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Abstract. The radiative feedback pattern effect remains a large source of uncertainty for both projections of future 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 model5

spread. We find that the pattern effect is almost entirely 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 Introduction10

The pattern effect refers to how the net radiative feedback changes as the pattern of surface warming evolves. The time-

evolution of the net radiative feedback was first identified within general circulation model (GCM) simulations, where the

feedback becomes less negative over time, leading to an increase in climate sensitivity (e.g. Senior and Mitchell, 2000; Held

et al., 2010; Andrews et al., 2012; Armour et al., 2013; Andrews and Ringer, 2014; Armour, 2017; Proistosescu and Huybers,

2017). This evolution of radiative feedback is termed the “pattern effect” as it is driven by changes in the spatial pattern of15

warming (Armour et al., 2013; Andrews et al., 2015; Zhou et al., 2016, 2017; Dong et al., 2019). The magnitude of the pattern

effect remains a large source of uncertainty for both interpretations of past trends (Armour et al., 2024) and projections of

future changes in global temperature (Sherwood et al., 2020).

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). GCM experiments forced by abruptly quadrupling CO2 show20
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that warming is initially delayed in certain regions, most notably the eastern tropical Pacific and the Southern Ocean. On long

time scales however, these regions exhibit amplified warming. As these regions eventually warm, they actuate more positive

radiative feedbacks. 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 (Dong et al., 2019; Zhou et al., 2016, 2017).25

In contrast, warming in regions of descent, like the eastern tropical Pacific, and other locations like the Southern Ocean,

generally have a more local effect on top-of-atmosphere (TOA) radiation, and contribute to a less-negative global feedback

through both lapse rate and cloud feedbacks.

Here we map out the primary cloud controlling factors (CCFs) that drive low-cloud feedbacks under changing surface tem-

perature patterns and evaluate the sources of model spread in low-cloud feedback estimates. Section 2 details the methodology,30

with subsections detailing the GCM simulations used, CCF framework and choice of CCFs, sensitivities of low-cloud radiative

anomalies or radiative effects to local meteorology - known as meteorological cloud radiative kernels, and the inter-model vari-

ance analysis. Section 3 explains global feedback and the spatial pattern quantified by meteorological kernels and the CCFs.

We summarize the results in Section 4.

2 Cloud Controlling Factors and the Meteorological Cloud Radiative Kernels Framework35

2.1 GCM Simulations

We use global climate model simulations from the Coupled 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 simulations (AMIP),

coupled historical simulations (historical), and coupled simulations with abrupt-quadrupling of atmospheric CO2 (abrupt-

4xCO2).40

The AMIP and historical experiments are both analyzed over the 1982-2008 interval. While they both have forcing con-

stituents 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 historical

experiment has both ocean and atmosphere components active. Since coupled models struggle to reproduce trends in historical

SST patterns, (Dong et al., 2021; Wills et al., 2022), the comparison between AMIP and historical is necessary to assess how45

the pattern effect driven by observed SST is different from the one in coupled GCM simulations.

We also use the idealized abrupt-4xCO2 experiment to evaluate how future feedbacks will evolve as warming patterns change

over time. Abrupt-4xCO2 is a coupled ocean-atmosphere simulation wherein atmospheric CO2 concentration 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 and50

slow climate response as (following, e.g., Andrews et al., 2015; Dong et al., 2020), and refer these two intervals as 4xCO2-fast

and 4xCO2-slow.
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2.2 Cloud Controlling Factors

Marine low cloud feedbacks remain a significant challenge for climate models, and explain a majority of inter-model spread

in the total feedback estimate (Bony and Dufresne, 2005; Zelinka et al., 2020). To understand the drivers of marine low cloud55

feedbacks and attendant 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

∂CCFi

dCCFi

dTg

, (1)60

where Rlow represents local anomalies in the low-cloud radiative effect as will be discussed below, Tg represents global-

mean temperature, and thus dR/dTg represents local low-cloud feedbacks. ∂R/∂CCFi represent the radiative 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 sensitivities of CCFs to global surface temperature change. All terms in equation 1 are

a function of latitude and longitude, except Tg . The global-mean low-cloud feedback can be estimated by summing all local65

responses. Since the meteorological kernels are local, they are invariant to changes in the pattern of surface warming. The

impact of warming patterns shows up in the sensitivity of local CCFs to global warming, with different warming patterns

yielding different values for dCCFi/dTg .

Changes in CCFs with temperature, dCCF/dTg , are calculated 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 against70

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 feedback 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 temperature

(SST), estimated inversion strength (EIS) - a measure of lower tropospheric stability, horizontal surface temperature advection75

(Tadv), relative humidity at 700hPa (RH), vertical velocity at 700hPa (ω), and near-surface wind speed (WS). Prior observa-

tional, model, and theoretical studies have documented in depth how CCFs impact marine boundary layer cloudiness (Klein

et al., 2017; Lilly, 1968; Bretherton, 2015; Cesana and Del Genio, 2021; Myers and Norris, 2015; Scott et al., 2020).

2.3 Meteorological Cloud Radiative Kernels

Low-cloud meteorological cloud radiative kernels are the sensitivities of low cloud radiative effects to perturbations in the local80

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 days, there is sufficient data in the satellite record to observationally constrain these

kernels (Lewis et al., 2023; Mauger and Norris, 2010; Pincus et al., 1997; Scott et al., 2020).
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Low-cloud fraction perturbations from either observational product (Scott et al. (2020), hereafter S20) or climate models85

(Myers et al. (2021), hereafter M21) are first convolved with the atmospheric flux sensitivities to cloud fraction perturbations,

known as cloud radiative kernels (derived in Zelinka et al. (2012), modified for observations in Zhou et al. (2013)), to obtain

time series of monthly low-cloud radiative anomalies (Rlow). Meteorological cloud radiative kernels, (dRlow/dCCFi), are

then calculating through multi-linear regression of the Rlow anomalies onto the CCFs.

The GCM kernels used in this study are derived by M21 using the same 7 CMIP5 models and 9 CMIP6 models detailed in90

Table E1 in Appendix E, primarily determined by the availability of cloud fraction histograms produced by the International

Satellite Cloud Climatology Project (ISCCP) simulator (Bodas-Salcedo et al., 2011). Observational kernels derived by S20 used

cloud properties and radiation data from 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) (Platnick and Yang, 2015),

International Satellite Cloud Climatology Project (ISCCP) (Rossow et al., 2017), and the Advanced Very High-Resolution95

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) (Copernicus Cli-

mate Change Service, 2019a, b). The National Oceanic and Atmospheric Administration (NOAA) Optimum Interpolation (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 interpretation of these kernels100

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 total low-cloud feedback we decompose equation (1) in terms of the

model ensemble mean and deviations from the ensemble mean:

dRlow

dTg

=
∑

i

∂Rlow

∂CCFi

dCCFi

dTg

=
∑

i

(

∂Rlow

∂CCFi

+

(

∂Rlow

∂CCFi

)
′
)(

dCCFi

dTg

+

(

dCCFi

dTg

)
′
)

(2)105

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:

V ar

[

dRlow

dTg

]

= V ar

(

∑

i

[

(

∂Rlow

∂CCFi

)
′
(

dCCFi

dTg

)

])

+V ar

(

∑

i

[

(

∂Rlow

∂CCFi

)(

dCCFi

dTg

)
′
])

+ ϵ. (3)

Equation (3) 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 to110

warming. ϵ is an error term due to potential covariance between the radiative flux sensitivity to meteorology and the meteorol-

ogy, or between the sensitivities of different CCFs. An observationally-based set of meteorological kernels can also be used in

place of the model ensemble mean kernels.

Using this framework, we build on the work of S20, M21 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 major115
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sources of feedback uncertainty, and (3) how coupled model biases in the evolution of historical SSTs lead to biases in the

feedbacks (Andrews et al., 2022).

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 sub-component contributions from each120

CCF. From the top to bottom, panels show the feedback calculated with a) both kernels (∂Rlow/∂CCFi) and changes in

meteorologies (dCCFi/dTg) derived from models, showing the total model-spread in low-cloud feedbacks; b) observationally

constrained kernels with model-specific changes in meteorology, showing the contribution to model spread from uncertainty

in the meteorology and c) model-specific kernels and multi-model mean changes in meteorology, showing the contribution

to model spread from uncertainty in kernels. A near-global marine low cloud feedback is computed using spatially-weighted125

averages of equation (1) 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 standard deviation are included in Table F1 of

Appendix F.

3.1.1 Ensemble Mean Results: Drivers of Low-cloud Feedback130

Focusing on the ensemble mean (red markers in Figure 1a), we find that AMIP experiments have a negative (stabilizing)

marine low-cloud feedback; 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.135

Across the three experiments indicative of transient warming (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.140
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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.
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Figure 1. (Cont.) 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.

The SST component is roughly constant across experiments. The EIS component is very strongly negative in AMIP simu-

lations, with its value becoming progressively less negative across 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 ex-

periments. The ensemble mean total low-cloud feedback is slightly negative in the historical experiment, but is slightly positive

in the fast-response of the 4xCO2 experiment.145

3.1.2 Ensemble Mean Results: The Pattern Effect

The marine low cloud contribution to the pattern effect can be computed as the difference in the feedback estimate between

different experiments. All panels in Figure 1 show that the marine low-cloud feedback becomes less negative as we go 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 literature on the pattern effect, suggesting the low-cloud feedback150

evolves to be less negative over time (Andrews et al., 2015, 2018, 2022; Myers et al., 2023).

The CCF decomposition shows that the pattern effect is driven almost entirely by changes in the EIS component feedback.

Both ensemble means and most individual models agree that EIS components are strongly negative in AMIP and historical

experiments, and weakly negative in 4xCO2-fast, eventually becoming near zero on long time scales in 4xCO2-slow. The

SST-component is similar in magnitude across all experiments, which means it has a minimal contribution to the pattern155

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 pattern 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 feedback and a more negative EIS-induced feedback (AMIP, indicated by yellow

markers) than their coupled-model counterparts (historical and 4xCO2-fast, indicated by blue and magenta markers) in Figure160

1. This is consistent with coupled models having large systematic biases in equatorial Pacific SST patterns, where they are

unable to reproduce the strengthening of the equatorial Pacific SST gradient and Walker Circulation as in observations (Wills

et al., 2022). The weaker SST gradient in coupled-models generates a much weaker EIS signal (Dong et al., 2019).

Feedback induced by 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.165

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

We also show estimates of observationally constrained marine-low cloud feedbacks using CERES-FBCT kernels in Figure

1b, and MODIS, ISCCP and PATMOS-X products (Figure A1). The overall pattern of the total feedback and its components

using observational kernels is similar to that using model-specific kernels. All results using observationally-derived kernels
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suggest a weak negative total low-cloud feedback in the historical experiment, except results calculated with the PATMOS-170

X kernels, suggesting a weak positive total low-cloud feedback driven by a stronger-than-model SST-induced feedback and

a weaker-than-model EIS-induced feedback. 4xCO2-fast and 4xCO2-slow total-low cloud feedback estimates are consistent

across kernel choices, are weakly positive and positive respectively. While the overall pattern stays the same, the magnitudes of

observationally-constrained feedback are sensitive to the choice of kernels, particularly in the AMIP simulations. For example,

the ensemble-mean transient total low-cloud feedback in AMIP ranges from ∼−1Wm−2K−1 using MODIS-kernels to175

∼−0.25Wm−2K−1 using PATMOS-X kernels.

3.1.4 Inter-model Spread

Following equation 3, we can 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 meteorology (dCCF/dTg), but replacing model-specific kernels180

(∂Rlow/∂CCF ) with CERES-FBCT observational kernels. Figure 1c shows feedback estimates with model-specific kernels,

but replacing model-specific changes in meteorology with the ensemble-mean. The spread of markers in the two calculations

is therefore indicative of the inter-model spread in the environmental response per unit warming only (Fig. 1b), or the model

spread in the sensitivities 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.185

Thus, the CCF decomposition shows that the vast majority 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 warming is much smaller (i.e

model spread in CCF changes, Fig. 1b), with the notable exception of the historical experiment. These results hold if the

CERES-FBCT observational kernels are replaced with either the ensemble mean kernels or other observational kernels (Fig.190

A1). In terms of specific 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 positive extremes (upper limit) of total low-cloud feedback estimates can be attributed to models having higher radia-

tive flux sensitivities to SSTs, such as MIROC-ESM (CMIP5) and CanESM5 (CMIP6). This suggests that constraining the

sensitivity of marine low-clouds to SSTs is key to estimating the upper limit of the total low-cloud feedback.195

In contrast, the negative extremes (lower limit) of the transient total low-cloud feedback inter-model spread in Fig. 1a is

attributable to EIS-induced feedback across all experiments 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 feedback for AMIP,

historical and 4xCO2-fast in the EIS column are negative across choice of meteorological kernels and meteorology (Fig. 1

and Fig. A1), implying that all models agree EIS will induce a stabilizing transient feedback, but the magnitude range of the200

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 changes the dEIS/dTg term in historical experiments
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(Fig. 1b, EIS column). The same spread is not observed in the historical AMIP experiments that are all run with the identical

SST patterns. These results suggest differences in dEIS/dTg across the coupled experiments likely come from differences in205

how the different SST patterns drive different patterns of atmospheric circulation. It is worth noting that differences in SST

patterns across coupled models to 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 likely that the

inter-model spread in CCF-response in coupled models may be higher in the entire CMIP5 and CMIP6 ensemble, compared to210

the subset of 16 models with ISCCP simulator output that were used here.

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. Yellow, blue, magenta and green lines in the zonal average plots represent AMIP, histor-

ical, 4xCO2-fast, and Slow experiments. Units of colorbars are same as those in the zonal maps shown on the right. Maps of Tadv , RH , ω,

and WS are shown in Supp. Fig. B1.

3.2 Regional Patterns

In this section, we analyze the spatial distribution of CCF-specific changes under warming and their induced low-cloud feed-

back. Figure 2 shows the ensemble mean changes of cloud-controlling factors per unit warming, dCCFi/dTg , and Figure 3,

shows the low-cloud feedback induced by individual cloud-controlling factors, across experiments. We only show the feedback215

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 Fig. B1 and Fig. 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 warming in the

East Pacific and Southern Ocean on long-time scales (4xCO2-slow). Despite these regional differences in SST, the direct220

contributions of SSTs to the low cloud feedback, dRSST , are quite similar across 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 looking at zonal-mean (Fig. 3e) and global values (Fig. 1).
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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 prior to taking multi-model mean. Yellow, blue, magenta and green lines in the zonal average

plots represent AMIP, historical, 4xCO2-fast, and Slow experiments. Units of colorbars are same as those in the zonal maps shown on the

right. Maps of Tadv , RH , ω, and WS are shown in Supp. Fig. C1.

The different regional SST changes do, however, drive significant differences in marine low-cloud feedback through their

impact on EIS patterns (Fig. 2f-j). EIS patterns go from exhibiting a strengthening of the inversion with global warming in225

the South East Pacific and the Southern Ocean in transient and historical simulations (AMIP, historical, 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. 3f-j). While the

Northern Hemisphere exhibits strong regional changes in EIS and dREIS, these mostly cancel each other out in the zonal means230

(Fig. 3j).

Note that while the AMIP and coupled historical simulations share qualitative patterns of meteorology (e.g. Fig. 2a-b) and

CRE changes (e.g. Fig. 3a-b), 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 in235

regional EIS, which in turn drive large biases in dREIS , that persist into the zonal- and global-means. The transient low-cloud

feedback in historical is therefore biased-high and, holding the assumption that the 4xCO2-slow response is representative of

the future low-cloud response, the pattern effect is biased low.

Figure 4 maps inter-model spread in regional feedback estimates using equation (3). V ar(dR) maps the model spread

of the total marine low-cloud feedback, V ar(( ∂R
∂CCF

)
′

dCCF ) maps the spread of model kernels, and V ar( ∂R
∂CCF

dCCF
′

)240

maps the spread of meteorological condition changes, and the last column maps the residual term in the decomposition due to

covariances between the first two terms.
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Figure 4. Spatial distribution (from left column to right) of the total low-cloud feedback inter-model spread and the breakdown of each

term on the right-hand-side of Equation 3, including the variance determined by the radiative flux sensitivities to CCF alone, variance

determined by CCF changes from warming alone, and the covariance between the low-cloud meteorological kernels and the meteorology

for each experiment going from top to bottom row: (a-d) AMIP, (e-h) historical, (i-l) abrupt-4xCO2-fast and (m-p) abrupt-4xCO2-slow

experiments. Spatial distribution for the inter-model spread for each CCF-induced feedback are shown in Supp. Fig. D1-D6.

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 variance in the CCF changes245

per unit warming and covariance between the two terms, caused by the EIS-component as seen in Section 3.1 and Supp. Fig.

D2. The regions with the largest spread in V ar(dR) are those with abundant marine low clouds. The central and eastern Pacific

and tropical North Atlantic Ocean have low model agreement, with inter-model variance being dominated by the SST and EIS

kernels (Fig. D1-6).

4 Summary and Conclusion250

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

bution to the marine low-cloud pattern effect. The pattern effect is defined as the difference in feedback between transient and

long-term warming, and results hold in an ensemble of 16 climate models, for three different estimates of transient warming:
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atmosphere-only historical simulations (AMIP), coupled historical (historical) simulations, and the first 20 years of a coupled

abrupt quadrupling simulation (4xCO2-fast).255

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, indicating 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 constant260

across experiments, leading to a negligible contribution to the pattern effect. RH changes between historical and long-term ex-

periments 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 sensitivity of

marine low clouds to environmental conditions, i.e. the meteorological kernels. However, a non-trivial amount of uncertainty265

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 ultimately come

from how coupled models simulate SST patterns, rather than the direct reponse of EIS to historical forcing. The impact of

these differences in SST patterns on feedbacks is indirect, and shows up in the EIS-driven component, not in the SST-driven

component. In addition to a large ensemble spread, coupled historical simulations also have a large bias relative to atmosphere-270

only historical simulations, due to their inability to capture observed SST patterns.

Our results help 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 improved ability of

coupled models to simulate historical SST patterns.

Code and data availability. The meteorological cloud radiative kernels are available at https://github.com/tamyers87/meteorological_cloud_275

radiative_kernels, 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, 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.
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Appendix A: Global feedback estimates calculated with meteorological kernels derived from other observations –

MODIS, ISCCP, and PATMOS-X280

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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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.285

Figure D1. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to SST -induced feedback.
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Figure D2. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to EIS-induced feedback.
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Figure D3. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to Tadv-induced feedback.
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Figure D4. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to RH-induced feedback.
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Figure D5. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to ω-induced feedback.
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Figure D6. Same as Figure 4 on the spatial distribution of variance for each term in Equation 3 specific to WS-induced feedback.
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Appendix E: CMIP Model Datasets Used

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 N. et al, (2007),

Collins W.J. 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)

Table E1. References and the period used for each experiment from CMIP 5 and 6.
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Appendix F: Summary of Near-global Total Low-cloud Feedback Estimates and their Sub-components

Feedback

(Wm−2K−1)
AMIP Hist Fast Slow

Kernel*dCCF 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

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

Mod*MMM -0.34 0.42 -0.01 0.46 0.13 0.38 0.28 0.36

MMM*Mod -0.35 0.08 0.01 0.21 0.13 0.09 0.29 0.09

Obs-Mean -0.60 0.25 -0.03 0.18 0.17 0.11 0.44 0.09

Mean -0.51 0.24 -0.02 0.14 0.15 0.09 0.39 0.10
Table F1. Values for the ensemble mean (red diamonds in Figure 1 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 MMM stands for ensemble mean. For example, Mod*Mod represents the product of model-specific kernels and model-

specific meteorology, MMM*Mod stands for ensemble mean kernels and model-specific CCFs. In the last two rows, the Mean column of

Obs-Mean average results across feedback estimates derived from observational kernels (CERES, MODIS, ISCCP and PATMOS-X), while

Mean is the average feedback across all 7 estimates. SD column of those two rows is the 1σ standard deviation of across the 4/7 feedback

estimates.
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