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ABSTRACT: Model evidence for the “pattern effect” assumes that global climate models (GCMs)
faithfully simulate how clouds respond to varying sea-surface temperature (SST) patterns and
associated meteorological perturbations. We exploit time-invariant satellite-based estimates of
the sensitivity of marine low clouds to meteorological perturbations to estimate how these clouds
responded to time-varying SST patterns and meteorology between 1870 and 2014. GCMs and
reanalyses provide estimates of the historical meteorological changes. Observations suggest that
increasing estimated inversion strength (EIS) between 1980 and 2014 produced a negative low cloud
feedback, opposite to the positive feedback expected from increasing CO,. This indicates that the
processes responsible for marine cloud changes from 1980 to near-present are distinct from those
associated with an increase in CO,. We also observationally constrain the difference between
the historical near-global marine low cloud feedback, /lh’s’ 4> and that arising from increasing
CO,, /l‘c‘?ocuzz We find that this cloud feedback pattern effect depends strongly on time period
and reanalysis dataset, and that varying changes in EIS and SST with warming explain much
of its variability. Between 1980 and 2014, we estimate that /l‘c‘;‘ocugz /l?;f)’u 4 =0.78+£0.21 W m~?
K~! (90% confidence) assuming meteorological changes from the Multiple-Reanaysis Ensemble,
implying a total pattern effect (that arising from all climate feedbacks) of 1.86+0.45 W m~2 K~!.
This observational evidence corroborates previous quantitative estimates of the pattern effect,
which heretofore relied largely upon GCM-based cloud changes. However, disparate historical

meteorological changes across individual reanalyses contribute to considerable uncertainty in its

magnitude.
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1. Introduction

Clouds produce strong interannual-to-interdecadal variations in the radiative fluxes entering and
exiting the Earth’s surface and atmosphere (Andrews et al. 2018, 2022; Ceppi and Fueglistaler
2021; Fueglistaler 2019; Gregory and Andrews 2016; Loeb et al. 2018, 2020; Myers et al. 2018;
Silvers et al. 2018; Zhou et al. 2016). These variations are assoicated with feedbacks that modify
the climate’s radiative damping rate, acting to amplify or dampen global mean temperature change.
For example, satellite observations reveal that a positive shortwave cloud feedback accelerated the
rate of global mean temperature increase in the years following the “hiatus” of the warming rate in
the early 2000s (Loeb et al. 2018). The ‘“hiatus”, on the other hand, has been linked to a negative
shortwave cloud feedback (Zhou et al. 2016) driven by an increase in stratocumulus cloud coverage
over the eastern Pacific Ocean between the 1980s and 2000s (Clement et al. 2009; Norris and Evan
2015; Seethala et al. 2015).

Atmosphere-only global climate model (GCM) simulations suggest that fluctuating SST patterns
produced interdecadal changes in global radiative and cloud feedbacks over the last ~100 years,
including the negative cloud feedback between the 1980s and 2000s (Andrews et al. 2018, 2022;
Dong et al. 2021; Gregory and Andrews 2016; Zhou et al. 2016). These changes are hypothesized to
be due to fluctuating Pacific SST patterns and associated variations in stratocumulus cloud coverage.
Warming in the western tropical Pacific relative to the eastern tropical Pacific between the 1980s
and 2000s likely resulted in an increase in lower tropospheric stability throughout the tropics.
This increased the inversion strength capping eastern Pacific stratocumulus clouds, increasing their
coverage, producing a negative feedback to planetary warming (Andrews and Webb 2018; Cesana
and Del Genio 2021; Seethala et al. 2015; Zhou et al. 2016).

Notably, marine low cloud feedbacks associated with increasing CO; in GCMs, large-eddy
simulations, and as constrained by observations are positive (Ceppi and Nowack 2021; Cesana and
Del Genio 2021; Myers et al. 2021; Sherwood et al. 2020; Zelinka et al. 2020). The difference
between CO,-induced global climate feedbacks and those that have occurred historically is what
has been called the “pattern effect”, since it is the distinct SST patterns between the two scenarios
that explain their differing feedbacks and inferred climate sensitivities (Sherwood et al. 2020).

Model evidence for the pattern effect assumes that GCMs realistically simulate how clouds

respond to varying SST patterns and associated meteorological perturbations. In this study, we
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exploit time-invariant satellite-based estimates of the sensitivity of marine low clouds to meteoro-
logical perturbations (Scott et al. 2020) to quantify how these clouds responded to time-varying
SST patterns and meteorology between 1870 and 2014. GCMs and reanalyses provide estimates
of the historical meteorological changes. Moreover, using recently developed observational con-
straints on the low cloud feedback associated with increasing CO, (Myers et al. 2021), we also
quantify the difference between our historical feedback estimates and the CO,-induced feedback.
These estimates provide quantitative observational constraints on what we call the cloud feedback
pattern effect, which, as we will show, provides further constraints on the pattern effect arising from
all climate feedbacks. Based on such constraints, we are able to assess GCM-based estimates of the
pattern effect. Our study is unique insofar as we provide quantitative estimates of the pattern effect
without relying on GCM simulations of cloud changes, unlike most previous estimates (Andrews

et al. 2018, 2022; Sherwood et al. 2020).

2. Data and Methods

a. Observational constraints

1) FRAMEWORK

Table 1 provides a summary of the observationally constrained marine low cloud feedback
estimates computed in this study. We follow a modified version of the methodology developed by
Mpyers et al. (2021) to observationally constrain how marine low clouds have changed in response to
varying historical SST patterns and large-scale meteorological conditions. To do so, we introduce
a time-varying component to the cloud-controlling factors (CCFs) x; of equation (1) of Myers et al.
(2021), who did not explicitly consider how variations in CCFs may depend on time period. Then,
a Taylor series approximation of the time-varying sensitivity of low cloud-induced radiative flux R
at the top of the atmosphere to changes in global mean surface temperature Ty, Or A¢/ouq, 1S given

as

RO.4.0) _ 5 IR(.) d(6.4.1)

1
dTg (9)6,' dTg ( )

Acloud =
i
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Table 1. Observationally constrained marine low cloud feedback estimates calculated in this study. Note that

the feedback from increasing CO; is reproduced from Myers et al. (2021).

Dataset for Meteorological Changes dx; (0, ¢,t)/dT,  Dataset for Meteorological Cloud Radiative  Feedback Type
Kernels OR (6, ¢)/0x;

AMIP-piForcing (six CMIP6 models) response to SST patterns
. MODIS/CERES or .
reanalyses (seven choices) ISCCP/PATMOS-x historical
abrupt4xCO2 (7 CMIPS5 and 11 CMIP6 models) response to increasing CO,

where 6 is latitude, ¢ is longitude, and ¢ is time. The x; include sea surface temperature (SST),
estimated inversion strength (EIS), horizontal surface temperature advection (Tadv), relative hu-
midity at 700 hPa (RH7q0), vertical velocity at 700 hPa (w70), and near-surface wind speed (WS).
EIS and Tadv are computed as described in Myers and Norris (2015). We note that our method
does not consider changes in low clouds driven by aerosols alone (as in e.g. Wall et al. (2022)).
Nonetheless, cloud changes arising from aerosol-induced perturbations in CCFs are included in
our approach.

The R (0, $)/dx; correspond to the observation-based meteorological cloud radiative kernels
developed by Scott et al. (2020) and applied in Myers et al. (2021); each dR(6, ¢)/0x; quantifies
the local interannual sensitivity of R to a perturbation in x; when all other x;; are held fixed. These
sensitivites are assumed to be time-invariant, which is further discussed in Section 2.a.6.

Each dx; (0, ¢,t)/dT, represents the local response of x; to climate warming within some time
period centered at time 7. This term is responsible for any temporal dependence of A¢joy4.

In the next two subsections, we describe how we compute dR (6, ¢)/dx; and dx;(6,¢,t)/dT, to

ultimately produce historical estimates of A.;o4-

2) METEOROLOGICAL CLOUD RADIATIVE KERNELS

At each 5° x 5° latitude-longitude oceanic grid box between 60° S and 60° N, the dR (6, ¢)/0x;
are estimated as the multi-linear regression coefficients that result from regressing the time series of
deseasonalized and detrended interannual monthly anomalies in satellite-derived R onto anomalies
in x; from a reanalysis and a standard SST dataset. See Myers et al. (2021) and Scott et al. (2020)

for details.
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The observational low-cloud-induced radiative flux anomalies in R at the top of the atmosphere
are computed as described in Myers et al. (2021) (e.g. their equation (2)) and Scott et al. (2020)).
Note that the radiative anomalies are exclusively due to changes in non-obscured low-level clouds
and not due to changes in the obscuration of low clouds by higher-level clouds. Radiative fluxes
are derived using July 2002 to December 2018 data from the Moderate Resolution Imaging
Spectroradiometer (MODIS) collection 6.1 and from the Clouds and the Earth’s Radiant Energy
System (CERES) Flux-by-Cloud-Type (FBCT) dataset and using July 1983 to June 2002 data from
the International Satellite Cloud Climatology Project (ISCCP) H-series and from the Pathfinder
Atmospheres Extended data record (PATMOS-x) (Pincus et al. 2012; Sun et al. 2022; Young et al.
2018; Heidinger et al. 2014).

We apply two independent sets of observational dR (6, ¢)/dx;. One set is derived from July 2002
to December 2018 MODIS-estimated anomalies in R averaged with those from CERES-FBCT,
and the other set is derived from July 1983 to June 2002 ISCCP-estimated anomalies in R averaged
with those from PATMOS-x. We consider the two sets of meteorological cloud radiative kernels to

be independent since they are derived from different satellite observing systems and time periods.

3) HISTORICAL CHANGES IN METEOROLOGY

We compute each dx; (6, ¢,t)/dT, in equation (1) at a 5° X 5° spatial scale over various multi-
decadal periods. These changes in CCFs are estimated from two different data sources: 1) output
from atmosphere-only GCMs forced by historical variations in SST and ii) an ensemble of atmo-
spheric reanalyses. We choose periods that are 35 years long based on the time length of overlap
between GCM output and reanalysis data.

The GCM output is from the AMIP-piForcing experiments of the Coupled Model Intercomparison
Project phase 6 (CMIP6) (Eyring et al. 2016; Webb et al. 2017). These are 1870-2014 atmosphere-
only simulations forced by historical variations in SST and sea ice, with greenhouse gas and aerosol
forcing agents held fixed at pre-industrial levels. SST and sea ice are specified by the Atmospheric
Model Intercomparison Project (AMIP) II boundary condition data set (Gates et al. 1999; Hurrell
et al. 2008; Taylor et al. 2000). AMIP I uses HadISST1 SST (Rayner et al. 2003) before November
1981 and version 2 of the National Oceanic and Atmospheric Administration (NOAA) weekly
optimum interpolation (OL.v2) SST analysis (Reynolds et al. 2002) afterward. Using the GCMs,

6

Brought to you by NOAA Central Library Unauthenticated Downloaded 08/02/23 01:54 PM UTC

Accepted for publication in Journal of Climate. DOI 10. 1175/JCLI D-22-0862.1



we compute each dx;(6,$,t)/dT, across sliding 35-yr windows via a centered finite differencing
method, described as follows. For each 35-yr window, we composite the annual mean anomalies
of the CCFs on T,. We then take the mean composite difference in x; between the subset of data
corresponding to above-median 7, and the subset corresponding to below-median T, divided by the
difference in mean anomalies in 7, between these two subsets. Finally, we compute the ensemble
mean dx; (60, ¢,t)/dT, across six CMIP6 models (Supplementary Table 1) to produce a central best
estimate. The dx;(6, ¢,1)/dT, computed using linear regression are very similar to those computed
using the finite differencing method. The advantage of the latter relative to the former method is
computational ease, a reduced sensitivity to outliers, and a simplified computation of uncertainty.

The atmospheric reanalysis data for estimating dx; (6, ¢,t)/dT, are from seven different products
and include the: Climate Forecast System Reanalysis (CFSR; Saha et al. (2010)), the Interim
European Centre for Medium-Range Weather Forecasts (ECMWF) Re-Analysis (ERA- Interim;
Dee et al. (2011)), fifth generation of the ECMWF atmospheric reanalysis of the global climate
(ERAS; Hersbach et al. (2020)), Japanese 55-year Reanalysis Project (JRA-55; Ebita et al. (2011)),
Modern-Era Retrospective Analysis for Research and Applications (MERRA; Rienecker et al.
(2011)), MERRA version 2 (MERRA-2; Gelaro et al. (2017)), and the Collaborative REAnalysis
Technical Environment - Multiple Reanalysis Ensemble v3 (CREATE-MRE3; Potter et al. (2018)).
The Multiple Reanalysis Ensemble (MRE) represents an ensemble mean across the six other source
reanalysis datasets. Therefore, we consider it to be among the most realistic of the reanalyses
examined here, along with ERAS, which is widely considered to be the most state-of-the-art
reanalysis product. Although more directly observed data for estimating dx; (6, ¢,t)/dT, exists, we
examine CCF changes from reanalyses so that any large-scale changes within a given reanalysis
are dynamically consistent.

For each reanalysis, the centered finite differencing method for computing dx; (6, ¢,t)/dT, de-
scribed above is applied to a single 1980-2014 period, corresponding to the period of overlapping
data availability across reanalyses and GCMs. T, from ERAS is used in all reanalysis-based cal-
culations to eliminate the effects of differences in planetary warming rates across reanalyses. w7go
data are unavailable for JRASS and the MRE, so for these two datasets we use changes in the five
other CCFs to compute observationally-constrained feedbacks given by equation (1). However,

feedback components due to changes in w7qo from the available reanalyses are small.
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We note that the meteorological changes estimated from reanalyses may have contributions from
greenhouse gas and aerosol forcing agents that are independent of global mean surface temperature,
which could lead to cloud adjustments that contaminate our estimates of cloud feedback (e.g.
Kamae et al. (2015); Qu et al. (2015); Zhou et al. (2021)). By design, these meteorological
changes are excluded in the AMIP-piForcing experiments, motivating their use to examine cloud
feedbacks. Hence, a portion of differences in cloud feedbacks between the reanalysis-based and
AMIP-piForcing-based estimates may be attributable to cloud adjustments to greenhouse gas and

aerosol forcing agents.

4) FEEDBACK FROM INCREASING CO»

To compare historical low cloud feedbacks to those arising from increasing CO,, we also
reproduce the method of Myers et al. (2021) to compute observational constraints on low cloud
feedbacks associated with an instantaneous quadrupling of atmospheric CO,. Put simply, these
feedbacks are calculated by convolving the meteorological cloud radiative kernels with long-term
changes in CCFs simulated by GCMs in the abrupt4xCO?2 experiment. Following Myers et al.
(2021), dx;(6,¢,t)/dT, is then computed as the difference in mean x; divided by the difference in
mean T, between years 1-20 and 121-140 of the abrupt4xCO2 experiment, and averaged over the
7 CMIP5 and 11 CMIP6 models specified in that study.

5) UNCERTAINTY

90% confidence intervals of the observationally-constrained cloud feedbacks are computed fol-
lowing the method of Myers et al. (2021). The uncertainty ranges consider both imperfect observa-
tional estimates of the meteorological cloud radiative kernels and imperfect estimates of historical
or future changes in CCFs. To compute the total uncertainty of the feedback for a given 35-yr
period from the AMIP-piForcing experiments, we add the uncertainty arising from dR (6, ¢)/0x;
in quadrature with the uncertainty arising from dx;(6,¢,t)/dT,. A slight modification compared
to Myers et al. (2021) is that to compute uncertainty arising from dx; (6, ¢,t) /dT, for a given 35-yr
period, we consider the full range of feedbacks computed using individual dx;(6, ¢,t)/dT, across

the six GCMs, instead of estimating the 5 - 95 percentile range. This choice is based on the limited
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sample of GCMs examined, which corresponds to those providing the ISCCP simulator output
from the AMIP-piForcing experiments (Bodas-Salcedo et al. 2011).

An uncertainty that we do not consider is the dependence of the CCFs on the underlying SST
dataset used in the GCM simulations. In light of previous findings that the pattern effect and the
historical tropical Pacific SST pattern depend on SST dataset (Andrews et al. 2022; Silvers and
Fueglistaler 2021; Modak and Mauritsen 2022), we expect that historical estimates of CCFs will
exhibit a similar dependence. Simulations to quantify this dependence are not readily available, so

we leave this as a topic for future work.

6) CAVEATS

Our framework to compute cloud feedbacks assumes that the observational estimates of
OR(6,¢)/0x; are time-invariant and that the model or reanalysis estimates of dx;(0,¢,t)/dT,
for the historical period and response to increasing CO; are realistic. The first assumption was
justified by Myers et al. (2021), who showed that the CCF framework was able to predict an
out-of-sample marine heatwave and that their feedback estimates were largely insensitive to the
time period used for computing R (6, ¢)/dx;. Evidence for the time-invariance assumption is also
discussed critically by Klein et al. (2017). The second assumption is more difficult to assess. We
partially deal with uncertainty of dx;(6, ¢,t)/dT, by considering output from a set of structurally
diverse GCMs and by considering a set of structurally diverse reanalyses. The uncertainty around
how CCFs change with planetary warming is related to the uncertainty at the heart of the pattern
effect - why the pattern of Pacific SST change since ~1980 does not resemble the SST response
to increasing CO, predicted by fully coupled GCMs. There are several contending hypotheses
addressing this uncertainty that we do not attempt to rigorously assess here (Hartmann 2022; Heede
and Fedorov 2021; Kostov et al. 2018; Rye et al. 2020; Seager et al. 2019; Sherwood et al. 2020;
Watanabe et al. 2021; Wills et al. 2022). If model predictions of changes in SST patterns and CCFs
with increasing CO; are systematically biased, our cloud feedback and pattern effect estimates will
be similarly biased. But our framework is meant to reduce the uncertainty surrounding the response
of clouds to large-scale forcing, not the uncertainty of the large-scale forcing itself. Given these
caveats and assumptions, we expect that the true uncertainty of our cloud feedback and pattern

effect estimates is larger than what we quantify.
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Finally, we emphasize that our approach is not purely observational, given that changes in CCFs
are provided by GCMs and reanalyses. Nonetheless, our estimates exploit observation-based
meteorological cloud radiative kernels to constrain the response of clouds to simulated historical
and future changes in CCFs, thereby providing observational constraints on cloud feedbacks on

multiple timescales.

b. GCM Feedbacks

We also examine historical low cloud feedbacks simulated by six CMIP6 models (Supplementary
Table 1) in the AMIP-piForcing experiments to compare to our observationally constrained esti-
mates. These correspond to those models providing ISCCP simulator output for these simulations
as well as for the abrupt4xCO?2 experiments, with one exception. For a given 35-yr period, these
are computed by dividing annual mean anomalies of R into subsets above and below the median
T,. The feedbacks, dR(6,,t)/dT,, are then calculated as the difference in mean anomalies in R
divided by the difference in mean anomalies in T, between these two subsets. Anomalies of R
for the models are computed by applying the cloud radiative kernels of Zelinka et al. (2012) to
interannual monthly anomalies in non-obscured low-level cloud fraction from the ISCCP simulator
output, following equation (2) of Myers et al. (2021).

Lastly, we examine low cloud feedbacks simulated by the same six CMIP6 models in the
abrupt4xCO?2 experiments. With the exception of one model, these are computed following Myers
etal. (2021). For the other model (CESM?2), we compute the low cloud feedback using the approach
of Webb et al. (2006) owing to a lack of ISCCP simulator output for this model’s abrupt4xCO?2

run. The Supporting Information of Zelinka et al. (2020) provides details of this calculation.

3. Results

a. Estimating historical changes in low clouds

We begin by highlighting the utility of our methodology for predicting historical variations in low
clouds. Modifying equation (1) to replace dx;(6, ¢,t)/dT, with annual mean anomalies of x; from
the AMIP-piForcing experiments permits quantification of cloud radiative anomalies between 1870
and 2014. Figure 1 shows the time series of annual mean near-global marine low cloud radiative

anomalies constrained in this way and the time series of EIS anomalies from the AMIP-piForcing
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a) Near-global (60°S-60°N) Marine Low Cloud Radiative Flux Anomalies
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Fic. 1. Annual mean (a) near-global marine low cloud radiative anomalies constrained by satellite observations
and changes in CCFs from the AMIP-piForcing experiments, computed using a modified version of equation
(1) (as described in main text), and (b) EIS anomalies from the AMIP-piForcing experiments. The dark
blue line in (a) corresponds to the estimate constrained by MODIS- and CERES-derived meteorological cloud
radiative kernels, while the light blue line corresponds to the estimate constrained by ISCCP- and PATMOS-
x-derived meteorological cloud radiative kernels. Shading around observationally-constrained estimates span

90% confidence intervals. Radiative anomalies are scaled by planetary fractional area.

experiments. Here and throughout the paper, anomalies are defined with respect to the 1981-2010
climatology. The marine cloud (Fig. 1a) and EIS (Fig. 1b) anomalies exhibit substantial variability,
and in the last several decades EIS has increased in tandem with a cooling cloud radiative effect
over the oceans. This implicates patterns of SST change as a driver of historical marine cloud and

EIS changes and motivates our formal feedback analysis that follows in the rest of the paper.

b. Spatially resolved low cloud feedback on two time timescales

Figure 2 shows estimates of historical marine low cloud feedbacks constrained by MODIS

and CERES along with 1980-2014 changes in CCFs from ERAS (Fig. 2a), the Multi-reanalysis
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Marine Low Cloud Feedback on Two Timescales

a) Constrained by MODIS/CERES b) Constrained by MODIS/CERES
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Fic. 2. Historical marine low cloud feedback constrained by MODIS- and CERES-derived meteorological
cloud radiative kernels along with 1980-2014 changes in CCFs from (a) ERAS, (b) the Multi-reanalysis Ensemble,
and (c) output from the AMIP-piForcing experiments. (d) Historical marine low cloud feedback simulated by
six CMIP6 models in the AMIP-piForcing experiments. Long-term marine low cloud feedbacks arising from
increasing CO; (e) as constrained by MODIS- and CERES-derived meteorological cloud radiative kernels and

(f) as simulated by six CMIP6 models. Note the different color scale range in (e) and (f).

Ensemble (Fig. 2b), and the AMIP-piForcing experiments (Fig. 2c). The two reanalysis-based
estimates are very similar and exhibit strong negative feedbacks in the stratocumulus regions over the
eastern subtropical Pacific Ocean, with weaker and more variable feedbacks elsewhere. This pattern
is qualitatively consistent with the increase in eastern subtropical Pacific low-level cloud fraction
detected in the ISCCP D-series and PATMOS-x passive satellite datasets corrected for spurious
variability and increase in total cloud fraction over the same region detected in surface observations
between the 1980s and 2000s, which corroborates our method for constraining historical low cloud

feedbacks (Clement et al. 2009; Norris and Evan 2015; Seethala et al. 2015).
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The pattern of the observationally constrained feedback estimated using meteorological changes
from the SST-driven simulations (Fig. 2c) is similar to that based on the reanalysis data and
also resembles the historical feedback simulated by six CMIP6 models in the AMIP-piForcing
experiments (Fig. 2d). This indicates that changes in marine clouds between 1980 and 2014
were driven by the particular pattern of SST change and the resulting variations in large-scale
meteorological conditions. In particular, the dominant component of each of the historical feedback
estimates constrained by observations is that due to EIS, which has robustly increased and induced
a strong negative feedback over the eastern subtropical Pacific in recent decades (Supplementary
Figs. 1-7), consistent with the findings of Zhou et al. (2016) and Cesana and Del Genio (2021).
This increase in EIS in recent decades was likely a result of decreasing SST in tropical Pacific
subsidence regions and increasing in SST in tropical Pacific ascent regions, from which warm free-
tropospheric temperature anomalies were then propagated throughout the tropics (Zhou et al. 2016).
This La Nina-like evolution is physically consistent with the observed acceleration of the tropical
Pacific easterly trade winds in recent decades (1992-2011 in England et al. (2014) and 1979-2014 in
Zhao and Allen (2019)), which may explain why changes in both Tadv and WS contribute as small
negative low feedbacks in the eastern tropical Pacific in most of the reanalysis-based estimates
(Supplementary Figs. 4 and 7).

Long-term marine low cloud feedbacks arising from increasing CO, as constrained by MODIS
and CERES and as simulated by six CMIP6 models are shown in Fig. 2e and Fig. 2f, respec-
tively. The main features of these observationally-constrained and GCM-simulated feedbacks are
discussed extensively by Myers et al. (2021) and will not be reviewed further here. Of relevance to
this study is the finding that both the observationally-constrained and model estimates reveal that
the feedbacks from increasing CO, are, in general, more amplifying than the historical feedbacks.
Major differences are seen over the eastern ocean stratocumulus regions, where the long-term
feedback tends to be positive and the historical feedback tends to be negative. Smaller yet no-
ticeable differences exist over portions of the extra-tropical North Pacific and southern oceans as
well, where the long-term feedbacks also tend to be more amplifying than the historical feedbacks.
Assuming that GCMs simulate realistic changes in CCFs with greenhouse warming, these findings
suggest that estimates of historical marine low cloud feedbacks over recent decades cannot be used

to infer the long-term feedbacks in response to increasing CO;. This is further supported by the
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lack of a clear relationship between the 1980-2014 AMIP-piForcing low cloud feedbacks and the
abrupt4xCO?2 feedbacks simulated by the six GCMs examined here (Supplementary Fig. 8), in

qualitative agreement with Andrews et al. (2022).

c. Temporal variations in low cloud feedback

How have low cloud feedbacks varied from the late 19th century to near-present? Figure 3a
reveals a time-varying, near-global (60° S - 60° N), 35-yr low cloud feedback driven solely by
varying historical SST patterns, with close alignment between the observational constraints and the
ensemble mean of six CMIP6 models (Fig. 3a). This feedback has in-phase contributions from the
tropics (35° S - 35° N; Fig. 3b) and midlatitudes (35° N/S - 60° N/S; Fig. 3c). The tropics provide
the majority contribution to the variance in both observations and GCMs (Supplementary Fig. 9),
although GCMs tend to overestimate its contribution. The near-global feedback has trended from
positive to negative in recent decades, which is consistent with previous model results (Andrews
et al. 2018, 2022; Gregory and Andrews 2016; Gregory et al. 2020; Zhou et al. 2016). The
recent negative feedback is opposite to the positive long-term, near-global and tropical feedbacks
from increasing CO; predicted by observational constraints and simulated by six CMIP6 models.
Near-global feedbacks constrained by satellite observations and the meteorological changes from
reanalyses are also negative. Hence, a negative near-global low cloud feedback likely occurred
from the beginning of the satellite era to near-present, which is anomalous relative to the previous
~100 years and is inconsistent with the feedback associated with increasing CO,.

Which CCFs are most responsible for temporal variations in the low feedback and its recent
negative trend? Figure 4 shows that the trajectory of the near-global, tropical, and midlatitude
marine low cloud feedbacks since the late 19th century closely follows that of the feedbacks
induced by the evolution of EIS. Indeed, over each domain, the temporal covariance matrix among
the feedback components normalized by the temporal variance in the total feedback itself reveals
that EIS is the largest component of the variance (Supplementary Figs. 10 and 11). Changes in
SST also induce a varying yet persistently positive feedback component at each spatial scale, in
phase with that due to EIS. This positive SST-driven feedback component has decreased in recent
decades, especially in the tropics, largely consistent with estimates from the reanalyses and as

expected under the observed muted warming trend in the tropical Pacific. Overall, EIS and its
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Fi1c. 3. (a) Near-global (60° S - 60° N), (b) tropical (35° S - 35° N), and (c) midlatitude (35° N/S - 60° N/S)
marine low cloud feedbacks constrained using observations (following equation (1)) and as simulated by GCMs.
Dark blue lines or symbols correspond to estimates constrained by MODIS- and CERES-derived meteorolog-
ical cloud radiative kernels, while light blue lines or symbols correspond to estimates constrained by ISCCP-
and PATMOS-x-derived meteorological cloud radiative kernels. Observationally-constrained feedbacks are
computed using 35-yr meteorological changes from the AMIP-piForcing experiments (dark and light blue time
series line plots), 1980-2014 meteorological changes from reanalyses (dark and light blue solid-filled shapes), or
long-term meteorological changes from the abrupt4xCO2 experiments (dark and light blue open-faced circles).
Shading or error-bars around observationally-constrained estimates span 90% confidence intervals. Multicolored
time series line plots for GCMs correspond to 35-yr feedbacks from the AMIP-piForcing experiments. Multicol-

ored open-faced circles for GCMs correspond to long-term feedbacks from the abrupt4xCO?2 experiments. All

feedbacks are scaled by planetary fractional area.
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covariance with SST explain more than half of the variance of the near-global marine low cloud
feedback on multi-decadal timescales (Supplementary Figs. 10 and 11). In turn, variability in near-
global marine EIS on multi-decadal timescales is primarily driven by changes in free-tropospheric
temperature (Supplementary Fig. 12), consistent with the mechanistic understanding of the pattern
effect (Andrews and Webb 2018; Dong et al. 2019; Zhou et al. 2016, 2017).

Figure 4 also provides evidence from reanalyses that a large negative near-global feedback
component, primarily driven by increasing EIS in the tropics, has occurred in recent decades,
qualitatively consistent with the EIS-driven change inferred from the SST-driven atmosphere-only
GCM experiments (see also Supplementary Fig. 2). A small negative feedback component from
increasing EIS in the midlatitudes is evident as well. These changes are very different than
the small negative tropical marine low feedback component from increasing EIS and positive
midlatitude feedback component from decreasing EIS inferred from the abrupt4xCO2 simulations.
This suggests that the processes responsible for the changes in EIS and ensuing marine low cloud
changes between 1980 and 2014 are distinct from those associated with a long-term increase
in CO, alone. In the tropics, these processes are likely related to the La Nina-like shift of the
tropical Pacific Ocean, a phenomenon that has been attributed to internal climate variability, aerosol
cooling, and/or a transient ocean thermostat response to increasing CO, (Heede and Fedorov 2021;
Watanabe et al. 2021). In the midlatitudes, these processes may be related to a shift of Pacific
decadal variability to its cool phase (Chen et al. 2019) and cooling of the Southern Ocean. The
latter may be due to Southern Ocean’s large thermal inertia, internal climate variability, Antarctic
glacial melt, and/or the Antarctic ozone hole (Hartmann 2022; Kostov et al. 2018; Rye et al. 2020).

In the tropics, the reanalyses also provide evidence that strengthening cold Tadv and WS produced
small negative marine low cloud feedback components in recent decades, physically consistent with
the observed cool shift of Pacific decadal variability and strengthening of the east-west equatorial
Pacific SST gradient and associated Walker Circulation (Fig. 4b). The detection of compounding
negative cloud feedbacks in the tropics induced by EIS, Tadv, and WS based on reanalyses is
corroborated by the positive covariance terms contributing to the time-varying 35-yr feedbacks.
As Supplementary Figs. 10 and 11 reveal, the EIS-Tadv and EIS-WS covariance terms explain 15%
and 9-13% of variance of the tropical marine low cloud feedback. In total, we find that EIS and its

covariability with other factors explain 69-71% and 75-85% of variance of the 35-yr marine low
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FiG. 4. As in Fig. 3 but also showing individual components of the feedbacks constrained by observations.
Each feedback component is associated with a different color dashed line or bar, as indicated in the legend.
For example, the orange-colored dashed lines or bars indicate marine low cloud feedbacks driven exclusively
by variations in EIS. For clarity, components of feedbacks computed using 35-yr meteorological changes from
the AMIP-piForcing experiments are only shown for the estimates constrained by MODIS- and CERES-derived
meteorological cloud radiative kernels. Also for clarity, individual model abrupt4xCO?2 feedbacks are plotted
with a single color. Note the different scale of (c), which has been adjusted so that feedback components are

clearly visible.

cloud feedback over the tropical and near-global oceans, respectively. This highlights the crucial
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role of variations in lower tropospheric stability for generating multi-decadal changes in Earth’s
energy budget.

We note that there is substantial spread in the feedbacks inferred from reanalysis-based meteoro-
logical changes, including a clear outlier, MERRA-2, that predicts positive near-global and tropical
marine low cloud feedbacks between 1980 and 2014 (Fig. 3ab and Fig. 4ab). Feedbacks inferred
from MERRA, on the other hand, are anomalously negative relative to the other estimates. This
demonstrates that climate trends from any single reanalysis may be unreliable. Thus, we advise
caution in the use of reanalysis data to investigate cloud feedbacks. Investigations of changes in
climate, including clouds, on multi-decadal time scales or longer must consider a variety of reanal-
ysis products and additional sources of evidence (e.g. models, physical understanding, satellite
observations) to generate robust results. In our case, we contend that the feedbacks inferred from
MERRA-2 are likely in error in light of the results from the other reanalyses and atmosphere-only
GCM simulations, observed trends in cloud fraction from multiple datasets, and historical estimates
of changes in Earth’s radiative budget during the satellite era (Andrews et al. 2022; Clement et al.
2009; Otto et al. 2013; Seethala et al. 2015).

Across-reanalysis covariance matrices of the 1980-2014 marine low cloud feedback components
normalized by the across-reanalysis variance of the total feedback itself reveal further insight into
the reanalyses (Supplementary Figs. 13 and 14). We find that EIS, RH7¢o, and their covariance
explain nearly all of the across-reanalysis variance of the 1980-2014 marine low cloud feedback
estimates. In other words, the wide spread of cloud feedbacks inferred from the different reanalyses
is overwhelmingly due to uncertainties associated with EIS, RH7qo, and their covariance. This
may be due to the dependence of these CCFs on parameterizations in the models used to generate
the reanalyses or to differences in assimilated observing systems among the reanalyses. Improved
estimates of these quantities would help to tighten the confidence bounds surrounding marine cloud

feedbacks in recent decades.
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d. Observationally constraining the pattern effect

We conclude our analysis by observationally constraining the pattern effect. To do so, we define
the cloud feedback pattern effect as

A/lcloud /14XC02 /lhlst (2)

cloud cloud’

where /l‘c‘?ocugz is the near-global marine low cloud feedback arising from CO, quadrupling and
/lf:’;zfu 4 1s the near-global marine low cloud feedback over a given historical period, where each
feedback has been scaled by planetary fractional area, and where we have omitted the spatial
average operator for convenience. This definition follows the methods and sign convention of

Sherwood et al. (2020) to compute the pattern effect arising from all climate feedbacks. For
/14)6(;02

coud» We use the value constrained by MODIS and CERES and meteorological changes from

the abrupt4xCO2 experiments (as in Myers et al. (2021)). For /li’;fﬁl 4+ We use values constrained by
MODIS and CERES and varying meteorological changes from the AMIP-piForcing experiments
within 1870-2014 or the 1980-2014 meteorological changes from reanalyses. Our formulation
excludes pattern effects from clouds over land and poleward of 60° N/S; we expect these effects
to be smaller than those from marine low clouds. Uncertainty of Ad.jo,q 1s computed by adding
uncertainties of /lf;‘ocu?lz and /lf;i’u 4 In quadrature.

Figure 5 displays Ad.j,,q constrained in this way as a function of all available 35-yr changes
in SST and EIS with planetary warming within 1870-2014. The pattern effect depends strongly
on time period and reanalysis dataset considered, with changes in SST and EIS explaining much
of its variability. Changes in SST and EIS with warming tend to be anti-correlated, and Ad;ouq
increases rapidly as dSST/dT, decreases and dEIS/dT, increases. Based on the climate changes
of recent decades, a strong positive pattern effect is implied, whereas a weaker or even negative
pattern effect is implied when earlier decades in the historical period are selected. Furthermore, the
reanalysis-based estimates imply vastly different pattern effect magnitudes even when excluding
the unrealistic MERRA-2 (from which a near-zero pattern effect is implied), ranging from 0.55 W
m~2 K~' (ERA-I) to 1.57 W m~2 K~! (MERRA) (see also Table 2). Still, our estimates provide

observational evidence that the cloud feedback pattern effect of recent decades is positive, meaning
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Cloud Feedback Pattern Effect
for Varying Changes in SST and EIS
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FiG. 5. Cloud feedback pattern effect, Adcioud, constrained by MODIS- and CERES-derived meteorological
cloud radiative kernels as a function of all available 35-yr changes in near-global (60° S - 60° N) SST and
EIS with planetary warming within 1870-2014, computed using meteorological changes from AMIP-piForcing
experiments or reanalyses. Increasing circle size corresponds to more recent 35-yr periods. Long-term changes
in SST and EIS with planetary warming from abrupt4xCO?2 experiments of the 18 CMIP5 and CMIP6 models
considered by Myers et al. (2021) are also shown as box plots, in which the diamond denotes the ensemble mean,
the middle line denotes the median, the box spans the interquartile range, and the whiskers span the full range of
values. Dashed vertical and horizontal lines representing the ensemble mean abrupt4xCO2 changes in SST and
EIS with planetary warming, respectively, are also plotted for clarity. A cloud feedback pattern effect of zero (by

definition) is plotted as a diamond at the intersection of these lines for additional reference.

that cloud feedbacks from increasing CO, are likely more amplifying than the recent historical
feedbacks.
Although we have shown a strong time-dependence of Ad.;y,q, We also compute Adgjpyuq USIng

long-term 1870-2014 meteorological changes from the AMIP-piForcing experiments. This allows
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Table 2. Estimates of the cloud feedback pattern effect, Adciouq (in W m~™2 K1), and the pattern effect arising
from all climate feedbacks, A2 (in W m™ K1), constrained by MODIS- and CERES-derived meteorological
cloud radiative kernels and 1980-2014 meteorological changes from AMIP-piForcing experiments or reanalyses.
Error-bars span 90% confidence intervals. Uncertainty in A1 is computed by adding uncertainties of Al joua
and Adysper in quadrature. Note that for each reanalysis-based Ad.jo,q €Stimate, error-bars consider uncertainty

exclusively arising from imperfect estimates of dR(0, ¢)/dx;.

Dataset for Meteorological Changes Alcloud Al
AMIP-piForcing 0.54+0.22  1.62+0.46
CFSR 0.95+0.25  2.03+0.47
ERA-I 0.55+0.21  1.63+0.45
ERAS 0.60+0.20  1.68+0.45
JRAS5 0.86+0.21  1.94+0.45
MERRA 1.57+0.26  2.65+0.48
MERRA-2 0.01+0.22 1.1+0.45
Multi-reanalysis Ensemble 0.78+0.21  1.86+0.45

for a comparison to published estimates of the pattern effect. Here, we compute the meteorological
changes per degree planetary warming as the difference in mean x; divided by the difference in
mean T, between years 1870-1904 (first 35 years) and 1980-2014 (last 35 years), averaged over six
models. In this case, Adqjoug becomes 0.18+0.22 W m~2 K~!, much weaker than values based on
the climate changes of recent decades, a finding consistent with Andrews et al. (2022).

To further put our results into the context of previous work, we convert our observationally
constrained estimates of the cloud feedback pattern effect to estimates of the pattern effect arising
from all climate feedbacks, AA (the abrupt4xCO2 climate feedback parameter, A, minus the
historical 1). We do this as follows. First, we select the long-term GCM-based values of AA
provided by Andrews et al. (2022). We also use the methods and data from Andrews et al. (2022)
to compute GCM-based values of AA for 1980-2014. For each time period, we then subtract the
simulated Ad;jo,q from AA for the six GCMs considered in our study and compute the ensemble
mean to derive the portion of the pattern effect, Ad,per, that arises from feedbacks not related
to marine low clouds (e.g from changes in lapse rate). Finally, we add this GCM-based quantity

and its uncertainty (taken as the inter-model range) to our observationally-constrained estimates of
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AA¢ioua to derive constrained estimates of AA, given as
Ad = A/lcl(md + A/lother- (3)

The results for the recent observational period are summarized in Table 2. Using 1980-2014
meteorological changes from the Multi-reanalysis Ensemble, we find that AA=1.86+0.45 W m~>
K~!, though considerable uncertainty is evident across the reanalysis-based estimates. Using 1870-
2014 meteorological changes from the AMIP-piForcing experiments, we find that A1=0.72+0.28
W m~2 K~!. These estimates are similar to and statistically indistinguishable from those derived
by Andrews et al. (2022) using GCMs alone (see their Table 3), though we find a somewhat larger
value of A4 for recent decades. Therefore, independent model and observational evidence suggests
that global climate feedbacks associated with increasing CO, are more amplifying than historical

feedbacks, especially in the last several decades.

4. Conclusions

We have provided observational evidence for the pattern effect using cloud-controlling factor
analysis. In this framework, we estimate multi-decadal marine low cloud feedbacks from 1870
to 2014 by convolving the satellite-derived meteorological cloud radiative kernels developed by
Scott et al. (2020) with estimates of historical meteorological changes with planetary warming.
Atmospheric reanalyses and GCMs forced by historical SST patterns provide estimates of the
historical meteorological changes. This framework is meant to constrain the response of clouds to
large-scale forcing (SST patterns and associated meteorological perturbations), not to reduce the
uncertainty surrounding the large-scale forcing itself.

Multi-decadal (35-yr) variations in the low cloud feedback observationally-constrained in this
way are qualitatively consistent with variations in cloud feedbacks produced by the ensemble
mean of GCMs forced by historical SST patterns. Recent feedbacks are anomalous relative to
the previous ~100 years, consistent with previous studies (Andrews et al. 2018, 2022; Dong et al.
2021). Feedbacks constrained by satellite observations and 1980-2014 meteorological changes
from reanalyses are strongly negative in the stratocumulus regions over the eastern subtropical
Pacific and driven primarily by increasing EIS, similar to feedbacks constrained by 1980-2014

meteorological changes from GCM:s forced by historical SSTs. Hence, changes in marine clouds
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over the last several decades have likely been driven by changes in the pattern of SST and the
resulting variations in large-scale meteorological conditions, primarily an increase in EIS. This
corroborates the findings of Zhou et al. (2016) and Cesana and Del Genio (2021). We note that
our method does not estimate historical changes in low clouds driven by aerosols alone, which may
play a role in the pattern effect (Salvi et al. 2022); this is a topic we leave for future research. For
example, the framework of Wall et al. (2022) provides a means to observationally constrain the
impact of aerosols on historical marine cloud changes - and, by extension, the pattern effect.

Crucially, long-term marine low cloud feedbacks from increasing CO; constrained by obser-
vations (as in Myers et al. (2021)) and simulated by GCMs are much more amplifying than the
recent historical feedbacks simulated by models or as estimated using our observational approach.
This implies a strong pattern effect and suggests that the processes responsible for recent historical
marine low cloud changes are distinct from those associated with a long-term increase in CO,.

However, the cloud feedback pattern effect (the difference between the 35-yr historical and long-
term CO;-induced near-global marine low cloud feedbacks) constrained by observations depends
strongly on time period and reanalysis dataset considered. Indeed, the pattern effect computed
using 1980-2014 meteorological changes from the six out of seven reanalyses that are not obviously
in error ranges from 0.55 W m~2 K~! (ERA-I) to 1.57 W m~2 K~! (MERRA). Additionally, the
constrained pattern effect computed using meteorological changes from SST-driven atmosphere-
only GCMs implies a near-zero, weak, or pattern effect of opposite sign for several non-recent
periods since 1870. We attribute the time- and dataset-dependence of the pattern effect to varying
changes in SST and EIS with planetary warming.

We also derived observationally constrained estimates of the pattern effect arising from all climate
feedbacks by using GCM simulations to simply add to the cloud feedback pattern effect the portion
of the pattern effect that arises from feedbacks not related to marine low clouds (e.g. from changes
in lapse rate). The resulting estimates are similar to those provided by Andrews et al. (2022),
though considerable uncertainty exists owing to the large spread of 1980-2014 meteorological
changes across reanalyses.

The observational evidence we have presented bolsters confidence in previous estimates of the
pattern effect, which, prior to our work, relied largely upon model estimates of cloud changes.

Our findings motivate further study addressing the basic question at the heart of the pattern effect:
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Why does the recent historical pattern of Pacific SST change not resemble the SST response to
increasing CO, predicted by GCMs? The leading hypotheses addressing this question (Hartmann
2022; Heede and Fedorov 2021; Kostov et al. 2018; Rye et al. 2020; Seager et al. 2019; Sherwood
etal. 2020; Watanabe et al. 2021; Wills et al. 2022) have different implications for climate sensitivity,
which underscores the importance of further reducing this key climate change uncertainty. Our
findings also motivate a greater understanding for the reasons behind disparate behavior across
reanalyses. We have identified EIS, RH7¢p, and their covariance as the dominant drivers of
reanalysis uncertainty. Reducing uncertainty with respect to how SST patterns and associated
meteorological perturbations actually evolved over recent decades would help to narrow the bounds

of uncertainty surrounding the pattern effect.
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