to their underestimation of the stability iris mechanism. For
example, in the Western Pacific and Maritime Continent, the observed sensitivities to Ty, and Syt are both
negative for Ry avr (and positive for Rgw amr), collocating with the regions of most abundant high cloud
(Figures S8, S10 in Supporting Information S1). However, in these regions, the climate model 7', sensitivities are
typically the wrong sign relative to observations, and the multi-model mean Syt sensitivity is weak due to poor
agreement within the GCMs. This indicates that the physical mechanisms of high-cloud feedback present in the
observations are not being adequately captured by many of these climate models.

Our near-neutral best estimate for Axgr amr does not indicate a stabilizing high-cloud amount feedback and is
close to the multi-model mean Angr amt (despite GCMs being “right” for the “wrong” reasons in several cases).
Though Figure 2 provides evidence for negative feedback in deep convective regions, globally this is balanced by
regions of positive feedback. Our evidence thus indicates that the anvil cloud feedback used in Sherwood
et al. (2020) of —0.20 W m~2 K™ to constrain the equilibrium climate sensitivity lies beyond the lower limit of
our constraint and is likely too negative.

Motivated by the large uncertainty in the WCRP's estimate, recent studies also support a relatively neutral net
feedback arising from changes in anvil cloud amount, with possibly more uncertainty from optical depth changes
(McKim et al., 2024; Raghuraman et al., 2024; Sokol et al., 2024; Voigt, 2024). Thus, it has been suggested that
the WCRP's negative anvil cloud feedback may actually arise from changes in optical depth as a result of cloud
thinning, rather than decreases in amount (McKim et al., 2024; Sokol et al., 2024). Our findings of large-scale
decreases in thick cloud is not inconsistent with a changing ratio of thick to thin cloud, and thus may consti-
tute a (negative) optical depth feedback. We have not constrained the high-cloud optical depth feedback here due
to weak historical monthly variability in R, resulting in a small signal for the regression model to learn from (not
shown; e.g. WK24), as well as potential non-linearity arising from phase changes which may not be sufficiently
captured using linear methods. Observationally constraining the optical depth feedback is thus an important
avenue for future work.
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5. Summary

Cloud-controlling factor analysis has been used to constrain high-cloud feedback using CCFs previously linked to
the life cycle of high clouds. We have constrained the net high-cloud amount feedback, Axgr amr, through in-
dividual constraints on Ay w amt and Agw amr- Importantly, we have shown that climate models underestimate LW
and SW radiative feedbacks associated with reductions in high cloudiness with warming at local and global
scales, likely due to poor representation of the thermodynamic controls of high-cloud amount within the climate
models. This is reflected by the CCF responses to changes in static stability and surface temperature. Specifically,
our observational constraint provides evidence for a stability iris mechanism that drives reductions in high-cloud
amount in the deep tropics. We find that this mechanism is misrepresented by several climate models, contrib-
uting to weaker reductions in high-cloud amount within the GCM projections. Finally, our observational evidence
suggests that global reductions in high cloudiness result in an approximately neutral cloud feedback—and not
stabilizing as suggested in the assessment of Sherwood et al. (2020)—owing to compensating negative LW and
positive SW feedbacks. While the multi-model mean high-cloud amount feedback is also neutral, several climate
models achieve this result through cancellation of highly unlikely changes in high-cloud amount, according to our
observational constraint.
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