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ABSTRACT

Changes in cloud scattering properties and emissivity that arise from atmospheric warming
cause substantial radiative feedbacks in model projections of anthropogenic climate change, and
the relative importance of the underlying mechanisms is poorly understood. One leading
hypothesis is that ice-to-liquid conversions cause clouds to optically thicken, producing a major
negative feedback. We test this hypothesis by developing a method to decompose cloud radiative
feedbacks by cloud-top phase. The method is applied to an ensemble of six state-of-the-art global
climate models run with prescribed sea-surface temperature. In these simulations, the global mean
of the net cloud scattering and emissivity feedback from cloud-phase conversions ranges from -
0.17 to -0.01 W m K-, while the overall net cloud feedback ranges from 0.02 to 0.91 W m? K-'.
The multi-model mean of the cloud scattering and emissivity feedback from cloud-phase
conversions is approximately 19% of the magnitude of the multi-model mean of the overall cloud
feedback (-0.10 W m2 K! vs. 0.52 W m2 K-"). These results indicate that cloud-phase conversions
cause a robust negative feedback by changing cloud scattering and emissivity, but this mechanism

makes a modest contribution to the overall cloud feedback at the global scale.

SIGNIFICANCE STATEMENT

Climate warming changes Earth’s cloud properties, which then changes the temperature
further. One cloud-climate feedback mechanism involves the conversion of cloud ice particles to
liquid droplets with warming. This makes clouds more opaque, causing them to reflect more solar
radiation back to space. It is widely accepted that this mechanism dampens climate warming, but
its importance relative to other feedback mechanisms has been unclear. This study develops a
method to estimate the cloud opacity feedback from ice-to-liquid conversions in climate-model
simulations. On average, cloud-opacity changes from phase conversions explain approximately
19% of the overall cloud-climate feedback in an ensemble of six climate models. This finding
clarifies the importance of cloud-phase conversions in projections of anthropogenic climate

change.
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1. Introduction

A central concept in climate science is that the response to an external perturbation can be
explained by the sum of individual radiative feedbacks from changes in water vapor, lapse rate,
surface albedo, clouds, and other characteristics of the climate system. Among these, the cloud
feedback is the largest source of uncertainty in projections of climate sensitivity to CO; forcing
from comprehensive global climate models (GCMs) (Zelinka et al., 2020; Sherwood et al., 2020;

Forster et al., 2021). Reducing this uncertainty is a key goal in climate research.

An extension of this goal is to partition the cloud feedback into contributions from different
cloud properties to provide insight into the underlying mechanisms. For instance, Zelinka et al.
(2012b) developed a method to partition the cloud feedback in GCM simulations into components
from changes in cloud altitude, cloud amount, and cloud visible optical thickness (COT). This
method has identified a feedback from rising cloud altitude in the upper troposphere that is
simulated by many GCMs and predicted by basic theory (Hartmann and Larson, 2002; Zelinka et
al., 2016). Another common feedback across GCMs has been identified from shrinking cloud
amount in the subtropical boundary layer due to changes in various meteorological factors (Ceppi
et al., 2017). These findings bridge the gap between feedback quantification and physical process

understanding.

Feedbacks from changes in COT have been more difficult to explain (Terai et al., 2019).
One potential mechanism involves changes in cloud thermodynamic phase. As the atmosphere
warms, some cloud condensate that would have been ice in the unperturbed climate is replaced by
liquid. Liquid droplets are typically smaller and have a larger surface-area-to-volume ratio than
ice particles, so liquid cloud is optically thicker than ice cloud for the same amount of vertically
integrated condensate. Pure-liquid clouds also precipitate less efficiently than ice-containing
clouds, so ice-to-liquid conversions may reduce precipitation and increase the total cloud
condensate (Zhao et al., 2016). The result of these mechanisms is that ice-to-liquid conversions
lead to optically thicker and longer lasting clouds that reflect more solar radiation back to space.
It has been hypothesized that this may be a powerful negative feedback that can control the sign
of the overall cloud feedback simulated by some GCMs, particularly through the change in COT
(L1 and Le Treut, 1991; Storelvmo et al., 2015; Tan et al., 2016).
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Several studies have investigated the cloud-phase feedback with targeted GCM
experiments. Mitchell et al. (1989) performed early GCM simulations with one configuration that
permitted the cloud-phase feedback to operate and another configuration that did not. They found
that activating the configuration that permitted the cloud-phase feedback reduced the equilibrium
surface-temperature response to a doubling of atmospheric CO» from 5.2 K to 2.7 K. A variety of
experiments with variants of the Community Atmosphere Model have also found that
configurations with a larger cloud ice water path (IWP) in the preindustrial climate simulate a
larger increase in cloud liquid water path (LWP) in response to surface warming and a smaller
climate sensitivity to CO, forcing, presumably because increasing the preindustrial cloud ice
strengthens the cloud-phase feedback (Choi et al., 2014; Ceppi et al., 2016; McCoy et al., 2016;
Tan et al., 2016; Frey and Kay, 2018; Bjordal et al., 2020; Zhu et al., 2022; Duffy et al., 2024,
Hofer et al., 2024). However, Lohmann and Neubauer (2018) performed perturbed parameter
experiments with the ECHAM6-HAM?2 GCM and found that preindustrial cloud ice is not
systematically related to cloud feedback. Bodas-Salcedo (2018) estimated that phase changes
cause less than one third of the midlatitude cloud feedback in the Met Office Unified Model
because they mostly occur in optically thick clouds that are not susceptible to increases in albedo.
These studies suggest that cloud-phase changes may cause a powerful negative feedback in some

GCMs but not others.

Other studies have estimated the cloud-phase feedback with radiative transfer calculations
informed by GCM output. McCoy et al. (2015) calculated radiative fluxes above an idealized
mixed-phase cloud over the Southern Ocean. In one calculation the cloud was assigned the LWP
and IWP averaged over space and time from historical GCM simulations from the Coupled Model
Intercomparison Project Phase 5, and in a second calculation the LWP and IWP were changed by
equal and opposite amounts. This approach neglects differences in phase changes across cloud
regimes, which may bias the feedback estimates (Bodas-Salcedo et al., 2016). Miilmenstédt et al.
(2021) avoided this limitation by estimating the cloud-phase feedback with high-frequency output
from the ECHAM-HAMMOZ GCM. However, they assumed that ice-to-liquid conversions cause
negligible changes in cloud amount and total condensate path outside latitudes of approximately
40° to 70°, thereby neglecting this component of the cloud-phase feedback over 70% of the globe.
Furthermore, McCoy et al. (2015) and Miilmenstidt et al. (2021) both estimated the component of

the cloud-phase feedback that is caused by changes in phase partitioning over the Southern Ocean,



107
108
109
110

111
112
113
114
115
116
117
118
119

120

121

122
123
124
125
126
127
128
129
130
131
132
133
134
135

but their estimates differ by a factor of five. Thus, either the true cloud-phase feedback varies
dramatically across GCMs or the estimated feedback is quite sensitive to assumptions in the
methodology. This ambiguity makes it difficult to determine the importance of the cloud-phase
feedback.

Although these studies provide a qualitative picture of the cloud-phase feedback in GCM
simulations, there has not been a rigorous and globally complete assessment of the feedback. Here
we address this challenge by developing a method to decompose the cloud feedback by cloud-top
phase. The main advantage of the method is that it partitions the COT feedback into components
from ice-topped clouds, liquid-topped clouds, mixed-ice-and-liquid-topped clouds, and shifts
between these phase categories. The method is applied to six GCMs to quantify the global feedback
from changes in cloud scattering and emissivity that is caused by changes in cloud phase. This
allows us to test the hypothesis that phase changes cause a powerful negative COT feedback in
GCM simulations (Storelvmo et al., 2015; Tan et al., 2016).

2. Data and Methods

a. GCM Simulations

Simulations are performed with the atmosphere and land components of five state-of-the-
art GCMs, including the Geophysical Fluid Dynamics Laboratory Atmosphere Model v. 4 (Zhao
et al., 2018a; Zhao et al., 2018b), the Energy Exascale Earth System Model v. 2 (Golaz et al.,
2022), the Norwegian Earth System Model v. 2.1.1 (Seland et al., 2020), the Model for
Interdisciplinary Research on Climate v. 6 (Tatebe et al., 2019), and Community Earth System
Model v. 2.1.5 (Danabasoglu et al., 2020). We refer to these models as GFDL, E3SMv2,
NorESM2, MIROC6, and CESM2, respectively. Simulations are also performed with a version of
MIROCS6 in which the standard diagnostic precipitation scheme is replaced by the prognostic
precipitation scheme of Michibata et al. (2019). We refer to this model as MIROC6-PP. All of the
GCMs except MIROCG6-PP have variants that participated in the Coupled Model Intercomparison
Project Phase 6 (CMIP6). GFDL, MIROC6, and CESM2 use similar cloud schemes to the CMIP6
versions of the models, and E3SMv2 and NorESM?2 use cloud schemes that have been updated
from their CMIP6 counterparts in preparation for the Coupled Model Intercomparison Project

Phase 7 (Golaz et al., 2022; Olivié, 2024; Debolskiy, 2024). The standard names for the CMIP6
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versions of GFDL, E3SMv2, NorESM2, MIROC6, and CESM2 are GFDL-CM4, E3SM-1-0,
NorESM2-MM, MIROC6, and CESM2, respectively.

For each GCM, two simulations are performed with prescribed climatological annual
cycles of sea-surface temperature and sea-ice fraction. The first simulation represents preindustrial
conditions, and the second simulation represents the equilibrium climate state following a
sustained doubling of atmospheric CO, concentration relative to the preindustrial era. We refer to
these simulations as CTL and WARM, respectively. Most of the GCMs had not been run to
equilibrium in their fully coupled configurations with these CO> concentrations at the time of
study, so the sea-surface temperature and sea-ice boundary conditions are obtained from
equilibrated simulations of the Geophysical Fluid Dynamics Laboratory CM3 GCM (Donner et
al.,, 2011; Griffies et al., 2011). The surface boundary conditions for CTL are obtained by
computing the average annual cycle from the final 100 years of a 4600-year preindustrial control
simulation in fully coupled configuration, and the boundary conditions for WARM are obtained
by computing the average annual cycle over the same time period from a corresponding simulation
with atmospheric CO2 concentration doubled from the preindustrial value (Fig. 1). The same
ocean-surface boundary conditions are applied to all six GCMs. Global-mean surface air
temperature is between 4.3 K and 4.7 K warmer in the WARM simulation than the CTL simulation.
This quantity varies slightly across models because of differences in surface warming over land.
Atmospheric CO> concentration is fixed at a preindustrial value of 284 ppmv for both the CTL and
WARM simulations. This prevents cloud adjustments to CO» forcing and ensures that differences
in clouds between the two simulations represent only cloud radiative feedbacks. Simulations are
run for at least 10 years to robustly quantify feedbacks, and the first simulation year is discarded
for model spin-up (Qin et al., 2022). Model output is linearly interpolated to a common horizontal
grid of 1° latitude and 1.25° longitude. The native resolution, simulation length, and primary
parameterizations that determine the partitioning of cloud condensate into ice and liquid phases in

the GCMs are summarized in Table S1.

All simulations are run with the Moderate Resolution Imaging Spectroradiometer
(MODIS) satellite instrument simulator (Bodas-Salcedo et al., 2011; Pincus et al., 2012). This
simulator generates synthetic pixel-scale retrievals of cloud-top pressure (CTP), COT, and cloud-

top phase that mimic what MODIS would report if it were orbiting above the model atmosphere
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(Pincus et al., 2012). Because MODIS is a passive instrument, the retrieved COT represents the
total column-integrated cloud optical thickness, and CTP and cloud-top phase represent the top of
the highest cloud in the column. The simulator mimics the retrieval limitations of MODIS by
reporting data only if sunlight is present and excluding clouds that have a column-integrated COT
below 0.3. Synthetic satellite pixels are always either entirely cloud covered or entirely clear sky,
so retrieval biases that affect partly cloud-covered pixels in real observations are not present in the
MODIS-simulator output. Monthly statistics of the synthetic pixel data are computed over model

grid boxes and output for analysis.

We analyze MODIS cloud-property histograms that represent cloud area fraction
partitioned by CTP, COT, and cloud-top phase (Fig. 2a-c). The MODIS histograms are similar to
the standard histograms from the International Satellite Cloud Climatology Project (ISCCP) except
that they are further partitioned by cloud-top phase (Webb et al., 2001; Medeiros et al., 2023; Davis
and Medeiros, 2024). Phase is classified based on the condensate between the top of the highest
cloud and one optical depth unit below. If the visible extinction in this interval is at least 70% from
liquid droplets, then the cloud is classified as liquid. If the visible extinction is at least 70% from
ice crystals, then the cloud is classified as ice. If neither or these conditions are satisfied, then the
cloud is classified as undetermined phase following the nomenclature of MODIS observational
data. Undetermined-phase clouds include true mixed-phase clouds and cases where an ice cloud
with COT between 0.3 and 0.7 occurs above a liquid cloud. The thresholds used in this
classification are chosen so that the results approximately agree with the real MODIS operational
cloud-phase retrieval algorithm (Pincus et al.,, 2012). The phase-separated CTP-COT joint
histograms are developed for this study by modifying the MODIS simulator in the COSPv2.0
software package (CFMIP, 2024). These modifications expand the output variables of the
simulator to include new histograms of the synthetic pixel-level retrievals, but they do not change

the computations of the pixel-level retrievals themselves.
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(a) ASurface Temperature (b) ASea-Ice Fraction
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Figure 1. Difference in (a) ocean-surface temperature and (b) sea-ice fraction between the WARM and CTL
simulations. The plotted values are annual averages. Surface temperatures represent the average over both open

ocean and sea ice. Maps are plotted with a Hammer equal-area projection in all figures.



197

198
199
200
201
202
203
204
205

206

207

(a) AC: Liquid (b) AC: Und. Phase (c) AC: Ice
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Figure 2. Global- and multi-model-mean of the cloud histograms and radiative kernels. (a-c) Difference in the
cloud histograms between the WARM and CTL simulations for liquid-topped clouds, undetermined-phase
clouds, and ice-topped clouds, respectively. The units are cloud area fraction (%). (d-f) LW cloud radiative
kernels for liquid-topped clouds, undetermined-phase clouds, and ice-topped clouds, respectively. The units are
watts per square meter per unit change in cloud area fraction (W m %'). (g-h) Similar to (d-f) but for SW cloud
radiative kernels. The histograms and kernels are functions of CTP, COT, cloud-top phase, latitude, longitude,
and calendar month, but they have been averaged over the latitude, longitude, and month dimensions for

presentation.

b. Cloud Radiative Kernels
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Shortwave (SW) and longwave (LW) cloud radiative kernels are computed for the MODIS
histograms. The kernels quantify the radiative flux anomaly at the top of the atmosphere that would
occur if the cloud fraction in a given histogram bin were to increase by 1% with all non-cloud
factors fixed to their average annual cycles. The kernels are similar to those of Zelinka et al.
(2012a; hereafter Z12) except that they have an additional dimension of cloud-top phase (Fig. 2d-

1). Besides this exception, we compute the kernels by closely following the method of Z12.

The first step of the kernel calculation is to quantify the clear-sky upward SW and LW
radiative fluxes at the top of the atmosphere for various combinations of surface albedo, latitude,
and calendar month. Calculations are performed with the RRTMG radiative transfer model
(Clough et al., 2005) using inputs that include a standard ozone profile; uniform mixing ratios of
330 ppmv, 1.6 ppmv, and 0.28 ppmv for atmospheric CO,, CH4, and N>O, respectively; a uniform
surface emissivity of 0.99, and a solar constant of 1361 W m. Surface temperature, atmospheric
temperature, and specific humidity are prescribed to the average annual cycles from the CTL
simulations. These variables are averaged zonally and averaged across the six GCMs before they
are input to the radiative transfer model. We then calculate the clear-sky upward LW flux at the
top of the atmosphere for each combination of latitude and calendar month. SW fluxes are
computed similarly except that surface albedo and insolation are varied to account for surface
variations and the diurnal cycle. For a given latitude and calendar month, we chose a day in the
middle of the month and calculate the average of the cosine of the solar zenith angle u for each
one-hour interval throughout the day. The clear-sky SW flux is computed for each of the 24 values
of u and then averaged. Calculations are performed with surface albedo of 0, 0.5, and 1. The final
result is a matrix of clear-sky upward LW and SW flux at the top of the atmosphere as a function

of surface albedo, latitude, and calendar month.

The next step is similar to the clear-sky calculations except that we introduce an overcast
and horizontally uniform cloud and systematically vary the CTP, COT, and cloud-top phase.
Liquid-topped clouds are assumed to consist entirely of liquid and to have a cloud-droplet effective
radius of 10 um, and the LWP is computed from the COT and cloud-droplet effective radius using
Eq. (1) of Slingo (1989). Ice-topped clouds are assumed to consist entirely of ice and to have an
ice-crystal effective radius of 30 um, and IWP is computed from the COT and ice-crystal effective
radius using Eq. (3.9a) and Eq. (3.12) of Fu (1996). Undetermined-phase clouds are treated

10
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similarly except that half of the COT is assumed to be associated with ice particles and the other
half of the COT is assumed to be associated with liquid droplets. The cloud condensate is placed
in a single pressure interval that has a top at the specified CTP. For each latitude, surface albedo,
calendar month, and cloud-top phase, we compute the upward SW and LW fluxes at the top of the
atmosphere with different combinations of CTP and COT that correspond to the edges of the
MODIS histogram bins. Separate calculations are performed for the four edges of each CTP-COT
bin, and the results are averaged to get one SW and LW flux value for each bin. The resulting
values are subtracted from the clear-sky upward radiative fluxes to determine cloud radiative
effects (CRE). The result of these calculations is a matrix of SW CRE and LW CRE above an
overcast cloud as a function of latitude, surface albedo, calendar month, CTP, COT, and cloud-top

phase.

The final step of the calculation is to convert the overcast-sky CRE to a cloud radiative
kernel, K. Let C represent the histogram-partitioned cloud fraction, and let R represent the top-of-
atmosphere SW or LW radiative flux. For a given latitude, surface albedo, and calendar month, K
represents the radiative flux anomalies caused by changes in C with all non-cloud factors fixed at

their average annual cycles:

. = O
=

K is computed by dividing the overcast-sky CRE by 100% cloud fraction in order to obtain the
radiative flux anomaly averaged over the grid box per unit change in cloud fraction. We apply
linear interpolation to transform K from dimensions of latitude and surface albedo to dimensions
of latitude and longitude using the average annual cycle of clear-sky surface albedo from the CTL
simulations. The interpolation is performed separately for each GCM so that each model has a
unique SW kernel that is consistent with its mean-state surface albedo. The final radiative kernels
have units of watts per square meter per percentage change in cloud fraction (W m? % ") and are
functions of latitude, longitude, calendar month, CTP, COT, and cloud-top phase (Fig. 2d-1). The
kernels and MODIS histograms reproduce monthly SW, LW, and net CRE anomalies from natural
variability with biases of approximately +14%, -8%, and +5%, respectively (Appendix A).

One notable characteristic of the kernel calculation is that COT is prescribed to a set of

specific values. Thus, the assumptions about cloud effective radius and phase partitioning in the

11
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kernel calculation affect cloud single-scattering properties, but they do not affect COT. In other
words, if the effective radius or phase partitioning is changed when calculating any element of the
kernel, then the cloud water path would also be changed in order to keep the COT constant. For
this reason, the kernels are similar across the cloud-top phase dimension, and the kernel-based
estimates of cloud radiative effects depend weakly on the effective radius and phase partitioning

that are assumed in the kernel calculation (Fig. 2d-1; Fig. S1; Table S2; Wall et al., 2022).
c. Estimating Cloud Feedbacks

The MODIS histograms and cloud radiative kernels are used to estimate cloud radiative

feedbacks. The total cloud feedback, 1.4, is estimated according to:

Aca = A(;S) Z 27: Zg: KptiACpti (1)

where A represents the difference between the average annual cycles of the WARM and CTL

simulations; (Ty) is global-mean annual-mean surface air temperature; and p, t, and i correspond
to the CTP, COT, and cloud-top phase dimensions of the MODIS histogram, respectively (i = 1
for ice-topped clouds, i = 2 for liquid-topped clouds, and i = 3 for undetermined-phase clouds).
Eq. (1) is evaluated for each combination of latitude, longitude, and calendar month, then averaged
over the month dimension. An exception is made in polar night because the MODIS simulator
does not report data in the absence of sunlight. In this case, the SW feedback is set to zero, and the
LW feedback averaged over months with sunlight is assumed to be representative of the LW
feedback averaged over the entire year (Z12). Feedback contributions from ice-topped clouds,
liquid-topped clouds, and undetermined-phase clouds can be estimated separately by restricting

the sum in Eq. (1) to a single cloud-top phase category (i.e. restricting i to a single value).

We also decompose A4 to isolate the COT feedback from changes in cloud-top phase.
The first step of the decomposition is to partition 4.4 into a component associated with changes
in cloud amount and altitude and a component associated with changes in cloud scattering
properties and emissivity. This step is performed separately at each latitude-longitude grid-point
for each calendar month and for each CTP bin. Controlling for CTP is particularly important for

diagnosing the cloud-phase feedback because it ensures that the feedback estimates represent

12
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phase conversions between clouds at the same pressure level. For a given latitude, longitude,

calendar month, and CTP bin p, the total cloud fraction, Cts 4, 1s given by

Crt = ZZ

t=1 i=

Ctot,p can change if either the overall cloud amount changes or if clouds shift vertically from one
CTP bin to another. The proportionate change in cloud fraction, Aépti, is defined by
C,

A _ pti
Acptl = ACtOt,p —_
tot,p

where overbars denote values from the average annual cycle of the CTL simulation. This term

represents the change in cloud fraction that would occur if AC;,:, were distributed among the

COT and cloud-top phase bins such that the proportion of cloud fraction in each bin remains the
same as the climatology. In other words, this term represents a change in total cloud-fraction with
the normalized distribution of COT and cloud-top phase held fixed. The non-proportionate change

in cloud fraction, AC,,;;, is the change in cloud fraction that remains after the proportionate change

is removed:

ACy; = ACyy — ACyy

This term represents changes in the distribution of COT and cloud-top phase with Cy,; , held fixed.

Combining these definitions with Eq. (1), 1.4 can be expressed as

3

7 7 3 7 7
Aeta = Aé;) PIPIPI L *a, >Z 2.2 i @)

p=1t=1i=1 p=1t=1i=1

lAamHAalt lAse

where Aggme+aare 18 the feedback from changes in cloud amount and altitude and Ay, is the
feedback from changes in cloud scattering properties and emissivity. We refer to A, as the “cloud
scattering and emissivity feedback™ because it represents changes in COT and cloud single-

scattering properties, although it is dominated by changes in COT.
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We next partition A,g, into a component caused by changes in cloud-top phase and a
component caused by changes in COT within each cloud-top-phase category. Let Z'pi be the
climatological cloud fraction summed over the COT dimension for a given CTP bin p and cloud-

top phase category i:

7
Coi = ) Cour
t=1

Similarly, let AC),; be the non-proportionate change in cloud fraction summed over the COT

dimension:

7
t=1

We define AC,;; by

C. .:
E L — * * pti
pi

By construction, the sum of AC},; over the cloud-top-phase categories is equal to zero for each

. « Cpti o . .
CTP bin. Thus, the term AC,; P2 represents shifts in cloud fraction between the phase categories

holding fixed the overall cloud-fraction summed over all phase categories and the normalized COT

*%

distribution of each phase category. AC,y;

is the change in cloud fraction that remains after the

shifts in cloud fraction between phase categories are removed from the non-proportionate change

in cloud fraction (ACy;). ACp;q represents changes in the COT distribution of ice-topped clouds
with the overall ice-topped cloud-fraction held fixed, ACy;, represents changes in the COT

distribution of liquid-topped clouds with the overall liquid-topped cloud-fraction held fixed, and

ACy¢5 represents changes in the COT distribution of undetermined-phase clouds with the overall
undetermined-phase cloud-fraction held fixed. By substituting this relationship for ACy; in Eq.

(2), Agse can be expressed as
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Atot,phase Tepresents the feedback from changes in cloud scattering and emissivity that is caused
by changes in cloud-top phase. Ajcor,ices Adacor,iig> and Aacoruna represent feedbacks from
changes in the COT of ice-topped clouds, liquid-topped clouds, and undetermined-phase clouds,

respectively.

In the derivation of A;o¢ prase» Aacor,ices Aacor tigs a0d Aacor una> We have assumed that all
cloud elements have an equal probability of undergoing a cloud-top-phase conversion within each
CTP-phase-latitude-longitude-month combination. In other words, we ignore any possible
relationship between the optical thickness of ice-topped clouds and their susceptibility to a cloud-
top-phase conversion. Liquid-topped clouds and undetermined-phase clouds are treated similarly.
This assumption affects the partitioning of 1,,, into components, but it does not affect the overall

value of A4,.

The feedback component A¢y¢ pnase Occurs because cloud-phase conversions change COT
and the single-scattering properties of cloud particles, including the single-scattering albedo w and
the asymmetry factor g (Wall et al., 2022). w represents the probability that a photon is scattered
given that a single extinction event occurs, and g embodies the typical scattering angles of cloud
particles in single scattering events. We disentangle these factors by partitioning A;o¢ ppgse into a
component associated with changes in COT and a component associated with changes in g and w.
For a given CTP bin p, let Ktp be the cloud radiative kernel averaged across the cloud-top phase
categories weighted by their average frequency of occurrence:

s -
o ui=1 CpiKpei

Kpe = 3 C..
i=1"pi
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The kernel can then be decomposed into two terms:

Kpti ¢+ (Kpei = Kp).

The term Kpt quantifies the radiative impact of changes in the histogram-partitioned cloud-fraction
with g and w fixed to the frequency-weighted average across the cloud-top-phase categories. The
term (K¢ — Kpt) quantifies the variation in the cloud radiative kernels across the cloud-top-phase
categories due to differences in g and w with COT held fixed. Thus, A;4¢ ppase can be expressed

as

3 _
" 7 7 ~ G
Atot,phase = A(Ts)z Z Z ptACpi C..

(4)

lAg+Aw,phase

where Aucor phase aNd Apgiawphase are the components of the feedback from cloud-top phase

conversions that are caused by changes in COT and cloud single-scattering properties,

respectively.

Combining Eq. (1-4) yields the final cloud-feedback decomposition:

Acld = AAamHAalt + AACOT,phase + AAg+Aw,phase + AACOT,ice + AACOT,liq (5)
+ AACOT,und-
Aqq 18 partitioned entirely among the terms on the right side of Eq. (5) without a residual.
Furthermore, the decomposition is performed separately for each combination of CTP, latitude,
longitude, and calendar month, so it does not assume that any of the terms are restricted to a

particular temperature range.

This method quantifies the cloud scattering and emissivity feedback like other methods

that are commonly applied to GCM output (Taylor et al., 2007; Zelinka et al., 2012b; Zelinka et
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al., 2013). The main advantage of the new method is that it also decomposes the cloud scattering
and emissivity feedback as a function of cloud-top phase and shifts between cloud-top phase
categories. Similar methods have been developed to decompose cloud radiative effects by cloud-
top phase in satellite observations (Tan et al., 2019; Zhou et al., 2022; Wall et al., 2022). Our

method applies this concept to cloud radiative feedbacks in GCM simulations.

d. Comparison with other Feedback Analyses and the CMIP6 Ensemble

Our cloud-feedback analysis differs from previous analyses in several ways. The main
differences include the input data, the mathematical framework of the feedback decomposition,
and the GCMs that are analyzed. We examine these differences to frame the analysis in the context
of the existing literature.

First, our method is based on the established method of Z12, but we estimate 4,4 with
different input data. Z12 use ISCCP-simulator output, while we use MODIS-simulator output.
ISCCP generally reports CTP at the infrared emission level located about one optical depth below
the cloud top, while MODIS reports CTP at a higher altitude that is closer to the true cloud top
(Pincus et al., 2012). The offset between the CTP reported by MODIS and the infrared emission
level may cause a bias in the LW cloud feedback estimated with MODIS data. The ISCCP
simulator also reports clouds of all optical thicknesses, while the MODIS simulator reports clouds
with COT = 0.3 (Pincus et al., 2012). The fact that the MODIS simulator excludes clouds with
COT < 0.3 may bias the estimates of cloud feedbacks. However, the bias in global net cloud
feedback is about 3% or less in our simulations, and it is negligible in most CMIP6 models (Table
S3; Chao et al., 2024). Finally, the cloud radiative kernels of Z12 are computed with temperature
and humidity profiles from a different set of GCMs. These differences could affect the estimates
of 1.4 in some situations.

We validate our method based on its ability to reproduce A.; estimated with the Z12
method. Five of the six GCMs reported ISCCP-simulator output, so we compare feedbacks from
these five models (all but GFDL). The spatial patterns of feedbacks computed by the two methods
have strong point-by-point correlations (Fig. 3). The squared coefficient of determination (R?) is
at least 0.97 for the SW cloud feedback and at least 0.84 for the LW cloud feedback in all of the
GCMs. The global-mean cloud feedback across the five GCMs agrees to within 0.12 W m? K'!

for SW radiation and 0.15 W m2 K'! for LW radiation. Feedback estimates from our method also
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agree closely with feedback estimates from the approximate partial radiative perturbation method
(Taylor et al., 2007) (Fig. S2). Thus, our method accurately reproduces the overall cloud feedback
estimated by other established methods.

A second distinction of our method is that it decomposes the cloud feedback separately for
each CTP bin. This differs from conventional cloud-feedback decompositions, which have much
coarser CTP resolution or do not resolve feedbacks by CTP at all (Taylor et al., 2007; Zelinka et
al., 2012b; Zelinka et al., 2013; Zelinka et al., 2016). The choice of decomposing feedbacks over
broad or narrow CTP intervals does not affect the quantification of the overall cloud feedback, but
it can affect the partitioning among feedback components in cases where clouds at different
pressure levels respond differently to surface warming (Zelinka et al., 2016). Indeed, the overall
cloud feedback computed with our method agrees very well with the overall cloud feedback
computed with the method of Zelinka et al. (2016), but the two methods partition the feedback
slightly differently into amount, altitude, and COT components (Appendix B).

Despite this difference, we chose to partition feedbacks separately for each CTP bin
because this ensures that the estimated cloud-phase feedback represents phase conversions
between clouds at the same pressure level. An alternative choice could be to combine all clouds
across a broad CTP range that spans the upper and lower troposphere and then apply the feedback
decomposition of Eq. (1-5) on the aggregated data. However, if one were to follow this procedure
in a case where ice-topped clouds change in the upper troposphere and liquid-topped clouds change
in the lower troposphere, then these cloud changes could contribute to the estimated COT feedback
from cloud-phase conversions (A¢o¢ prase)> €ven though they occur at different pressure levels and
do not represent one phase replacing the other. We chose to decompose feedbacks separately for
each CTP bin to avoid this limitation and quantify the cloud-phase feedback as accurately as
possible. Different choices could be justified for quantifying other feedback components
(Appendix C).

Finally, we analyze output from six GCMs, so the feedbacks may differ from those in more
diverse model ensembles. However, our ensemble includes model variants from three of the 12
model families in CMIP6 that have been identified based on source-code development (Kuma et
al., 2023). GFDL belongs to one family; MIROC6 and MIROC6-PP belong to a second family;
and CESM2, NorESM2, and E3SMv2 belong to a third family. Furthermore, the diversity of our

ensemble can be examined based on the range of global net cloud feedback and the estimated
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equilibrium climate sensitivity (ECS), which represents the long-term global surface-air-
temperature change following a sustained doubling of atmospheric CO, concentration relative to
the preindustrial era. These quantities are obtained from published estimates from fully coupled
versions of the models or their closest predecessor in CMIP6 (Zelinka et al., 2020; Golaz et al.,
2022; Qin et al., 2024). Estimates from fully coupled simulations were not available for MIROC6-
PP, so estimates from simulations with prescribed sea surface temperature are used instead (Hirota
et al., 2022). The ECS for the model variants related to our ensemble ranges from 2.49 to 5.15 K,
and the global net cloud feedback ranges from 0.12 to 0.96 W m2 K-!. These ranges span most of
the full ensemble of 53 fully coupled CMIP6 models estimated by Zelinka et al. (2020) (Fig. 4).
The six-member ensemble is thus a representative subset of CMIP6-era atmospheric models. The
ensemble may not be representative of the Coupled Model Intercomparison Project Phase 5,
however, because those models generally simulate a different phase partitioning in mixed-phase

clouds (Zelinka et al., 2020).
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Figure 3. Point-by-point comparison of the overall cloud feedback (4.;;) computed with the method of this
study and the method of Zelinka et al. (2012a) (Z12). (a-e) Joint histogram of SW cloud feedback from the two
methods in E3SMv2, NorESM2, MIROC6, MIROC6-PP, and CESM2, respectively. Blue shading shows the
number of latitude-longitude grid-points in the histogram bins on a logarithmic color scale, and the diagonal
shows the one-to-one line. The bottom right corner of each panel lists the global-mean feedback ({1.;4)) in units
of W m? K'! and the squared coefficient of determination for the ordinary least-squares linear-regression fit
(R?). (f-j) Similar to (a-¢) but for the LW cloud feedback. The GFDL model is not shown because the necessary

output to compute feedbacks with the Z12 method is not available.
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Figure 4. Published estimates of equilibrium climate sensitivity (ECS) and global net cloud feedback (4.;4) for
variants of the GCMs analyzed in this study and CMIP6. Black markers show variants of the GCMs analyzed in
this study, thin horizontal lines show CMIP6 models, and bars show the multi-model mean. The models labeled
CESM2, GFDL-CM4, MIROC6, and NorESM2-MM are CMIP6 versions of the GCMs analyzed in this study.
The models E3SMv2 and MIROC6-PP are not in the CMIP6 ensemble. All of the estimates come from fully
coupled model configurations except for MIROC6-PP, which was run with prescribed sea surface temperature.
Estimates for E3SMv2 are from Golaz et al. (2022) and Qin et al. (2024), estimates for MIROC6-PP are from

Hirota et al. (2022), and estimates for the remaining models are from Zelinka et al. (2020).

3. Results
a. Decomposing Feedbacks by Cloud-Top Phase

We next examine the cloud-feedback decomposition across the GCM ensemble. Global-
mean feedbacks are reported as [A] * g3, where [1] is the multi-model mean of the global feedback
and a; is the standard deviation of the global feedback across the model ensemble. The total global-
mean SW cloud feedback is 0.42 + 0.47 W m2 K-!. This feedback arises from a combination of a
negative SW feedback in the polar regions, a positive SW feedback over the midlatitude oceans,
and spatially varying positive and negative feedbacks in the tropics (Fig. 5a). The overall SW
feedback includes a component from changes in cloud amount and altitude of 0.38 + 0.42 W m™
K-! and a component from changes in cloud scattering properties and emissivity of 0.03 + 0.13 W
m? K. The SW cloud amount and altitude component explains much of the spatial pattern and

global mean of the SW cloud feedback, but the cloud scattering and emissivity component is
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substantial in the polar regions and deep tropics (Fig. 5b-c). The LW cloud-feedback components
are generally smaller and vary less across models than their SW counterparts (Fig. 5d-f). Thus, the
cloud amount and altitude component of the feedback dominates the net cloud feedback at the
global scale. This component is also dominant in the feedback decomposition of Zelinka et al.

(2016) (Fig. B1).

The SW cloud amount and altitude feedback over the midlatitude oceans makes a
particularly large contribution to the global cloud feedback in the multi-model mean (Fig. 5b).
This is consistent with the simulations of the GFDL-CM3 GCM of Paynter et al. (2018), from
which the surface boundary conditions of our simulations are obtained. They noted that CO;
forcing caused long-term changes of the atmosphere and surface that weakened the boundary layer
inversion strength over midlatitude oceans. This, in turn, reduced the low-level cloud amount and
caused a major positive SW cloud feedback. Zhao (2022) also found that the atmospheric
component of GFDL-CM3 simulates a reduction in low-level cloud amount over midlatitude
oceans when forced by a variety of prescribed surface warming patterns. The fact that our
simulations exhibit a positive SW cloud feedback over midlatitude oceans without a compensating
LW feedback suggests that reduced low-level cloud amount in the midlatitudes causes a major

global feedback in our simulations as well.

Although the cloud scattering and emissivity feedback is a small component of the overall
global cloud feedback, previous work suggests that it may involve multiple compensating
mechanisms that are individually substantial (Terai et al., 2019). We examine this possibility by
decomposing the cloud scattering and emissivity feedback by cloud-top phase. Changes in cloud
scattering and emissivity cause a negative SW feedback over polar regions and land areas of the
middle and high latitudes, a positive SW feedback over midlatitude oceans, and dipole patterns of
feedbacks near the equator (Fig. 6a). This can mostly be explained by four terms in the feedback
decomposition. First, changes in cloud-top phase cause clouds to optically thicken, producing a
global SW feedback of —0.15 + 0.08 W m™ K-!. This negative feedback is present in nearly all
areas of the globe, and it is strongest in the extratropical storm tracks and tropical warm pools (Fig.
6b). Second, changes in cloud-top phase modify the cloud single-scattering properties (g and w),
producing a global SW feedback of 0.03 + 0.01 W m2 K-! (Fig. 6¢). This component represents
the fact that ice particles typically backscatter more SW radiation than liquid droplets in single-
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particle scattering events, so converting ice to liquid enhances forward scattering. This reduces the
cloud albedo if the COT is fixed, causing a positive SW feedback (Wall et al., 2022). Third,
changes in the optical thickness of ice-topped clouds contribute a positive global SW feedback of
0.17 + 0.14 W m2 K"!. This feedback is positive over most of the globe, indicating that ice-topped
clouds become optically thinner (Fig. 6d). One exception is the dipole patterns along the equator,
which may result from spatial shifts or contraction of the Intertropical Convergence Zone. Fourth,
changes in the optical thickness of liquid-topped clouds contribute a global SW feedback of
—0.02 + 0.04 W m2 K. This term dominates the SW cloud scattering and emissivity feedback
in polar regions but is less important across the non-polar regions in the multi-model mean (Fig.
6¢). SW feedbacks from changes in COT of undetermined-phase clouds are relatively small (Fig.
6f). The total LW cloud scattering and emissivity feedback is smaller than its SW counterpart and
i1s dominated by changes in the optical thickness of ice-topped clouds (Fig. 7).

The spatial patterns of the feedback components suggest that different feedback
mechanisms may be active at different locations and pressure levels in the atmosphere. To explore
this possibility, we compute zonal-mean feedbacks averaged over 10° latitude bands and plot the
results as a function of latitude and CTP. Indeed, distinct cloud feedbacks occur in the mixed-
phase temperature range of -40 to 0 °C (Fig. 8a). These feedbacks are mostly caused by cloud
optical thickening from cloud-top phase conversions (Fig. 8b). Changes in cloud single-scattering
properties (g and w) from phase conversions contribute a relatively small positive feedback as
well (Fig. 8c). Finally, liquid-topped clouds with CTP between the surface and 560 hPa become
optically thicker in the polar regions, causing a robust negative SW feedback (Fig. 8¢). This could
be a consequence of cloud-phase conversions in the interior of liquid-topped mixed-phase clouds,
enhanced condensation in the updrafts of supercooled liquid clouds due to changes in the moist
adiabatic lapse rate, or enhanced moisture flux convergence in extratropical cyclones (Betts and
Harshvardhan, 1987; Terai et al., 2019; McCoy et al., 2020; Frazer and Ming, 2022; McCoy et al.,
2023). These feedback components combine to produce a negative SW cloud scattering and
emissivity feedback throughout most of the mixed-phase temperature range. The SW feedbacks
are partially compensated by their LW counterparts (Fig. 9).

The feedback decomposition stratified by latitude and CTP also reveals a substantial
positive SW feedback and a smaller negative LW feedback from optical thinning of ice-topped
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clouds in the tropical upper troposphere (Fig. 8d, 9d). One possible explanation is that surface
warming weakens the tropical overturning circulation, reducing the amount of optically thick ice
clouds detrained from deep convection (Jeevanjee, 2022). At the same time, the weaker
overturning circulation could cause smaller changes in the amount of optically thin ice clouds that
are not directly formed by convection. The combination of these changes would cause optically
thick ice clouds to disproportionately shrink in amount, thereby causing the overall ice-cloud
population to become optically thinner (Sokol et al., 2024). This possible explanation is examined
in Appendix C. Indeed, five out of the six GCMs simulate a reduced ice-cloud fraction in the
tropical upper troposphere in response to surface warming, and the reduction is disproportionately
large for clouds that are not optically thin (COT > 3.6) (Fig. Cla). The proportion of ice-topped
clouds that are optically thin (0.3 < COT < 3.6) also increases in response to surface warming in
all six GCMs (Fig. C1b). The fact that these changes are consistent across models and consistent
with an expected weakening of the tropical overturning circulation suggests that an optical thinning
of tropical ice clouds may be a robust feedback mechanism. However, sensitivity tests indicate
that our method probably exaggerates the magnitude of the ice-cloud COT feedback due to
confounding factors from vertical shifts in ice clouds (Fig. C2). The ice-cloud COT feedback

estimated here should thus be interpreted with caution.

The feedback components can be vertically integrated and globally averaged to determine
their relative importance at the global scale. Two groups of feedback components emerge in which
all models agree on the sign (Fig. 10). The first group involves changes in cloud-top phase. This
group includes a negative SW feedback from changes in COT (—0.15 4+ 0.08 W m? K!), a
positive LW feedback from changes in COT (0.04 + 0.02 W m2 K™"), and a positive SW feedback
from changes in cloud single-scattering properties (0.03 + 0.01 W m2 K-!). Previous studies have
focused on the SW COT component of this feedback, while the LW COT and SW single-scattering
components have been given less attention. Although the SW COT feedback is the largest of these
terms, the other two terms collectively offset about half of the SW COT feedback, so they make a
non-negligible contribution to the cloud-phase feedback. The second group of feedback
components involves optical thinning of ice-topped clouds. This causes a positive SW feedback of

0.17 £ 0.14 W m? K'! and a negative LW feedback of —0.06 + 0.05 W m K-!. The feedback
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components of these two groups offset one another, causing the net cloud scattering and emissivity

feedback to take on a relatively small value of 0.02 + 0.09 W m2 K-! (Fig. 10).

Components of Overall Cloud Feedback

(a) SW Feedback: Total (b) SW Feedback: AAmount & AAltitude (c) SW Feedback: AScattering & AEmissivity
0.42 + 0.47 0.38 + 0.42 0.03+0.13
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Figure 5. Components of the overall cloud feedback, including (a) the total SW cloud feedback (1.;4), (b) the
SW feedback from changes in cloud amount and cloud altitude (Apgme+aaie)> and (c) the SW feedback from
changes in cloud scattering properties and emissivity (4,5.). Contours show the multi-model mean feedback,
and dots show locations where all models agree on the feedback sign. The global-mean feedback is printed above
each map in units of W m? K™! . The printed value is the multi-model mean plus or minus the ensemble standard
deviation. (d-f) Similar to (a-c) but for LW feedbacks. Contour values are spaced nonuniformly to show
components that have relatively small magnitudes. A similar figure with uniform contour spacing is shown in

Fig. S3.
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Components of SW Cloud Scattering and Emissivity Feedback

(b) ACOT from Phase Change (c) Ag & Aw from Phase Change
-0.15 £ 0.08 0.03 + 0.01

(e) ACOT of Liquid-Topped Clouds
-0.02 + 0.04
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Figure 6. Components of the SW cloud scattering and emissivity feedback, including (a) the total cloud
scattering and emissivity feedback (A, ), (b) the COT feedback from cloud-top phase changes (Aacor phase)
(¢) the cloud single-scattering properties feedback from cloud-top phase changes (1944w, phase)> (d) the COT
feedback of ice-topped clouds (Axcor,ice)» (€) the COT feedback of liquid-topped clouds (A4¢or,1iq), and (f) the
COT feedback of undetermined-phase clouds (A4cor ung)- The global-mean feedback is printed above each map
in units of W m™ K™ . The printed value is the multi-model mean plus or minus the ensemble standard deviation.

Contour values are spaced nonuniformly to show components that have relatively small magnitudes. A similar

figure with uniform contour spacing is shown in Fig. S4.
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Components of LW Cloud Scattering and Emissivity Feedback
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Figure 7. Similar to Fig. 6, but for the LW cloud scattering and emissivity feedback. Contour values are spaced
nonuniformly to show components that have relatively small magnitudes. A similar figure with uniform contour

spacing is shown in Fig. S5.

Components of SW Cloud Scattering and Emissivity Feedback

(a) Total (b) ACOT from Phase Change (c) Ag & Aw from Phase Change
180 - r 180 - r 180 - r
310 - r 310 4 r 310 - r
T 4404 F T 4404 3 T 440+ F
e 5 a o oag o o o 5 o oG o
5 560 - 5 560 - 5 560 - r
: e 0.275
680 - r 680 r 680 - r
. . I 0.225
800 1 r 800 - r 800 - r 0.175
1000 . . . o 1000 -+ . . . o 1000 . . . o 0.125
-60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60 0.075 .
latitude latitude latitude 0.025 Nx
-0.025 §
(d) ACOT of Ice-Topped Clouds (e) ACOT of Liquid-Topped Clouds (f) ACOT of Undetermined-Phase Clouds -0.075
0t , P o P . . . P 0t . . . P 0425
180 - 8 180 3 180 8 -0.175
-B 5= B 0.095
310 r 310 4 r 310 4 r
= = = -0.275
T 440 4 8 T 440 T 440 - 8
= = =
G 560 A r & 5604 & 560 r
680 - r 680 If 680 - r
800 - r 800 800 - r
1000 +——— T T T — 1000 T T T — 1000 +——— T T T —
-60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60
latitude latitude latitude

26



595
596
597
598
599
600
601
602
603
604
605
606
607

608

609

610

611

Figure 8. Components of the SW cloud scattering and emissivity feedback averaged zonally and plotted as a
function of latitude and CTP. The components include (a) the total cloud scattering and emissivity feedback
(Aase), (b) the COT feedback from cloud-top phase changes (Aacorphase)> (¢) the cloud single-scattering
properties feedback from cloud-top phase changes (A4g+aw,phase)» (d) the COT feedback of ice-topped clouds
(Aacor,ice)s (€) the COT feedback of liquid-topped clouds (A4¢or,1iq), and (f) the COT feedback of undetermined-
phase clouds (Acoruna)- Colors show the multi-model mean feedback, and dots show locations where all
models agree on the feedback sign and the multi-model mean has a magnitude larger than 0.025 W m? K™! (non-
white colors on the color scale). The lower dashed gray line shows the 0 °C isotherm from the temperature profile
of the CTL simulation averaged over longitude, the annual cycle, and the six GCMs. The upper dashed gray line
is similar but shows the -40 °C isotherm from the WARM simulation. Feedbacks from cloud-top phase
conversions are expected to be strongest between the two isotherms because points located outside of this region

are either warmer than 0 °C or colder than -40 °C in both simulations. Latitude axes are presented in equal-area

Increments.
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Figure 9. Similar to Fig. 8, but for the LW cloud scattering and emissivity feedback.
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Figure 10. Global mean of the components of the cloud scattering and emissivity feedback. Markers show

individual models, and bars show the multi-model mean.

b. Relative Importance of the Cloud Scattering and Emissivity Feedback caused by Phase Changes

We now return to the main motivating question: Do cloud-phase changes cause a powerful
negative COT feedback at the global scale? The global mean of the overall net cloud feedback
ranges from 0.02 to 0.91 W m2 K'! and has a multi-model mean of 0.52 W m2 K-! (Fig. 11). The
goal is to determine how much of this feedback can be explained by changes in cloud scattering

and emissivity that arise from changes in cloud phase.

For an initial estimate, we assume that the scattering and emissivity feedback from cloud-
phase changes can be approximated by the feedback from changes in cloud-top phase (Atot,p hase)-
In other words, we neglect cases in which the phase changes in the interior of the cloud, but it
remains unchanged at cloud top. Outside of the polar regions, these cases are expected to occur in
deep and optically thick clouds that are not susceptible to substantial increases in albedo (Bodas-
Salcedo et al., 2016; Bodas-Salcedo, 2018). Thus, it is justified to neglect the feedback from phase
changes that occur exclusively in the cloud interior when estimating the global cloud scattering
and emissivity feedback from cloud-phase changes. The estimated net scattering and emissivity
feedback from cloud-phase changes ranges from -0.16 to -0.01 W m? K-! and has a multi-model
mean of -0.08 W m? K (Fig. 11). The multi-model mean of this feedback component is
approximately 15% of the magnitude of the multi-model mean of the overall cloud feedback (-

0.08 W m?2 K vs. 0.52 W m2 K'). The inter-model range of the cloud scattering and emissivity
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feedback from cloud-top phase changes is also approximately six times smaller than the inter-
model range of the overall cloud feedback, so cloud-top phase conversions do not explain much

of the spread in feedbacks among models.

The estimated cloud scattering and emissivity feedback from phase conversions can be
refined by adding a term that represents phase changes that occur exclusively in the cloud interior.
As noted before, supercooled liquid-topped clouds become optically thicker in the polar regions
in response to surface warming (Fig. 8¢). We assume that this feedback is caused entirely by phase
changes that occur in the interior of liquid-topped mixed-phase clouds. Other mechanisms may
contribute to the negative COT feedback in polar liquid-topped clouds by enhancing condensation,
so this calculation is best interpreted as an upper bound for the magnitude of the cloud scattering
and emissivity feedback from cloud-phase conversions (Betts and Harshvardhan, 1987; Terai et
al., 2019; McCoy et al., 2020; Frazer and Ming, 2022; McCoy et al., 2023). The COT feedback of
supercooled liquid-topped clouds, A4cor,sciiq> i estimated by integrating the COT feedback of
liquid-topped clouds over the CTP bins in which the midpoint temperature is colder than 0 °C in
the average annual cycle from the CTL simulations. Furthermore, we assume that the COT
feedback of undetermined-phase clouds, Ascoruna, 15 caused by changes in cloud-top phase that
are not large enough to shift the phase category to liquid. Ascor,sc 1ig and Aacoruna are added to
the feedback from cloud-top phase conversions to obtain a refined estimate of the scattering and

emissivity feedback from cloud-phase changes, itot,p hase-

Atot,phase = Atot,phase + AACOT,SC liq + AACOT,und-

Atot phase Tanges from -0.17 to -0.02 W m? K™ and has a multi-model mean of -0.10 W m? K"!

(Fig. 11). The multi-model mean of iwt,phase is approximately 19% of the magnitude of the multi-
model mean of the overall cloud feedback (-0.10 W m K-! vs. 0.52 W m2 K*!). Thus, the initial
and refined estimates both indicate that changes in cloud scattering and emissivity from cloud-

phase conversions make a modest contribution to the overall cloud feedback at the global scale.
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Figure 11. Comparison of the overall cloud feedback and the cloud scattering and emissivity feedback from

cloud-phase changes. .4 is the overall cloud feedback. A;4¢ ppase 18 the scattering and emissivity feedback from
changes in cloud-top phase. /Ttot‘phase is similar to A¢prpnase €Xcept that it includes an additional term that

represents phase changes that occur exclusively in the cloud interior. Markers show individual models, and bars

show the multi-model mean. All values represent the global-mean net radiative feedback.

4. Discussion

Our findings contribute to a body of literature about the COT feedback from cloud-phase
changes simulated by GCMs. Some studies have argued that this is a powerful feedback
mechanism that may control the sign of the overall cloud feedback simulated by some GCMs,
while others have argued that it is less important (Li and Le Treut, 1991; Storelvmo et al., 2015;
Lohmann and Neubauer, 2018; Bodas-Salcedo, 2018). Perhaps the most compelling evidence for
a strong cloud-phase feedback comes from GCM experiments in which model parameters are
perturbed to vary the cloud-phase partitioning in the mean climate state (Choi et al., 2014; McCoy
et al., 2016; Tan et al., 2016; Frey and Kay, 2018; Hofer et al., 2024). A suite of experiments is
performed with different phase partitioning, and variations in the overall cloud feedback across
the experiments are interpreted as evidence for the strength of the cloud-phase feedback. Although
this approach has provided some of the most direct evidence of the cloud-phase feedback, it has
two important limitations. First, the act of changing model parameters may change other cloud-
feedback mechanisms in addition to the cloud-phase feedback, but it has not been possible to

identify and remove these potential confounding factors. Second, GCMs from different model
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families typically represent cloud physics with structurally different parameterizations, so results
from perturbed-parameter experiments are specific to individual GCMs. For these reasons,
perturbed-parameter studies do not rule out the possibility that the cloud-phase feedback is
relatively weak. The method developed here overcomes these limitations by quantifying the cloud
scattering and emissivity feedback from phase changes in a diverse ensemble of GCMs while
avoiding confounding factors. Our results indicate that changes in cloud scattering and emissivity
from phase conversions cause a global net radiative feedback between -0.17 and -0.01 W m2 K*!
(Fig. 11). Considering all of the evidence, we believe that changes in cloud scattering and
emissivity from phase conversions make a modest contribution to overall cloud feedback at the

global scale.

Although it is not a focus of this study, another notable finding is the existence of a positive
feedback from optical thinning of ice-topped clouds in the tropical upper troposphere (Fig. 8d).
One possible explanation is that surface warming weakens the tropical overturning circulation and
disproportionately reduces the amount of optically thick ice clouds (Jeevanjee, 2022; Sokol et al.,
2024). Indeed, five out of the six GCMs predict that ice-topped clouds in the tropical upper
troposphere will shrink in amount in response to surface warming, and all models predict that the
proportion of ice-topped clouds that are optically thin will increase (Fig. C1). These results suggest
that weakening of the tropical overturning circulation may contribute to the optical thinning of ice-
topped clouds simulated by the GCMs. However, our method probably exaggerates the magnitude
of the ice-cloud COT feedback due to confounding factors from vertical shifts in clouds (Appendix
C). The ice-cloud COT feedback estimated here should thus be interpreted with caution. More
work is needed to understand and quantify this feedback given its importance for climate

sensitivity (Sherwood et al., 2020; Raghuraman et al., 2024; Dawson and Schiro, 2024).

Finally, the methods and model diagnostics developed here may have applications beyond
studying the cloud-phase feedback. Ice, liquid, and mixed-phase clouds exhibit different radiative
feedback and adjustment mechanisms in response to external perturbations, so cloud-top phase is
a natural partitioning metric to gain insight into the importance of different mechanisms (Duran et
al., 2024). Code to compute the MODIS histograms in GCM simulations is now included in the
COSPv2.0 open-source software package, and the cloud radiative kernels are publicly available

online (CFMIP, 2024; Wall, 2024a). Equivalent histograms from real satellite observations are
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also included in the MODIS MCDO0O6COSP dataset (Pincus et al., 2023). These resources could
facilitate new opportunities for quantifying cloud feedbacks and adjustments, evaluating models,

and relating observable quantities to feedbacks simulated by GCMs.

5. Conclusion

Radiative feedbacks from changes in COT are considered to be a major source of inter-
model spread in GCM projections of anthropogenic climate change (Zelinka et al., 2020). Thus, a
key goal is to understand the relative importance of the underlying mechanisms. One leading
hypothesis is that cloud-phase changes cause clouds to optically thicken, producing a major
negative feedback (Storelvmo et al., 2015). However, there has not been a framework to rigorously
quantify this feedback, so its importance relative to other mechanisms has been unclear (cf. Tan et
al., 2016; Lohmann and Neubauer, 2018).

We address this challenge by developing a method to quantify the feedback from changes
in cloud scattering properties and emissivity that arise from changes in cloud-top phase. This
feedback component is dominated by changes in COT, but it also includes a smaller term from
changes in cloud single-scattering properties (g and w). The method is applied to six CMIP6-era
GCMs run with prescribed sea-surface temperature to investigate the contribution of cloud-phase
changes to the overall cloud feedback. The global mean of the net cloud scattering and emissivity
feedback from cloud-phase changes ranges from -0.17 to -0.01 W m K-!, while the overall net
cloud feedback ranges from 0.02 to 0.91 W m K! (Fig. 11). The multi-model mean of the cloud
scattering and emissivity feedback from cloud-phase changes is approximately 19% of the
magnitude of the multi-model mean of the overall cloud feedback. Thus, changes in cloud
scattering properties and emissivity from phase conversions cause a robust negative feedback that
makes a modest contribution to the overall cloud feedback at the global scale.

Although our findings clarify how phase conversions change cloud scattering and
emissivity, they do not quantify the extent to which phase conversions change cloud amount. Phase
conversions that replace ice-containing clouds with pure-liquid clouds are expected to reduce the
precipitation efficiency (Lutsko and Cronin, 2018). This, in turn, may extend cloud lifetimes and
increase the cloud amount (Miilmenstadt et al., 2021). Quantifying this feedback component is an
important next step for understanding the role of cloud-phase conversions in global climate

change.
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APPENDIX

Appendix A: Validation of the Cloud Radiative Kernel Method against GCM Radiative

Transfer Schemes

CRE is defined as the clear-sky upward radiative flux at the top of the atmosphere, R, minus
the all-sky upward radiative flux at the top of the atmosphere, Ry;. The all-sky flux can be

expressed as

Ry = [RcldCtot + Rclr(loo% - Ctot)]

100%
where R4 is the upward radiative flux at the top of the atmosphere averaged over the cloud-
covered portion of the domain. Substituting this relation into the definition of CRE and
differentiating yields

CRE' =

Ct:“ot(ﬁclr - Ecld) - Etoth,:ld] CtotRclr (Al)

1 1
100% ! 100%
where primes denote anomalies relative to the climatological annual cycle. The first term on the
right side represents the component of the anomalous CRE that is attributable to cloud anomalies
with non-cloud factors fixed. This term can be predicted by the cloud-radiative-kernel method.
The second term on the right side represents the component of the anomalous CRE that is
attributable to clear-sky radiative flux anomalies with clouds fixed.

We validate the kernel method based on its ability to predict monthly CRE anomalies that
arise from natural variability in the CTL simulations. For each latitude-longitude grid-box, the
average annual cycle is removed from all variables, and the anomalous CRE predicted by the

kernel method, CRE ¢, 1S computed as

7 7 3
CRE{(ernel = Z Z Z C thptl + 100% CTtotRélr'
p:

t=1i=1
CREj}¢ pe; is compared with the corresponding CRE anomalies from the GCM output, CRE;cy-
The comparison is restricted to the ice-free global ocean to minimize the magnitude of the
anomalous clear-sky radiative flux term on the right side of Eq. (A1). For each model, we combine
the data from all latitude-longitude-month grid-boxes and relate CREjqpe to CREGcy using

ordinary least-squares linear regression (Fig. Al). The squared coefficient of determination is at
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least 0.95 for SW CRE and at least 0.87 for LW CRE for the six GCMs, indicating a strong linear
relationship. Thus, bias in CRE predicted by the kernel method can be estimated as
(m — 1) X 100%, where m is the linear regression slope. The biases in SW CRE, LW CRE, and
net CRE averaged across the six CGMs are +14%, -8%, and +5%, respectively. The biases range
from +10% to +20% for SW CRE, -18% to -1% for LW CRE, and -1% to +17% for net CRE (Fig.
A1l). These values are comparable to biases estimated in previous cloud-radiative-kernel analyses
(Zhou et al., 2013; Ceppi and Gregory, 2017; Wall et al., 2022). Thus, the kernel method is

consistent with the radiative transfer models in the GCMs to within a typical degree of accuracy.
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Figure Al. Validation of the cloud radiative kernel method based on its ability to predict CRE anomalies from
natural variability in the CTL simulations. (a-f) Validation of SW CRE for GFDL, E3SMv2, NorESM2,
MIROC6, MIROCG6-PP, and CESM2, respectively. The anomalous CRE predicted by the kernel method
(CRE'kemer) 1s plotted as a function of the anomalous CRE from the GCM output (CRE’gewm). Joint histograms
are compiled from all latitude-longitude-month grid-boxes over the ice-free global ocean. Blue shading shows
counts per simulation year with a logarithmic color scale, and the black line shows the least-squares ordinary
linear regression fit. The regression slope (m) and squared coefficient of determination (R?) are printed on each

panel. (g-1) Similar to (a-f), but for LW CRE.

Appendix B: Comparison with other Cloud-Feedback Decompositions
Our method decomposes the cloud feedback into the six terms in Eq. (5) at each CTP bin.
This differs from conventional cloud-feedback decompositions, which have much coarser CTP
resolution or do not resolve feedback components by CTP at all (Taylor et al., 2007; Zelinka et al.,

2012b; Zelinka et al., 2013). For example, Zelinka et al. (2016; hereafter Z16) decomposed

36



824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847

feedbacks for low clouds and non-low clouds, defined by CTP > 680 hPa and CTP < 680 hPa,
respectively. They partitioned the cloud feedback in each of these CTP intervals into components
from changes in cloud amount, cloud altitude, and COT. We quantify the impact of the different
CTP resolution by comparing our feedback decomposition with that of Z16. For the Z16-based
estimates, a radiative kernel is computed following their method, and feedbacks are diagnosed
using a MODIS CTP-COT joint histogram for clouds of all phases. This ensures that differences
in the estimated feedback components are caused by differences in the mathematical framework
rather than differences in the input data (Section 2d). Low- and non-low-cloud feedbacks are
calculated with the method of Z16, and the corresponding feedbacks are calculated with our
method by vertically integrating the terms in Eq. (5) over the pressure intervals given by CTP >
680 hPa and CTP < 680 hPa. Finally, the cloud amount and altitude feedbacks from the Z16
decomposition are combined because our method cannot separate these terms (Section 2c). The
feedback estimates for low- and non-low clouds from the two methods are then directly
comparable to one another.

The global-mean net radiative feedback for non-low clouds agrees very well between the
two methods, but the partitioning into components differs slightly (Fig. Bla-c). The Z16 method
estimates a more-positive feedback from changes in cloud amount and altitude, and it estimates a
less-positive or more-negative feedback from changes in COT. These differences are
approximately +0.09 W m2 K-! and -0.07 W m2 K-! averaged across the six GCMs, respectively
(Z16 method minus our method). Furthermore, the two methods partition low-cloud feedbacks
very similarly because these clouds occupy only two CTP bins of the MODIS histogram (Fig. B1d-
f). Thus, our feedback decomposition agrees reasonably well with the conventional decomposition
of Z16, albeit with some differences for non-low clouds. A thorough discussion of how the cloud-

feedback decomposition depends on the CTP intervals chosen in the analysis can be found in Z16.
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Figure B1. Comparison of the feedback decomposition methods of this study and Zelinka et al. (2016) (Z16).
(a) Scatterplot of total feedback from non-low clouds computed with the two methods. Points show global-mean
net radiative feedbacks from the six GCMs, and the diagonal shows the one-to-one line. (b-c) Similar to (a), but
showing the feedback component from changes in the amount and altitude of non-low clouds and the feedback
component from changes in the COT of non-low clouds, respectively. (d-f) Similar to (a-c), but for low clouds.

Non-low clouds and low clouds are defined by CTP < 680 hPa and CTP > 680 hPa, respectively.

Appendix C: The COT Feedback of Tropical Ice-Topped Clouds

A notable result of our analysis is a positive feedback from optical thinning of ice-topped
clouds in the tropical upper troposphere (Fig. 8d). One possible explanation for this feedback is
that surface warming weakens the tropical overturning circulation (Jeevanjee, 2022). This is
expected to disproportionately reduce the amount of optically thick and intermediate ice clouds
detrained from deep convection, thereby causing the overall ice-cloud population to become
optically thinner (Sokol et al., 2024). Indeed, the simulated changes in tropical ice-topped clouds
are qualitatively consistent with this mechanism (Fig. C1).

Another possible contributing factor to the estimated ice-cloud COT feedback is associated

with rising cloud tops. As the surface warms, the highest ice-topped clouds shift upward,
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potentially changing the COT distribution at different pressure levels (Hartmann and Larson,
2002). For instance, consider the CTP interval between 0 hPa and 180 hPa. The strongest and
deepest convection will detrain clouds into this pressure interval in the CTL simulation. However,
as the atmosphere warms and clouds shift upward, weaker convection may detrain clouds into the
interval as well. The introduction of weaker convection could change the COT distribution in the
CTP interval between 0 hPa and 180 hPa and thereby contribute to the estimated COT feedback.
However, this would be better interpreted as part of the cloud-altitude feedback. To check for
evidence of this confounding factor, we perform two sensitivity tests in which the CTP bins in the
upper troposphere are merged prior to the feedback analysis. In one test the CTP bins between 180
hPa and 440 hPa are merged, and in a second test the CTP bins between 0 hPa and 310 hPa are
merged. The coarsening of the CTP bins reduces the magnitude of the estimated ice-cloud COT
feedback, and in two cases it even changes the sign (Fig. C2). This indicates that vertical shifts in
ice-topped clouds probably act as a confounding factor that exaggerates the magnitude of the
estimated ice-cloud COT feedback. This confounding factor could affect the estimated ice-cloud
COT feedback in the extratropics as well. Thus, this feedback component should be interpreted
with caution.

This limitation is a consequence of the fact that cloud feedbacks are decomposed separately
for each CTP bin. A common alternative choice is to first group all non-low clouds (CTP < 680
hPa) and then compute the feedback from changes in their COT distribution (Zelinka et al., 2016).
This approach avoids confounding factors in the estimated ice-cloud COT feedback from vertical
shifts in clouds. However, it has the disadvantage that changes in upper-tropospheric ice-topped
clouds and mid-tropospheric liquid-topped clouds could contribute to the estimated cloud-phase
feedback, even though these changes happen at different pressure levels and are not caused by one
phase replacing the other. We chose to quantify cloud feedbacks separately for each CTP bin to
quantify the cloud-phase feedback as accurately as possible. A more refined decomposition
method will be needed to separate the radiative feedbacks from changes in the amount, altitude,

and COT of upper-tropospheric ice clouds.
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903  Figure C2. Sensitivity tests for the COT feedback from ice-topped clouds (Axcor ice) in the tropics. “Main”

904  shows the feedback estimates presented in the main text. “Test 17 is a sensitivity test in which the CTP bins
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905  between 180 hPa and 440 hPa are merged prior to computing feedbacks. “Test 2 is similar to “Test 1~ except
906  that the CTP bins between 0 hPa and 310 hPa are merged. Feedbacks are averaged between 30°S and 30°N.
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