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Abstract. The radiative feedback pattern effect remains a large source of uncertainty for both projections of fu-
ture trends and interpretations of past trends in global temperature. The pattern effect is defined as the difference
in feedbacks between transient and long-term simulations, and past work shows that is primarily attributed to
changes in the marine low-cloud radiative feedback. Here we use low cloud meteorological kernels to map out
both the primary cloud controlling factors through which changing surface temperature patterns drive changes
in low-cloud feedback, as well as the sources of model spread. We find that the pattern effect is almost en-
tirely driven by changes in EIS in the Southern Hemisphere, particularly in the South East Pacific and Southern
Ocean. In both past and future simulations, inter-model spread is primarily caused by model differences in the
sensitivity of low clouds to the environmental conditions, rather than differences in the simulated evolution of
environmental conditions.

1 Introduction

The time-evolution of the net radiative feedback was first
identified within general circulation model (GCM) simula-
tions, where the feedback becomes less negative over time
after a forcing, such as a quadrupling of carbon dioxide con-
centration, is imposed, leading to an increase in climate sen-
sitivity (e.g. Senior and Mitchell, 2000; Held et al., 2010; An-
drews et al., 2012; Li et al., 2013; Andrews and Ringer, 2014;
Knutti and Rugenstein, 2015; Andrews et al., 2015; Armour,
2017; Proistosescu and Huybers, 2017; Rugenstein et al.,
2016, 2019, 2020). GCM experiments forced by abruptly
quadrupling CO2 show that warming is initially delayed
in certain regions, most notably the eastern tropical Pacific
and the Southern Ocean (e.g. Andrews et al., 2015; Heede

and Fedorov, 2021). On long time scales however, these re-
gions exhibit amplified warming. As these regions eventually
warm, they actuate more positive radiative feedbacks. This
evolution of the net radiative feedback as the pattern of sur-
face warming evolves is termed the “pattern effect” (Armour
et al., 2013; Andrews et al., 2015; Zhou et al., 2016, 2017;
Dong et al., 2019).

Estimates of Equilibrium Climate Sensitivity (ECS) need
to account for the pattern effect when translating the transient
net feedback calculated from present day observations into
an expected equilibrium feedback (Sherwood et al., 2020).
ECS can be estimated given knowledge of the forcing and
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feedback as:

ECS=
F2×

λeq
=

F2×

λhist+1λ
, (1)

where F2× is the radiative forcing associated with a dou-
bling of CO2, λeq is the net radiative feedback at equilib-
rium, λhist is the radiative feedback over the historical pe-
riod, and 1λ is the pattern effect-driven difference between
equilibrium and historical feedbacks. The magnitude of the
pattern effect, 1λ is thus usually quantified as the differ-
ence between an estimate of the equilibrium feedback drawn
from an abrupt4xCO2 simulation, and a historical feedback
estimated from either coupled historical simulations or his-
torical simulations with prescribed sea surface temperatures,
i.e., AMIP simulations (Andrews et al., 2022). Within mod-
els, 1λ is also often quantified as the difference between
the early and late part of an abrupt4xCO2 simulation (An-
drews et al., 2015). Observational estimates of ECS then
rely on adding a model-derived estimate of 1λ on top of
an observationally-derived estimate of λhist (Sherwood et al.,
2020).

Climate models exhibit large uncertainty in the magnitude
of the pattern effect – an uncertainty so large that it precludes
observational estimates on the upper bound of future warm-
ing (Sherwood et al., 2020; Armour et al., 2024). Instead, this
upper bound is largely constrained by paleoclimate informa-
tion. However, translating past warming into future warming
requires the use of models and is itself sensitive to model-
estimates of the pattern effect (Cooper et al., 2024). Thus, un-
derstanding the sources of model spread in the pattern effect,
and ultimately reducing that spread, is a major roadblock in
improving projections of future warming.

The change in the net feedback is primarily caused by
changes in the shortwave cloud radiative feedback associated
with marine low clouds (Andrews et al., 2015; Zhou et al.,
2016). The primary atmospheric mechanism posited is that
surface warming in regions of deep convection like the Indo-
Pacific Warm Pool warms the troposphere and thus increases
outgoing radiation through both the lapse rate feedback, and
through increases in low-cloud cover mediated by changes
in tropospheric stability. In contrast, warming in regions of
descent, like the eastern tropical Pacific, and other locations
like the Southern Ocean, generally has a more local effect on
top-of-atmosphere (TOA) radiation, and contributes to a less-
negative global feedback through both lapse rate and cloud
feedbacks (Dong et al., 2019; Zhou et al., 2016, 2017; Ceppi
and Gregory, 2017, 2019; Hedemann et al., 2022).

Here we evaluate the sources of model spread in the pat-
tern effect by mapping out the primary cloud controlling fac-
tors (CCFs) that drive low-cloud feedbacks under changing
surface temperature patterns. Using this framework, we build
on the work of Scott et al. (2020), Myers et al. (2021) (here-
after S20 and M21, respectively), and Myers et al. (2023) to
examine (1) the contributions of different CCFs to the cloud
feedback pattern effect under various past and future climate

change scenarios, (2) the major sources of feedback uncer-
tainty, and (3) how coupled model biases in the evolution of
historical SSTs lead to biases in the feedbacks as discussed
in Andrews et al. (2022).

Section 2 details the methodology, with subsections detail-
ing the GCM simulations used, CCF framework and choice
of CCFs, sensitivities of low-cloud radiative anomalies or
radiative effects to local meteorology – known as meteoro-
logical cloud radiative kernels, and the inter-model variance
analysis. Section 3 explains global feedback and the spatial
pattern quantified by meteorological kernels and the CCFs.
We summarize the results in Sect. 4.

2 Cloud Controlling Factors and the Meteorological
Cloud Radiative Kernels Framework

2.1 GCM Simulations

We use global climate model simulations from the Cou-
pled Model Intercomparison Project CMIP Phase 5 (Taylor
et al., 2012) and 6 (Eyring et al., 2016), totaling to 16 GCMs
(Table E1). We analyze atmosphere-only historical simula-
tions (AMIP), coupled historical simulations (historical), and
coupled simulations with abrupt-quadrupling of atmospheric
CO2 (abrupt-4xCO2).

The AMIP and historical experiments are both analyzed
over the 1982–2008 interval. While they both have forcing
constituents consistent with the historical record, they differ
in their boundary conditions and active components: AMIP
is an atmosphere-only simulation with prescribed sea surface
temperature and sea ice concentration variations, and the his-
torical experiment has both ocean and atmosphere compo-
nents active. While globally-averaged SST trends in coupled
models are broadly consistent with observations, they strug-
gle to precisely reproduce trends in historical SST patterns
(Dong et al., 2021; Wills et al., 2022). Whether or not the
observed patterns are consistent with the magnitude and pat-
terns of natural variability in coupled models depends on the
precise metric, interval, and region of focus. Some studies
find the observed pattern consistent with modeled variabil-
ity (Olonscheck et al., 2020; Watanabe et al., 2021), while
others find it inconsistent (Wills et al., 2022; Rugenstein
et al., 2023a). It is also possible that the discrepancy between
AMIP and coupled historical simulations arises from the fail-
ure of coupled models to adequately simulate the forced re-
sponse (e.g. Wills et al., 2022). A number of mechanisms
have been proposed as explaining the observed cooling in
the Pacific and the failure of models to do so, such as the dy-
namical thermostat (Clement et al., 1996), cold tongue biases
(Seager et al., 2019), aerosols (Heede and Fedorov, 2021), or
teleconnections from the Southern Ocean (Dong et al., 2022;
Kang et al., 2023). Yet another possibility is that of errors
in the SST reconstruction used in AMIP simulations (Modak
and Mauritsen, 2023). The reason for this discrepancy is still
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an active area of research (e.g. reviews by Rugenstein et al.,
2023b; Watanabe et al., 2024).

In this study we focus on the differences in atmospheric
response between different simulations, and are therefore ag-
nostic to the root causes of the SST patterns and their discrep-
ancy. Observational estimate of the historical radiative feed-
back λhist will also contain both forced and unforced compo-
nents, and thus differences between AMIP simulations and
long term feedbacks λeq provide the best model analog for
the expected magnitude of the pattern effect (Sherwood et al.,
2020; Andrews et al., 2022).

We also use the idealized abrupt-4xCO2 experiment to
evaluate how future feedbacks will evolve as warming pat-
terns change over time. Abrupt-4xCO2 is a coupled ocean-
atmosphere simulation wherein atmospheric CO2 concentra-
tion is abruptly quadrupled at the initiation of the run and
then kept constant for the entire duration of the run, which is
typically 150 years long. All other forcings are kept at pre-
industrial levels. We separate the first 20 and latter 130 years
as an analog to the fast and slow climate response as follow-
ing, e.g., Andrews et al. (2015) and Dong et al. (2020), and
refer to these two intervals as 4xCO2-fast and 4xCO2-slow.

2.2 Cloud Controlling Factors

Inter-model spread in the total feedback estimates can be
largely explained by the spread in marine low cloud feed-
backs (Bony and Dufresne, 2005; Zelinka et al., 2020). To
understand the drivers of marine low cloud feedbacks and at-
tendant sources of uncertainty, we use the Cloud Controlling
Factor (CCF) framework (e.g. review by Klein et al., 2017).
The CCF framework partitions the low-cloud feedback into
the product of the sensitivities of low-cloud radiative fluxes
to a number of local CCFs indicative of local meteorology,
and the changes in these local CCFs with global temperature
change. The marine low cloud feedback can thus be written
as:

λlow =
dRlow

dTg
=

∑
i

∂Rlow,i

∂CCFi

dCCFi
dTg

, (2)

where Rlow represents local anomalies in the low-cloud
radiative effect as will be discussed below, Tg represents
global-mean temperature, and thus dRlow/dTg represents lo-
cal low-cloud feedbacks. ∂Rlow,i/∂CCFi represent the ra-
diative sensitivities of low-clouds to each CCF, i, and are
known as the meteorological cloud radiative kernels (Scott
et al., 2020; Myers et al., 2021). Finally, dCCFi/dTg are the
magnitude of CCFs to global surface temperature change. All
terms in Eq. (2) are a function of latitude and longitude, ex-
cept Tg. The global-mean low-cloud feedback can be esti-
mated by summing all local responses. Since the meteoro-
logical kernels are local, they are invariant to changes in the
pattern of surface warming. The impact of warming patterns
shows up in the local changes of CCFs to global warming,

with different warming patterns yielding different values for
dCCFi/dTg.

Changes in CCFs with temperature, dCCFi/dTg, are cal-
culated by computing a linear trend in the CCF and a linear
trend in temperature, and then dividing the two. We choose
this approach over the standard approach of regressing CCFs
directly against temperature due to recent work showing that
the standard approach strongly aliases natural variability into
feedback estimates (Lin et al., 2025). While pattern effects
associated with natural variability are interesting in their own
right (Proistosescu et al., 2018), our focus here is on feed-
back differences between transient and long-term warming
induced by external forcing.

The 6 CCFs chosen in this study follow Scott et al. (2020)
and Myers et al. (2021, 2023) and include sea surface tem-
perature (SST), estimated inversion strength (EIS) – a mea-
sure of lower tropospheric stability, horizontal surface tem-
perature advection (Tadv), relative humidity at 700 hPa (RH),
vertical velocity at 700 hPa (ω), and near-surface wind speed
(WS). Prior work has documented in-depth how CCFs im-
pact marine boundary layer cloudiness, covering all 6 CCFs
using theory, models, and observations (Myers and Nor-
ris, 2015; Scott et al., 2020; Cesana and Del Genio, 2021;
Bretherton, 2015), or focusing on specific CCFs (Lilly, 1968;
Cesana and Del Genio, 2021).

2.3 Meteorological Cloud Radiative Kernels

Low-cloud meteorological cloud radiative kernels are the
sensitivities of low cloud radiative effects to local perturba-
tions from the large-scale environment, and have been used
to provide observationally constrained estimates of the net
low-cloud feedback and of the low-cloud feedback pattern
effect (Myers et al., 2023). Since marine boundary layer
clouds respond to large-scale environmental changes on the
timescale of hours to days, there is sufficient data in the satel-
lite record to derive these kernels from observations (Lewis
et al., 2023; Mauger and Norris, 2010; Pincus et al., 1997;
Scott et al., 2020).

Low-cloud fraction perturbations from either observa-
tional product (S20) or climate models (M21) are first con-
volved with the radiative flux sensitivities to cloud frac-
tion perturbations, known as cloud radiative kernels (Zelinka
et al., 2012; Zhou et al., 2013), to obtain time series of
monthly low-cloud radiative anomalies (Rlow). Meteorolog-
ical cloud radiative kernels, (dRlow/dCCFi), are then calcu-
lated through multi-linear regression of the Rlow anomalies
onto the CCFs.

The GCM-based kernels used in this study are derived by
M21 using the same 7 CMIP5 models and 9 CMIP6 mod-
els detailed in Table E1, primarily determined by the avail-
ability of cloud fraction histograms produced by the Interna-
tional Satellite Cloud Climatology Project (ISCCP) simula-
tor (Bodas-Salcedo et al., 2011). Observational kernels de-
rived by S20 used cloud properties and radiation data from
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NASA Clouds and the Earth’s Radiant Energy System Flux
by Cloud Type dataset (CERES-FBCT) (Doelling, 2020), the
Collection 6.1 of the MODIS cloud products (MODIS) (Plat-
nick and Yang, 2015), International Satellite Cloud Climatol-
ogy Project (ISCCP) (Rossow et al., 2017), and the Advanced
Very High-Resolution Radiometer Pathfinder Atmospheres
Extended (PATMOS-x) (Heidinger et al., 2014). Variations in
meteorological fields are derived from the European Center
for Medium-Range Weather Forecasts (ECMWF) Reanalysis
v5 (ERA5) (Hersbach et al., 2019a, b). The National Oceanic
and Atmospheric Administration (NOAA) Optimum Inter-
polation (OI) product is used for the monthly SST fields
(Huang et al., 2021). These radiative sensitivities to the large-
scale environment cover the oceans over 60° N to 60° S at a
5°-by-5° scale. Further details of derivation and physical in-
terpretation of these kernels are described in detail in S20
and M21, respectively.

2.4 Inter-model Variance Partition

To understand the sources of inter-model spread in the to-
tal low-cloud feedback, we decompose Eq. (2) in terms of
the model ensemble mean and deviations from the ensemble
mean:

dRlow

dTg
=

∑
i

∂Rlow,i

∂CCFi

dCCFi
dTg

=

∑
i

(
∂Rlow,i

∂CCFi
+

(
∂Rlow,i

∂CCFi

)′)
(

dCCFi
dTg

+

(
dCCFi

dTg

)′)
(3)

where the x notation represents the model ensemble mean,
and the x′ represents model-specific anomalies from the
ensemble mean. We can estimate the low-cloud feedback
dRlow/dTg inter-model variance as below:

Var
[

dRlow

dTg

]
= Var

(∑
i

[(
∂Rlow,i

∂CCFi

)′(dCCFi
dTg

)])

+Var

(∑
i

[(
∂Rlow,i

∂CCFi

)(
dCCFi

dTg

)′])
+ ε. (4)

Equation (4) quantifies how much of the total low-cloud
feedback spread comes from, respectively, the model spread
in the cloud radiative sensitivity to changes in CCFs, and the
model spread in how GCMs simulate changes in CCFs in
response to warming. ε is a residual term due to potential
covariance between the radiative flux sensitivity to meteo-
rology and the meteorology, or between the sensitivities of
different CCFs. An observationally-based set of meteorolog-
ical kernels can also be used in place of the model ensemble
mean kernels.

3 Global and Regional Cloud Feedback Patterns

3.1 Global Feedback

Figure 1 presents the kernel estimate of the total marine low-
cloud feedback and the contributions from each CCF. From
the top to bottom, panels show the feedback calculated with
(a) both kernels (∂Rlow/∂CCFi) and changes in meteorolog-
ical fields (dCCFi/dTg) derived from models, showing the
total model-spread in low-cloud feedbacks; (b) observation-
ally constrained kernels with model-specific changes in me-
teorology, showing the contribution to model spread from
uncertainty in the meteorology and (c) model-specific ker-
nels and multi-model mean changes in meteorology, show-
ing the contribution to model spread from uncertainty in
kernels. A near-global marine low cloud feedback is com-
puted using spatially-weighted averages of Eq. (2) across the
oceans between 60° N–60° S, following S20 and M21. The
color of the markers represents the different experiments, the
red diamond indicates the multi-model mean, and the black
line shows the ensemble standard deviation (1σ ). The inter-
experiment total low-cloud feedback mean values and stan-
dard deviation are included in Table F1.

3.1.1 Ensemble Mean Results: Drivers of Low-cloud
Feedback

We find the model ensemble mean results (red markers
in Fig. 1a) have a negative (stabilizing) marine low-cloud
feedback in the AMIP experiments; historical have a near-
zero feedback, 4xCO2-fast have a weakly positive feedback,
while 4xCO2-slow have a slightly more positive feedback.
These feedback estimates come with a large model spread
that often crosses zero. However, individual models show
similar differences between experiments as the ensemble
mean, suggesting a consistent sign of the pattern effect across
models.

Across the three experiments indicative of transient warm-
ing (AMIP, historical, 4xCO2-fast) the total marine low-
cloud feedback is determined by a compensation between
a negative contribution from EIS and positive contributions
from SST and RH. On long time scales (4xCO2-slow) both
the EIS and RH components are nearly zero, with the total
feedback thus being determined almost entirely by the SST
component. The other three CCFs, Tadv, ω, and WS have near
zero contributions in the global-mean.

The SST component is roughly constant across experi-
ments. The EIS component is very strongly negative in AMIP
simulations, with its value becoming progressively less neg-
ative in the coupled historical and 4xCO2-fast experiments.
The contribution of RH is small but not insignificant in the
AMIP and historical experiments and is nearly zero in both
4xCO2 experiments. The ensemble mean total low-cloud
feedback is slightly negative in the historical experiment, but
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is slightly positive in the fast-response of the 4xCO2 experi-
ment.

3.1.2 Ensemble Mean Results: The Pattern Effect

The pattern effect contribution to the marine low cloud con-
tribution can be computed as the difference in the feedback
estimate between 4xCO2-slow and the other three experi-
ments that represents the transient feedback.

All panels in Fig. 1 show that the marine low-cloud feed-
back becomes less negative going from transient AMIP,
historical, and 4xCO2-fast simulations to the 4xCO2-slow
simulation representative of the long-term response. Our
kernel-derived estimates are thus consistent with past liter-
ature on the pattern effect, suggesting the low-cloud feed-
back evolves to be less negative over time (Andrews et al.,
2015, 2018, 2022; Myers et al., 2023), and changes in EIS
are an important component to this evolution (Ceppi and
Gregory, 2019). The kernel approach allows us to quan-
tify which cloud controlling factor drives the pattern effect.
We find that the pattern effect is driven almost entirely by
changes in the EIS component of the feedback. Both ensem-
ble means and most individual models agree that EIS com-
ponents are strongly negative in AMIP and historical exper-
iments, and weakly negative in 4xCO2-fast, eventually be-
coming near zero on long time scales in 4xCO2-slow. The
SST-component is similar in magnitude across all experi-
ments, which means it has a minimal contribution to the pat-
tern effect. The RH-component becomes less positive in the
4xCO2-slow compared to the transient simulations, leading
to a small compensation of the much larger EIS-induced pat-
tern effect.

It is worth noting the difference in feedbacks between
AMIP and the coupled simulations. Observed transient SST
patterns drive both a slightly less positive SST-induced feed-
back and a more negative EIS-induced feedback (AMIP, in-
dicated by yellow markers) than their coupled-model coun-
terparts (historical and 4xCO2-fast, indicated by blue and
magenta markers) in Fig. 1. This is consistent with the hy-
pothesis that coupled models have large systematic biases in
equatorial Pacific SST patterns, where they are unable to re-
produce the strengthening of the equatorial Pacific SST gra-
dient and Walker Circulation as in observations (Wills et al.,
2022). The weaker SST gradient in coupled-models gener-
ates a much weaker EIS signal (Dong et al., 2019).

Cloud feedback components attributable to other CCFs
(Tadv, ω, WS) have much smaller magnitudes or are near zero
across experiments, contributing very little to the total low-
cloud feedback in each experiment and the pattern effect.

3.1.3 Ensemble Mean Results: Observationally
Constrained Low-cloud Feedback and Pattern
Effect Estimates

We also show estimates of observationally constrained
marine-low cloud feedbacks using CERES-FBCT kernels in
Fig. 1b, and MODIS, ISCCP and PATMOS-x products in
Fig. A1, and their magnitudes in Table F1. The overall be-
havior of the total feedback and its components using obser-
vational kernels is similar to that using model-specific ker-
nels.

All results using observationally-derived kernels suggest a
weak negative total low-cloud feedback in the historical ex-
periment, except results calculated with the PATMOS-x ker-
nels (Fig. A1c). 4xCO2-fast and 4xCO2-slow total-low cloud
feedback estimates are consistent across kernel choices, are
near-zero and positive respectively. While the overall be-
havior stays the same, the magnitudes of observationally-
constrained feedback are sensitive to the choice of ker-
nels, particularly in the AMIP simulations. For example, the
ensemble-mean transient total low-cloud feedback in AMIP
ranges from ∼ −1 Wm−2 K−1 using MODIS-kernels to ∼
−0.25 Wm−2 K−1 using PATMOS-x kernels (Fig. A1a, c and
Table F1).

The magnitude of the pattern effect is also sensitive
to the choice of observational kernels. For instance, EIS-
driven pattern effect estimates from models (0.69, 0.45,
0.16 Wm−2 K−1 for AMIP, historical and 4xCO2-fast) are
close to those derived with PATMOS-x kernels (0.49, 0.42,
0.18 Wm−2 K−1). However, the full range of observational
estimates of EIS-driven pattern effect ranges from 0.69–1.13,
0.42–0.71, and 0.18–0.31 Wm−2 K−1, where PATMOS-x
kernel results are on the lower end across the observation-
ally constrained estimates. This difference in radiative flux
sensitivities to meteorology can be attributable to the choice
of the observational dataset, which is elaborated in Sect. 4.
Our results do not suggest a single best choice of kernel but
instead calls for future work to improve the agreement on the
meteorological kernels between observations, which is criti-
cal for constraining the low-cloud feedback pattern effect.

3.1.4 Inter-model Spread

We can qualitatively attribute the inter-model spread in the
marine low-cloud feedback and its subcomponents to either
the radiative flux sensitivities to meteorology (kernels) or
the meteorological changes under warming. Figure 1b shows
feedback estimates with model-specific changes in mete-
orology (dCCF/dTg), but replacing model-specific kernels
(∂Rlow/∂CCF) with CERES-FBCT observational kernels.
Figure 1c shows feedback estimates with model-specific ker-
nels, but replacing model-specific changes in meteorology
with the ensemble-mean. The comparison of the spread of
markers in the two calculations with Fig. 1a is indicative of
the inter-model spread in the environmental response per unit
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Figure 1. Marine-only, spatially-weighted averages of 60° N–60° S low-cloud feedback estimates and its sub-components using (a) model-
specific radiative flux sensitivities to meteorological changes (∂Rlow/∂CCF) and model-specific meteorological changes to warming
(dCCF/dTg), (b) radiative flux sensitivities to meteorology observationally constrained with the CERES-FBCT product and model-specific
meteorological changes, and (c) model-specific radiative flux sensitivities to meteorology and ensemble-averaged meteorological changes.
Each marker represents one model estimate, where the model-ensemble average and ensemble standard deviation (1σ ) are illustrated by the
red diamond and the black line respectively.

warming only (Fig. 1b), or the model spread in the sensitiv-
ities of low cloud radiative fluxes to their local environment
(Fig. 1c).

Overall, models have less disagreement on CCF responses
to warming than the radiative flux sensitivities to CCF
changes. The CCF decomposition shows that the vast ma-
jority of the uncertainty in both the net marine low cloud
feedback and the pattern effect comes from uncertainty in

how marine low clouds respond to their local environment
(i.e. model spread in kernels, Fig. 1c). By comparison, the
model uncertainty in how meteorology changes with warm-
ing is much smaller (i.e model spread in CCF changes,
Fig. 1b), with the notable exception of the historical experi-
ment. These results hold if the CERES-FBCT observational
kernels are replaced with either the ensemble mean kernels
or other observational kernels (Fig. A1). In terms of specific

Atmos. Chem. Phys., 26, 4289–4311, 2026 https://doi.org/10.5194/acp-26-4289-2026



R. Y. S. Tam et al.: Meteorological drivers of the low-cloud radiative feedback pattern effect 4295

CCFs, the largest sources of uncertainty are the sensitivities
of clouds to SST and EIS, with smaller contributions from
RH and WS, and negligible contributions from Tadv and ω.
The fact that models have less uncertainty in the response of
CCF to warming has been an underlying assumption of the
approach since it’s inception (Klein et al., 2017; Brient and
Schneider, 2016; Qu et al., 2015; Myers and Norris, 2016).
However, this is, to our knowledge, the first time the relative
uncertainties have been quantified.

The positive extremes (upper limit) of total low-cloud
feedback estimates can be attributed to models having higher
radiative flux sensitivities to SSTs, such as MIROC-ESM
(CMIP5) and CanESM5 (CMIP6). This suggests that con-
straining the sensitivity of marine low-clouds to SSTs is key
to estimating the upper limit of the total low-cloud feedback.

In contrast, the negative extremes (lower limit) of the tran-
sient total low-cloud feedback inter-model spread in Fig. 1a
is attributable to EIS-induced feedback across all experi-
ments representative of the rapid response (AMIP, historical
and 4xCO2-fast), portrayed by the yellow, blue and magenta
markers in the EIS columns. Estimates of low-cloud feed-
back for AMIP, historical and 4xCO2-fast in the EIS column
are negative across choice of meteorological kernels and me-
teorology (Figs. 1 and A1), implying that all models agree
EIS will induce a stabilizing transient feedback, but the mag-
nitude range of the negative feedback, and thus of the pattern
effect, remains large.

The only experiment where uncertainty in meteorology
is comparable with uncertainty in radiative sensitivity is the
coupled historical experiment. In particular, there is a large
model spread in the dEIS/dTg term in historical experiments
(Fig. 1b, EIS column). The same spread is not observed in the
AMIP experiments that are all run with the identical SST pat-
terns. These results suggest differences in dEIS/dTg across
the coupled experiments likely come from differences in how
the different SST patterns drive different patterns of atmo-
spheric circulation. It is worth noting that differences in SST
patterns across coupled models do not drive big differences
in the direct SST response (Fig. 1b, SST column).

Finally, we note that while inter-model variance becomes
much smaller when using observational kernels, the estimate
of the marine low-cloud feedback estimates is very sensitive
to the choice of observational kernels (Fig. A1). It is also
possible that the inter-model spread in CCF-response in cou-
pled models may be higher in the entire CMIP5 and CMIP6
ensemble, compared to the subset of 16 models with ISCCP
simulator output that were used here.

3.2 Regional Patterns

In this section, we analyze the spatial distribution of CCF-
specific changes under warming and their induced low-cloud
feedback. Figure 2 shows the ensemble mean changes of
cloud-controlling factors per unit warming, dCCFi/dTg, and
Fig. 3 shows the low-cloud feedback induced by individual

cloud-controlling factors across experiments. We only show
the feedback attributed to SST and EIS in the main figures for
their larger role in driving the total low-cloud feedback and
the low-cloud feedback pattern effect. The results for Tadv,
RH, ω, and WS are shown in Figs. B1 and C1.

The three transient simulations show more warming in the
West Pacific and either cooling (in AMIP) or less warming
(in historical and 4xCO-fast) in the Southeast Pacific and
Southern Ocean, which eventually transitions to more warm-
ing in the East Pacific and Southern Ocean on long-time
scales (4xCO2-slow). Despite these regional differences in
SST, the direct contributions of SSTs to the low cloud feed-
back, dRSST, are quite similar across coupled experiments
(Fig. 3). The AMIP simulation does show some significant
regional differences for dRSST especially in the North and
Equatorial Pacific, but these cancel each other out when look-
ing at zonal-mean (Fig. 3i) and global values (Fig. 1).

The different regional SST changes do, however, drive sig-
nificant differences in marine low-cloud feedback through
their impact on EIS patterns (Fig. 2 b, d, f, h, j). EIS pat-
terns go from exhibiting a strengthening of the inversion with
global warming in the South East Pacific and the Southern
Ocean in transient and historical simulations (AMIP, histori-
cal, 4xCO2-fast) to a weakening of the inversion with global
warming in long term 4xCO2-slow.

Overall, the changes in dREIS that dominate the pattern
effect are primarily driven by the progressive weakening of
the inversion in the low latitudes and in the South East Pacific
between transient and long-term simulations (Fig. 3b, d, f, h,
j). While the Northern Hemisphere exhibits strong regional
changes in EIS and dREIS, these mostly cancel each other
out in the zonal means (Fig. 3j).

Note that while the AMIP and coupled historical simula-
tions share qualitative patterns of meteorology (e.g. Fig. 2a,
c and b, d) and CRE changes (e.g. Fig. 3a, c, and b, d), it is
clear that coupled simulations struggle to replicate observed
warming pattern and subsequent changes in meteorology and
feedbacks. Large regional differences compensate each other
in the SST component, such that zonal-mean and global-
mean differences are negligible for dRSST. However, these
biases in SST patterns drive large biases in regional EIS,
which in turn drive large biases in dREIS, that persist into
the zonal- and global-means. Due to these biases in dREIS,
the transient low-cloud feedback in the coupled historical
simulations is therefore biased towards more positive val-
ues compared to the low-feedback obtained when prescrib-
ing observed SST patterns (AMIP) simulations. Holding the
assumption that the 4xCO2-slow response is representative
of the future low-cloud response, using the coupled histor-
ical simulation would under-estimate the magnitude of the
pattern effect, 1λ.

Following Eq. (4), Fig. 4 shows inter-model spread in re-
gional feedback estimates. Var(dR) depicts the model spread
of the total marine low-cloud feedback, Var(( ∂R

∂CCF )′dCCF)
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Figure 2. Spatial distribution and zonal averages of (a–e) SST and (f–j) EIS changes per degree warming in AMIP, historical, abrupt-4xCO2-
fast, and abrupt-4xCO2-slow experiments. Maps of Tadv, RH, ω, and WS are shown in. Figure B1 in the Appendix.

depicts the spread of model kernels, and Var( ∂R
∂CCF dCCF′) de-

picts the spread of meteorological condition changes, and the
last column illustrates the residual term in the decomposition
due to covariances between the first two terms.

As expected from the global analysis, there is high model
agreement that most regional variance in the total feedbacks
comes from the meteorological kernels (Fig. 4b, f, j, n), with
the variance pattern in the model kernels largely mirroring

the pattern in the total feedback variance (Fig. 4a, e, i, m).
Results from Historical also have a high inter-model vari-
ance in the CCF changes per unit warming and covariance
between the two terms, caused by the EIS-component as seen
in Sect. 3.1 and Fig. D2 in the Appendix. The regions with
the largest spread in Var(dR) are those with abundant ma-
rine low clouds. The central and eastern Pacific and tropical
North Atlantic Ocean have low model agreement, with inter-
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Figure 3. Spatial distribution and their zonal averages of ensemble mean (a–e) SST- and (f–j) EIS-induced feedback in AMIP, historical,
abrupt-4xCO2-fast, and abrupt-4xCO2-slow experiments. Low-cloud feedback estimates are calculated using model-specific radiative flux
sensitivities to CCFs and model-specific CCFs. Maps of Tadv, RH, ω, and WS are shown in Fig. C1 in the Appendix.

model variance being dominated by the SST and EIS kernels
(Figs. D1–D6).

4 Summary and Conclusion

In this paper we identified changes in EIS (Fig. 1a) in the
Southeast Pacific and Southern Ocean (Fig. 3j) as the largest

contribution to the marine low-cloud pattern effect, where
the pattern effect is defined as the difference in feedback
between transient and long-term warming. Surprisingly, we
find that large regional changes in the direct impact of SSTs
on low clouds, dRSST cancel each other out in the global
mean. Thus, the time-evolving SST patterns impact the radia-
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Figure 4. Spatial distribution of (from left column to right) the total low-cloud feedback inter-model spread, and the breakdown of each term
on the right-hand-side of Eq. (4): variance determined by the radiative flux sensitivities to CCF alone, variance determined by CCF changes
from warming alone, and the covariance (ε) between the low-cloud meteorological kernels and the meteorology for each experiment, which
is the difference between the first column and the sum of the second and third column from left to right. From top to bottom row shows the
experiments: (a–d) AMIP, (e–h) historical, (i–l) abrupt-4xCO2-fast and (m–p) abrupt-4xCO2-slow. Spatial distribution for the inter-model
spread for each CCF-induced feedback are shown in Figs. D1–D6 in the Appendix.

tive feedback indirectly, by altering atmospheric circulation
and EIS.

Transient warming patterns are characterized by a
strengthening of the inversion in the Southeast Pacific and
Southern Ocean, which leads to a strong negative EIS-
induced feedback. As the warming pattern evolves, EIS
changes in these regions go from positive to negative, indicat-
ing an eventual weakening of the inversion, and a subsequent
switch to a positive feedback in these regions.

Of the other CCFs, SST has a large contribution to the total
marine low-cloud feedback, but that contribution is constant
across experiments, leading to a negligible contribution to
the pattern effect. RH changes between historical and long-
term experiments suggest a small compensation of the EIS-
induced pattern effect, while Tadv ,ω, and WS have negligible
contribution to both the net feedback and the pattern effect.

Additionally, we show that the majority of the uncertainty
in the simulated low-cloud CRE lies in the model sensitiv-
ity of marine low clouds to environmental conditions, i.e. the
meteorological kernels. However, a non-trivial amount of un-
certainty does come from inter-model spread in how coupled
models simulate historical changes in EIS. Since the spread
in EIS is smaller for AMIP simulations with prescribed SSTs,
the spread in EIS response in the coupled models must ul-
timately come from how coupled models simulate SST pat-
terns, rather than the direct response of EIS to historical forc-
ing. The impact of these differences in SST patterns on feed-
backs is indirect, and shows up in the EIS-driven component,
not in the SST-driven component.

Our results suggest that while model estimates are broadly
consistent with observations, model-based kernels tend to
underestimate the strength of the pattern effect relative to
satellite-derived kernels. Considerable spread remains across
estimates derived with observational meteorological kernels
(Fig. A2), due to the differences in instrument capabili-
ties, cloud detection algorithms and selection of cloud re-
trievals in each observational dataset (e.g. Stubenrauch et al.,
2013; Minnis et al., 2011). For example, ISCCP uses IR-
VIS methods to provide cloud properties that correspond to
the radiative mean from both high and low clouds and tend
to misidentify high clouds that overlay low clouds and re-
turn biased-high mid-level cloud amounts. MODIS, CERES-
FBCT and PATMOS-x products retrieve high cloud proper-
ties using IR methods, but distinct biases remain. Using all
four observational kernels therefore provides a comprehen-
sive range of low cloud amounts and the resulting feedback
and pattern effect estimates. However, additional observa-
tions will remain pivotal in narrowing the range of radia-
tive sensitivities to meteorology. Regardless, the inter-model
spread in the magnitude of the pattern effect is much less
than the spread in the net feedbacks (see comparison between
(Figs. 3a, b and D1a, b, and c).

This work helps pinpoint the two main areas of future
work needed to improve estimates of both the net marine
low-cloud feedback and the pattern effect: a better constraint
on the low-cloud response to inversion strength, and im-
proved ability of coupled models to simulate historical SST
patterns.
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Appendix A: Global feedback estimates calculated
with meteorological kernels derived from other
observations – MODIS, ISCCP, and PATMOS-x

Figure A1. Marine-only, spatially-weighted averages of 60° N–60° S low-cloud feedback estimates and its sub-components calculated with
radiative flux sensitivities to meteorology (∂R/∂CCF) derived from (a) MODIS, (b) ISCCP, (c) PATMOS-x products, and (d) multi-model
mean and model-specific meteorological changes (∂CCF/∂Tg). Each model is represented by an individual marker.
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Figure A2. Marine-only, spatially-weighted averages of 60° N–60° S low-cloud feedback estimates and its sub-components calculated with
radiative flux sensitivities to meteorology (∂R/∂CCF) derived from CERES, MODIS, ISCCP, and PATMOS-x products, and ensemble-
averaged meteorological changes (∂CCF/∂Tg). Each observational kernel is represented by an individual marker.

Appendix B: Spatial maps of changes in subsidence
(ω), and surface wind speed components (WS) for
AMIP, historical, abrupt-fast and abrupt-slow
experiments.

Figure B1. Spatial distribution and their zonal averages of (a–e) Tadv, (f–j) RH, (k–o) ω, and (p–t) WS changes per degree warming in
AMIP, historical, abrupt-4xCO2-fast, and abrupt-4xCO2-slow experiments. Yellow, blue, magenta and green lines in the zonal average plots
represent AMIP, historical, 4xCO2-fast, and 4xCO2-slow experiments.
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Appendix C: Spatial maps of cloud feedback
changes induced by changes in subsidence (ω), and
surface wind speed components (WS) for AMIP,
historical, abrupt-fast and abrupt-slow experiments.

Figure C1. Spatial distribution and their zonal averages of (a–e) Tadv-, (f–j) RH-, (k–o) ω-, and (p–t) WS-induced feedback in AMIP, his-
torical, abrupt-4xCO2-fast, and abrupt-4xCO2-slow experiments. Yellow, blue, magenta and green lines in the zonal average plots represent
AMIP, historical, 4xCO2-fast, and Slow experiments. Colorbar limits are tightened to better reflect the spatial pattern of the CCF-induced
low-cloud feedback.
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Appendix D: Variances from feedback induced by
individual CCFs.

Figure D1. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to SST-induced feedback.

Figure D2. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to EIS-induced feedback.
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Figure D3. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to Tadv-induced feedback.

Figure D4. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to RH-induced feedback.
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Figure D5. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to ω-induced feedback.

Figure D6. Same as Fig. 4 on the spatial distribution of variance for each term in Eq. (4) specific to WS-induced feedback.
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Appendix E: CMIP Model Datasets Used

Table E1. References and the period used for each experiment from CMIP 5 and 6.

AMIP (1982/01–2008/12) Historical (1982/01–2008/12) 4xCO2 (Year 1–150)

MIP Era Model Name References

CMIP 6

CanESM5 Swart et al. (2019a) Swart et al. (2019b) Swart et al. (2019c)
E3SM-1-0 Bader et al. (2019a) Bader et al. (2019b) Bader et al. (2019c)
GFDL-CM4 Guo et al. (2018a) Guo et al. (2018b) Guo et al. (2018c)
HadGEM3-GC31-LL Ridley et al. (2019a) Ridley et al. (2019b) Ridley et al. (2019c)
IPSL-CM6A-LR Boucher et al. (2018a) Boucher et al. (2018b) Boucher et al. (2018c)
MIROC-ES2L Hajima et al. (2020) Hajima et al. (2019a) Hajima et al. (2019b)
MIROC6 Tatebe and Watanabe (2018a) Tatebe and Watanabe (2018b) Tatebe and Watanabe (2018c)
MRI-ESM2-0 Yukimoto et al. (2019a) Yukimoto et al. (2019b) Yukimoto et al. (2019c)
UKESM1-0-LL Tang et al. (2019a) Tang et al. (2019b) Tang et al. (2019c)

CMIP 5

CCSM4 Gent et al. (2011)

CanESM2 (CanAM4) Von Salzen et al. (2013)

HadGEM2-ES

Bellouin et al. (2007),
Collins et al. (2008),
Martin et al. (2006),
Johns et al. (2006),
Ringer et al. (2006)

MIROC-ESM Watanabe et al. (2011)

MIROC5 Watanabe et al. (2010)

MPI-ESM-LR Raddatz et al. (2007)

MRI-CGCM3 Yukimoto et al. (2011)

Appendix F: Summary of Near-global Total
Low-cloud Feedback Estimates

Table F1. Values for the ensemble mean (red diamonds in Figs. 1 and A1) of near-global total low-cloud feedback estimates and their
1σ standard deviation (SD) per experiment calculated with various calculation combinations of radiative flux sensitivities to meteorology
(∂R/∂CCF) and meteorological changes under warming (dCCF/dTg). Each row represents a combination, where mod stands for model-
specific and modelavg stands for ensemble mean. For example, mod×mod represents the product of model-specific kernels and model-
specific meteorology, modelavg×mod stands for ensemble mean kernels and model-specific CCFs. In the last row, Mean and SD are the
average feedback and standard deviation in each experiment across all 7 feedback calculation methods.

Feedback AMIP Hist Fast Slow
(Wm−2 K−1)

Mean SD Mean SD Mean SD Mean SD

mod×mod −0.37 0.39 −0.04 0.44 0.13 0.36 0.29 0.34
mod×modelavg −0.34 0.42 −0.01 0.46 0.13 0.38 0.28 0.36
modelavg×mod −0.35 0.08 0.01 0.21 0.13 0.09 0.29 0.09
CERES×mod −0.60 0.08 −0.07 0.28 0.13 0.10 0.38 0.10
MODIS×mod −0.95 0.13 −0.27 0.42 0.02 0.15 0.35 0.13
ISCCP×mod −0.61 0.13 −0.01 0.30 0.19 0.13 0.44 0.13
PATMOS×mod −0.23 0.12 0.23 0.26 0.33 0.12 0.58 0.18
Mean −0.51 0.24 −0.02 0.14 0.15 0.09 0.39 0.10
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Code and data availability. The meteorological cloud ra-
diative kernels are available at https://github.com/tamyers87/
meteorological_cloud_radiative_kernels (Myers and Zelinka,
2022), with derivation method detailed in Scott et al. (2020) and
Myers et al. (2021). All CMIP5 and CMIP6 model output are
accessed from https://esgf-node.llnl.gov, last access: 13 April 2022,
with references of each dataset detailed and cited in Table E1. The
code used to process and analyze the data is publicly available at
https://github.com/rytam2/ccf_project, last access: 4 March 2026
(Tam et al., 2026).
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