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ABSTRACT: Atmospheric models forced with observed sea-surface temperatures (SSTs) suggest
more-stabilizing cloud feedback in recent decades, partly due to the surface cooling trend in the
eastern Pacific (EP) and the warming trend in the western Pacific (WP). Here we show model
evidence that the low-cloud feedback has contributions from both forced and unforced feedback
components, and that its time variation arises in large part through changes in the relative importance
of the two over time, rather than through variations in forced feedbacks as is often assumed. Initial-
condition large ensembles (LEs) suggest that the SST patterns are dominated by unforced variations
for 30-year windows ending prior to the 1980s. In general, unforced SSTs are representative of an
ENSO-like pattern, which corresponds to weak low-level stability in the tropics and less-stabilizing
low-cloud feedback. Since the 1980s, the forced signals have become stronger, outweighing the
unforced signals for the 30-year windows ending after the 2010s. Forced SSTs are characterized
by relatively uniform warming with an enhancement in the WP, corresponding to more-stabilizing
low-cloud feedback in most cases. The time-evolving SST pattern due to this increasing importance
of forced signals is the dominant contributor to the recent stabilizing shift of low-cloud feedback in
the LEs. Observed SST patterns also suggest a reduction in the relative role of unforced ENSO-like
variability since the 1980s. However, the observed SST patterns show strong WP warming and EP
cooling trend, which actuates a shift in low-cloud feedback toward more-stabilizing values with a

trend that lies outside the model ensembles.
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1. Introduction

Projections of future warming in response to forcing depend on the magnitude of radiative
feedbacks and, in particular, on how clouds will respond to changing climate conditions (Bony and
Dufresne 2005; Sherwood et al. 2014; IPCC 2023). Previous research has shown that radiative
feedbacks have considerable temporal variations (Andrews et al. 2015; Zhou et al. 2016; Andrews
et al. 2018; Dong et al. 2020; Gregory et al. 2020; Rugenstein et al. 2020; Andrews et al. 2022),
which adds to the uncertainty of climate prediction (Frey et al. 2017; Sherwood et al. 2020;
Gjermundsen et al. 2021; Watanabe et al. 2021; IPCC 2023).

Radiative feedbacks vary over time in both the historical period (since around 1850) and fu-
ture warming simulations. In most fully-coupled atmosphere-ocean general circulation models
(AOGCMs) where the atmospheric CO, concentration is abruptly quadrupled and kept constant
for the rest of the simulation, the net radiative feedback becomes less stabilizing over time (higher
effective climate sensitivity) (Geoffroy et al. 2013; Andrews et al. 2015; Ceppi and Gregory 2017;
Dong et al. 2020; Rugenstein et al. 2020). In the historical period, the feedback shows strong
variability on decadal timescales. Most AOGCM historical simulations suggest a shift toward less-
stabilizing net radiative feedback (higher effective climate sensitivity) over the past few decades
(Gregory et al. 2020; Dong et al. 2021; Salvi et al. 2023). However, atmospheric general circulation
models (AGCM) with prescribed observational SST and sea ice instead indicate a more-stabilizing
net radiative feedback (lower effective climate sensitivity) during the same time period (Zhou et al.
2016; Gregory and Andrews 2016; Andrews et al. 2018, 2022). The time evolution of net radiative
feedback has been interpreted through changes in SST patterns, also referred to as the pattern effect
(Stevens et al. 2016; Zhou et al. 2017; Dong et al. 2019). The divergent trends of net radiative
feedback between the abovementioned AOGCM and AGCM simulations in recent decades can be
explained by discrepancies between the modeled and observed SST patterns (Dong et al. 2021).

The potential for radiative feedbacks to vary over time as the SST pattern evolves has largely
been interpreted in terms of a forced climate response. For instance, as is seen most clearly under
an abrupt CO; doubling or quadrupling, SST patterns and thus radiative feedbacks vary as the
ocean adjusts on a range of timescales (Held et al. 2010; Winton et al. 2010; Armour et al. 2013;
Geoffroy et al. 2013; Rose et al. 2014; Rose and Rayborn 2016; Rugenstein et al. 2016; Lin et al.

2019, 2021; Eiselt and Graversen 2023). Moreover, non-CO, forcing agents, such as anthropogenic
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aerosols or volcanic eruptions, can produce time-varying SST patterns and radiative feedbacks that
are distinct from those from CO, forcing (Shindell 2014; Gregory et al. 2016; Marvel et al. 2016;
Gregory et al. 2020; Giinther et al. 2022; Salvi et al. 2023; Zhou et al. 2023). Another branch
of literature has also shown that internal variability can influence radiative feedbacks through its
influence on evolving SST patterns (Huber et al. 2014; Dessler et al. 2018; Gregory et al. 2020) and
that, in general, the spatial patterns and magnitudes of radiative feedbacks under different modes
of internal variability (“‘unforced feedbacks™) are distinct from those induced by radiative forcing
(“forced feedbacks”) (Donohoe et al. 2014; Proistosescu et al. 2018; Wills et al. 2021; Uribe et al.
2022).

Here we investigate another contribution to the time variation of radiative feedbacks. In light
of the fact that forced and unforced feedbacks have different magnitudes, it is possible that a
portion of net radiative feedback time evolution may stem from a changing relative importance of
internal variability and forced response — rather than through variations in the magnitude of forced
feedbacks alone (as is often assumed). For instance, early in the historical record when radiative
forcing is small, we might expect the net radiative feedback to largely reflect feedbacks associated
with internal variability. However, later in the historical record and in the future when radiative
forcing is strong, we might expect the net radiative feedback to largely reflect feedbacks induced by
the forcing. A key question is, how important is such a shift in the relative importance of internal
variability and forced response to the overall time variation of radiative feedbacks?

To answer the question, we begin by laying out a statistical framework to showcase how forced
and unforced variations combine to yield a net global radiative feedback (Section 2). Results on the
relative importance of the forced and unforced signals from three initial-condition large ensembles
are then shown in Section 2. In Section 3, we focus on the time evolution of low-cloud feedback and
decompose the feedback change into components related to changes in forced response, changes
in unforced variability, and changes in their relative importance. Section 4 highlights the role of
the SST pattern effect in connecting the time-evolving SST pattern and low-cloud feedback. A
coherent analysis of the CMIP6 models and the observation data is shown in Section 5. In Section

6, we summarize our findings and discuss the further implications of our research.
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2. Relative importance of forced and unforced responses

a. Initial-condition large ensembles

To isolate the forced responses from the unforced internal variability, we used single-model,
initial-condition large ensembles, including Community Earth System Model Version 2 large
ensemble (CESM2-LE; Rodgers et al. (2021)), Max Planck Institute for Meteorology Grand En-
semble (MPI-GE; Maher et al. (2019)), and simulations from the National Aeronautics and Space
Administration (NASA) Goddard Institute for Space Studies (GISS-LE; Kelley et al. (2020); Bauer
et al. (2020); Miller et al. (2021)). The initial-condition large ensembles aim to create a large
number of simulations with identical forcing and slightly different atmospheric and/or oceanic
initial conditions. By taking the ensemble mean, the relative contribution of internal variability is
expected to weaken to 1/VN, where N is the size of the ensemble members (Gregory et al. 2020).
Here CESM2-LE (N = 100), MPI-GE (N = 100), and GISS-LE (N = 48) all have relatively large
N. Thus, any target field X in large ensemble simulations can be decomposed into two parts: (1)
the ensemble-mean values of X (denoted as (X)), which approximates the forced responses (X);
and (2) the anomalies relative to the ensemble mean of X (denoted as X™), which approximates

unforced variability (X),).

X = (X)+X*, 2.1)
X; ~ (X), (2.2)
X, ~ X*. (2.3)

b. Radiative feedback estimation

The evaluation of net radiative feedback often starts with the global-mean energy balance equation
N =F+R =~ F+AT (Gregory et al. 2004), where N is net downward radiation at the top-of-
atmosphere (TOA), F is effective radiative forcing, and R represents radiative responses (positive
downwards). R is often approximated as AT, where T indicates the global-mean surface temperature
responses that act to dampen or amplify R through stabilizing or destabilizing feedback processes,
denoted as A. Here the net radiative feedback (1) is negative for a stable climate, thus a more

negative (more-stabilizing) A implies a less-sensitive climate.



3

114

115

116

17

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

In non-equilibrium climate states, such as for historical warming when the climate is still adjusting
to forcing, A is often quantified using the difference between two states, denoted as subscript | and

2 (Gregory et al. 2002; Dessler et al. 2018).

_(R2—Ry) (N2=N)-(F-F)

= = 2.4
(T, -T) (T, -T) @4)

At the same time, A can be written in a differential form, where the derivatives can be estimated

through linear regressions (Gregory et al. 2004; Rugenstein and Armour 2021).

R N-F
(R _dV-F)

T dr - dT 2:5)

c. Forced and unforced contributions to OLS regressions: Theory

The ordinary least squares (OLS) regression is widely used when examining the regression
form of radiative feedback (e.g., Sherwood et al. (2020)). In a similar regression form, the SST
pattern is usually calculated by regressing the map of regional SSTs against the global-mean values
of surface temperature (e.g., Andrews et al. (2015)). The use of OLS regression relies on the
assumption that the independent variable (i.e., the x-variable) is uncorrelated with the error term in
the regression model, so the error term only considers unpredictable random error (i.e., the noise
of the dependent variable). Thus, OLS regression estimates of radiative feedbacks may be biased
when forced responses and unforced variability are tangled in both the independent variable (e.g.,
global-mean surface temperature) and the independent variable (e.g., radiation). In the following
text, we will quantify the relative contribution of forced and unforced signals to OLS regressions.
We will also show how the two components jointly drive the time variation of SST patterns and
radiative feedbacks.

Take the regression of a given field X against global-mean surface temperature (7 ) in a given
historical time period, for example. Both the independent variable (7,) and the dependent variable
(X) consist of two parts that evolve with time: a forced response to net radiative forcing (from

greenhouse gases, aerosols, land use, etc.) and an unforced response related to internal variability.
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We can express the two components as follows:

Tg =T r+Tgu, (2.6)

X =Xr+Xy, (2.7)

where the subscripts ; and , indicate the forced and unforced response, respectively. By substituting
the full response with the forced and unforced components, the regression-based estimate of j—}i
can be written as:
dX cov(X,Ty) cov(Xp+Xy,To r+Tgu)
dT, var(Tg) var(Ty r+T4 )
_cov(Xy, T p) +cov(Xp, Tgu) +cov(Xy, Ty, r) + cov(Xy, Ty u)
var(Tg r)+2cov(Tg ¢, Ty ) +var(Ty )

(2.8)

b

where cov(x,y) is the covariance between the variable x and y, and var(x) is the variance of
x. Both are estimated within a given time period (e.g., a 30-year window). Since there is a
general difference between the time evolution of forced and unforced response, namely, the former
is more linear with time due to the accumulating radiative forcing, whereas the latter consists
of internal variations across different timescales (mainly interannual to decadal oscillations for
a 30-year window), we assume that the covariance between the forced and unforced response is

small. Following this assumption, which we will test later, Equation 2.8 can then be expressed as:

dX cov(Xyp,Tg ) +cov(Xy,Tgu)
dT, B var(Tg ¢) +var(Ty )

o, (2.9)

where the residual (o) accounts for the combined effect from the three covariances between the
forced and unforced responses, including cov(Ty, r,Tg ), cov(Xyr,Tg,), and cov(Xy, T, r). By
re-arranging Equation 2.9, the regression estimate can be decomposed into forced and unforced

regressions as follows:

dX cov(Xy, T, r) var(Tg 1) .\ cov(X,,Tg ) var(Tg ) .\
= a
dT, var(Tg.r) var(Tg ) +var(Ty ) var(Tg,) var(Tg ) +var(Ty )
Iy s 5 5 Ey 5 (2.10)
dXy var(Ty, r) dX, var(Ty )

= + +o.
dTg pvar(Te p)+var(Ty,) dT,,var(T, p)+var(Tg,)
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Equation 2.10 suggests that the overall regression estimate is a linear combination of the forced and
. . . o . . dXy
unforced regressions, with a specific weighting applied to each term. For forced regression (dT—gff),

it is multiplied by the ratio of forced 7, variance (var (7T, r)) to the sum of forced 7, variance and

X,
i

unforced T, variance (var(Tg r) +var(Tg,)). Similarly, unforced regression ( ) is multiplied
by the ratio of unforced 7, variance (var(7T,,)) to the sum of forced 7, variance and unforced 7,

variance (var(T, r) +var(T,,)). We can simplify the equation further by writing it as:

dX dX;  dX

- TR 2.11
ar, "ty tar, T .11)
T,
po 20 Ter) 2.12)
var (T, r)+var(Ty )

The ratio r and (1 —r) indicate, respectively, the relative importance of forced and unforced
temperature variance during the interval over which the regression has been performed. When
r is small, the influence of forced regression on overall regression is weak, and the regression is
largely determined by the unforced variability of X and 7,. Vice versa for large r. If X is taken
to be the net TOA radiation (R), the net radiative feedback can be written as a weighted sum of
the feedback in response to forced variations and the feedback in response to unforced variations
(A=A7r+2,(1=r)+0). Similarly, if X represents regional warming, then 5—7}2 becomes the net
warming pattern over the time interval, and it will like-wise be a weighted sum of forced and
unforced components.

In summary, here we demonstrate how the forced and unforced signals jointly affect the strength
of the OLS regression, which is widely used to calculate radiative feedback (X = R) and quantify
SST patterns (X = SST). For each OLS regression, changes in either forced or unforced regression
alter the strength of the overall regression. Even when both components are constant over time,
changes in their relative importance (quantified as r and (1 —r)) could lead to time variation in the

overall regression.

d. Forced and unforced contributions to OLS regressions: Model results

Section 2¢ provides the theory of how the forced and unforced 7, variance determines their
relative importance in OLS regressions. Figure 1 shows the model results that echo the theory.

First, the forced and unforced T, in the three LEs are shown (Figs. la-c). Note that to be more
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consistent with observational SSTs (Section 5), here we define T, as the area-weighted average of
near-global (60°S-60°N) surface temperature over the ocean. This 7T, definition is different from
the commonly used global-mean surface temperature due to the exclusion of land and polar regions,
however, we highlight that the time evolution of the two is highly consistent and the different 7,
definition does not change the conclusions. Before 1980, all three LEs suggest a relatively mild
60°S-60°N warming due to the forcing (less than 0.4 K increase in T, ¢ since 1850; approximately
less than 0.1 K for 30-year intervals). For comparison, the range of unforced 7, variations over
30-year intervals is around 0.4-0.8 K. Since the 1980s, the forced component has strengthened,
and so has the forced warming rate.

Figures 1d-f show the total, forced, and unforced 7, variance calculated in sliding 30-year
windows, where the x-axis indicates the end year of each window. For 30-year windows ending
before 1980 (i.e., before the first green line), the forced T, variance is generally weaker than the
unforced T, variance. However, since the 1980s, the forced 7, variance has strengthened, while the
unforced 7, variance remains of similar magnitudes. This different time evolution between forced
and unforced T, variance implies that forced responses have weighed more in OLS regressions
after the 1980s.

Indeed, the ratio r (defined in Eq. 2.12), which quantifies the relative importance of forced
signals, remains small for the 30-year windows ending before 1980 (Figs. 1g-1). The averaged r
before 1980 (i.e., the average over multiple windows) is 0.18 +£0.02 in CESM2-LE, 0.28 £0.03 in
MPI-GE, and 0.15 +0.02 in GISS-LE, where the ensemble mean and 1 standard deviation (STD)
across ensembles are shown. After 1980, r increases rapidly, in parallel with the rapid increase
in GHG emissions. The forced and unforced T, variances are comparable between the end year
of the 1990s and the end year of the early 2000s (r ~ 0.5). As var(Ty r) continues to strengthen,
var (T r) generally outweighs var(Tg ) in the late 2000s (r > 0.5) and has become more and more
dominant since then. In GISS-LE, the overtake of forced signals in the 2000s is less obvious than
in the other two large ensembles. Take the end year of 2010 (1981-2010 window) for example,
r=0.72+0.06 in CESM2-LE, r =0.72+0.07 in MPI-GE, and r = 0.58 +0.05 in GISS-LE. Despite
the weaker r in 1981-2010 window in GISS-LE, all three models show a pronounced increase in

r between the 1951-1980 window and the 1981-2010 window (shown as the two vertical lines in
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Fig. 1; see the numbers in Table 1), suggesting an increasing dominance of forced signals in SST
patterns and radiative feedbacks over the past few decades.

While r is generally weak before the end year of 1980, we note that there are two local r maxima
in all three models, which can be linked to major volcanic eruptions (Gregory et al. 2016). The
first local maximum spans between the end year 1890 to the end year 1910 (i.e., the sliding 30-year
windows from 1861-1890 to 1881-1910), arising from the volcanic eruption of Krakatau in 1883
and the Santa Maria eruption in 1902. The second local maximum exists around the end year of
1930 (1901-1930 window), which includes the influences from both the 1902 Santa Maria eruption
and the 1912 Novarupta/Katmai eruption. Furthermore, there is a local minimum around the end

year of 1960, consistent with the decrease in major volcanic eruptions between 1920-1960.

CESM2-LE  MPI-GE GISS-LE
rl19s51-1980 (1) 0.24+0.07 0.38+0.08 0.25+0.04
rl1981-2010 (1) 0.72+0.06 0.72+0.07 0.58+0.05
Csst ave. (-9) 0.57+0.04 0.37+0.04 0.20+0.04
CssT,f ave. (mT‘ﬁ() 0.49 0.50 0.44
CssTu ave. (=) 0.59+0.04 0.31+0.05 0.14+0.04
Ceis ave. (=9) -0.05+0.10 -0.57+0.10 —0.63+0.08
CEls, f ave. (%) -0.62 -0.86 -0.68
CEis,u ave. (=02) 0.14+0.10 -0.39£0.11  —0.62+0.08
IPWP|1951_1080 (1) 0.44+0.11 0.82+0.07 0.78+0.05
IPWPy1951-1980 (1) 1.09 1.04 0.97
IPW P, 19511980 (1) 0.30+0.10  0.70+0.07 0.73+0.04
IPWP|1981_2010 (1) 0.77+£0.10  0.96+0.07 0.86+0.05
IPWP¢l1981-2010 (1) 1.03 1.09 1.03
IPW P, |1981-2010 (1) 0.32+0.10  0.74+0.08 0.71+0.05

TaBLE 1. Indices used to explain the time variation of low-cloud feedback (C) in the three initial-condition
large ensemble simulations. 7 is the ratio of the forced T, variance (Eq. 2.12). Css7 and Cg;s indicate the
low-cloud feedback due to changes in SST patterns and EIS patterns, and the subscripts y and ,, denote the
forced and unforced components (Eqgs. 3.1-3.4). The “average” in rows 3-8 indicates the average of multiple
30-year sliding windows before the end year of 1980. Also, the Indo-Pacific Warm Pool warming ratio, noted

dSST

as IPWP, is calculated as the regional average of T, in the western Pacific convective regions (30°S-30°N,

50°E-160°W) over the tropical average of % (30°S-30°N). The pipe symbol (]) in this table is followed by the
30-year window that is used to calculate the targeted field. Note that the forced components are calculated based
on the ensemble-mean fields, thus no spread across ensemble members is shown. For the total and unforced

components, the ensemble-mean values and 1 STD across ensembles are shown.

10
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Fic. 1. Time evolution of forced (red) and unforced (blue) Ty, in (a) CESM2-LE (b) MPI-GE, and (c) GISS-LE.
Here T, is the area-weighted average of surface temperature within 60°S-60°N over the ocean. (d-f) Time
evolution of the variance of Ty (black), T, 7 (red), and T, , (blue) in the three LEs. The variation is calculated
on a sliding 30-year window and the x-axis denotes the end year for each window. (g-i) The ratio of the Ty
variance (red; r defined in Eq. 2.12) and the ratio of the T, ,, variance (blue; 1 —r) in the three LEs. (j-1) Time
evolution of low-cloud feedback due to changes in full SST pattern (Csst), forced SST pattern (Cssr, f; red),
and unforced SST pattern (Cssr.,; blue) in the three LEs. Est. Cssr (dashed gray) is calculated as the ensemble
mean of 7Cssr, r+ (1 —r)Cssr,4, meaning that the difference between black and dashed gray line is the residual
term for ensemble mean. (m-o) Similar to (j-1), but for changes in full EIS pattern (Cg;s; black), forced EIS
pattern (Cgys, ; red), and unforced EIS pattern (Cgys,,; blue). Note that the range of y-axis in Cgjg is three
times larger than in Cssr. For each figure, dark-colored lines indicate the ensemble mean and light-colored lines
show each ensemble member. The end year of 1980 and 2010 is marked in (d)-(0), which respectively shows the

results from 1951-1980 and 1981-2010 window that we focus on.
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3. Time-evolving low-cloud feedback

a. Forced and unforced contributions to low-cloud feedback

Previous research has suggested that the responses of marine low clouds are the primary source
of inter-model spread in climate sensitivity estimates (e.g., Bony and Dufresne (2005)), and
that the change in cloud radiative feedback is responsible for the time evolution of net radiative
feedback (e.g. Zhou et al. (2016)). Therefore, here we focus on the time evolution of low-cloud
radiative feedback by combining the changes in SST and estimated inversion strength (EIS; Wood
and Bretherton (2006)) per unit warming with observation-based meteorological cloud radiative

kernels (Scott et al. 2020; Myers et al. 2021), as illustrated below.

OR dSST
CssT = moeme o 3.1
ST 5SST dT, -1
OR dEIS
Crrs = 2 —. 3.2
EIS = QEIS dT, 52

Csst and Cgjs indicate the low-cloud radiative feedback due to changes in SST and EIS pattern,
respectively. aas% and % are the meteorological cloud radiative kernels that quantify low-cloud
radiative responses to local SST and EIS perturbations, developed by Scott et al. (2020). Note that
the meteorological cloud radiative kernels are evaluated separately in four different observational
datasets, and we adopt the average of four kernels due to their similar patterns and overall mag-
nitudes (Scott et al. 2020; Myers et al. 2021). More importantly, since the meteorological cloud
radiative kernels are time-invariant and model-independent, any time dependence of the low-cloud
radiative feedback (C) analyzed here arises from the time evolution of SST or EIS patterns. The
inter-model spread in C can also be fully attributed to the spread in SST or EIS patterns.

To evaluate the relative contributions from forced and unforced patterns of SST and EIS to the

time-evolving C, we combine Equation 2.11 with Equations 3.1-3.2:

OR dSSTy  dSST,

Coor = + L1=r)+0]=C +Css7,(1=7) +e€, 33

S5 58ST [dTg,fr dTg,u( r)+ol sst, /7 +Csstu(1—r)+€ (3.3)
OR _dEIS dEIS

Cers = f “(1-r)+0] = Cirs.fr+Crrsa(1-7) +e, (3.4)

+
OEIS ' dT,; ~ dT,,

13
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where Cggr ¢ 1s the forced component and Cgsr, is the unforced component of the low-cloud
feedback that arises from the local impact of the SST pattern. Similarly, Cgys, s and Cgys,, indicate
the forced and unforced component of the EIS-related low-cloud feedback, which can be mostly
attributed to the remote impact of the SST patterns. € represents the residual and is simply o (Eq.
2.11) multiplied by time-invariant meteorological cloud radiative kernels.

The main advantage of our low-cloud feedback evaluation is to isolate the influences of SST
and EIS patterns on low-cloud feedback from other factors, such as the inter-model spread of
time-evolving radiative forcing (F; Pincus et al. (2016)) and the uncertainty of low-cloud radiative
responses to SST and EIS perturbations. Moreover, using meteorological cloud radiative kernels,
we have constrained observationally the dependence of low-cloud radiative effects on meteorology.
However, the caveat is that the low-cloud feedback evaluated here could be different from the low-

cloud feedback estimated exclusively in the models (i.e., allowing for model-specific coefficients).

b. Similarity and disparity among models

Following Equations 3.3-3.4, here we review the time variation of low-cloud feedback from each
AOGCM large ensembles and explain the shift in low-cloud feedback over the past few decades.
First, most of the ensemble members in CESM2-LE suggest a trend toward more negative Cssr
and Cgrs between the end year of 1960 and the end year of 2010, with EIS having a stronger
trend (black lines in Figs. 1j, m). Despite this negative trend in both Cgsr and Cgjs, we can
barely see the corresponding change in either forced or unforced components. Instead, we find
that the negative trend of Css7r and Cgjg is driven by changes in the relative importance of forced
and unforced components. Between the end year of 1960 and the end year of 2010, there is a
transition from being dominated by unforced signals (small r) to being dominated by forced signals
(large r; Fig. 1g). When unforced signals dominate, the overall C is largely determined by its
unforced component, thus the two have similar magnitudes (closer blue and black lines when r is
small). Similarly, when forced signals dominate, the overall C is largely determined by the forced
component (closer red and black lines when r is large). For both Css7r and Cg;g, since the unforced
component is generally more positive than the forced component, the decreasing importance of
unforced feedback (i.e., the increasing importance of forced feedback) in recent decades gives rise

to a more-negative (more-stabilizing) low-cloud feedback during this time.
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Similar explanations can be applied to MPI-GE and GISS-LE. For example, if the unforced
feedback component is more positive than the forced feedback component, such as Cg;s in CESM2-
LE and MPI-GE and Csgr in CESM2-LE (Table 1), the increasing importance of forced signals
implies a negative trend of the overall low-cloud feedback (Figs. 1j,m,n). If the forced feedback
component is more positive than the unforced feedback component (e.g., Cssr in MPI-GE and
GISS-LE; Table 1), the increasing importance of forced signals then implies a positive trend of the
overall feedback (Figs. 1k,1). If, in the last case, the forced and unforced feedback have similar
values (e.g., Cgrs in GISS-LE; Table 1), the overall feedback would barely change while r varies
over time (Fig. 1o). For all three models, the ensemble-mean residual (€) is negligible, shown
as the difference between the gray dashed lines and the black lines in Figures. 1j-o. The result
indicates small covariances of cov(Ty ¢, T, ), cov(Xy,T, ), and cov(X,,T, r) with X as SST or
EIS, and that the assumption made in Section 2c is generally valid.

By comparing the forced and unforced feedback among the three large ensembles, we also find
that the inter-model spread of the Cssr and Cg s arises mostly from the unforced component instead
of the forced component. For SST contribution, Cssr, r is 0.49, 0.50, and 0. 44 —— 1n CESM2-LE,
MPI-GE, and GISS-LE, respectively. However, Cssr,, is 0.59+0.04, 0.31 + 0.05, and 0.14+0.04
l}{ at the same model order. As for the EIS contribution, the spread of unforced feedback is even
larger to the extent that the sign is also uncertain. Cgjs,, 1s positive (0.14+0.10 l) in CESM2-LE,

while it is negative in MPI-GE and GISS-LE (-0.39+£0.11 and —0.62 +0.08 respectively).

2 K’
At the same time, the forced components have the same negative sign and similar magnitudes

(CErs,r =—0.62, —0.86, and —0. 68 1n CESM2-LE, MPI-GE, and GISS-LE, respectively).

c. Attribution of time-evolving low-cloud feedback

As shown in Equations 3.3-3.4, the temporal evolution of low-cloud feedback (Cssr and Cgjy)
can be driven by three possible components: (1) changes in the forced low-cloud feedback (Cssr, ¢
and Cgys,r) (2) changes in the unforced low-cloud feedback (Cssr,, and Cgys ), and (3) changes
in the relative importance between the forced and unforced signals, expressed as the ratio r (Eq.

2.12). Since the derivation for Cssr and Cgyg is identical, we will drop the subscripts and write
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the general form for low-cloud feedback as:

Ct)=Cr()r(t)+Cy(t)[1=r(t)] +€(1). (3.5)

Here ¢ indicates a given 30-year window used to calculate the feedback and the ratio. For the next
30-year window, we can write the same form with t =7+ 1. The change in C between the two

adjacent 30-year windows is then expressed as:

5C(1) = 5C(1)r (1) +6C, () [1 =1 (0)] +67(2) [C 1 (1) — Cu(1)] +5€(1), (3.6)
0X(t)=X({t+1)-X(1), (3.7)
X(1) = w (3.8)

X canbe C, Cy, Cy, or r. To attribute the C difference between the two non-adjacent windows, for
example, the 30-year windows 1951-1980 and 1981-2010, we can sum all the 6C(¢) between the

two:

1=1980-2009 t=1980-2009

dosCwy = Y ASCHOr(B)+6C, (1) [1-r ()] +6r (1) [Cr (1) - Cu(D)] +6€(n)}.
t=1951-1980 t=1951-1980 (3 9)

For clarity, we omit the time index and re-write Equation 3.9 into a more general form:

AC:Z(SCfF+Z6CM(1—7)+Z§r(C_f—C_M)+A6. (3.10)

A denotes the C difference given two windows and is simply the sum of all the differences from
adjacent windows between the two. Using Equation 3.10, we attribute the change in low-cloud
feedback between any two windows to the contribution of forced feedback changes (the first term
on the RHS), followed by the contribution of unforced feedback changes and the contribution of the
ratio changes (the second and the third term on the RHS). Ae again indicates the residual, which
is associated with the combined effects from the covariance between forced and unforced signals

(see Section 2c¢ for more details).
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1) HiSTORICAL PERIOD

Figure 2 shows the AC decomposition between the 30-year window 1951-1980 and 1981-2010.
In both CESM2-LE and MPI-GE, ACEgs is stronger than ACssr and suggests a negative shift of
low-cloud feedback during this period, consistent with Figure 1. The decomposition also reveals
that the change in r is the primary reason for the negative shift of Cg;g, shown as strong negative
values of Asz. In CESM2-LE, all ensemble members agree that the increasing importance of the
forced signals (increasing r) leads to negative ACgys (Fig. 2d). More than 75% of the ensemble
members in MPI-GE agree with the above result (Fig. 2e). Meanwhile, the change in the forced
component gives rise to a small increase in low-cloud feedback (A1). The influence of the unforced
feedback change varies among ensembles and has no robust contribution to AC in recent decades
(A). In GISS-LE, A3 contributes to the weak positive shift of Csgr (Fig. 2c). As for ACgys, the
strength of the forced and unforced components is similar, therefore the contribution of Ar is weak
and insignificant (Fig. 2f).

By decomposing the low-cloud feedback change between 1951-1980 and 1981-2010, we sum-
marize that the increasing importance of forced signals (increasing r) is the main cause for the shift

in low-cloud feedback over the past few decades in CESM2-LE and MPI-GE.

CESM2-LE MPI-GE GISS-LE

1B b 1c

s e S S S
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|
O ¢
=)

ACsst (Wm™2K~1)
Lbdd
o o

Ay :Y6CF
N2 6C,(1-T)

1 Je If A3:Y6r(Cr—Ca)

|
o000 +
oN®do N

ACgs (Wm~—2K~1)
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=]
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FiG. 2. Decomposition of ACssr between the 30-year window 1951-1980 and 1981-2010 in (a) CESM2-LE
(b) MPI-GE, and (c) GISS-LE. (d-f) Same as (a-c), but for ACg;s. Ay, Ay, and Az denote the first, the second,
and the third term RHS of Equation 3.10. In each box plot, the orange line indicates the median and the green

triangle indicates the ensemble mean.
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2) FUTURE WARMING SCENARIOS

In addition to the shift in low-cloud feedback (C) over the past few decades, we notice that C
also evolves with time in future warming projections. In general, we find that Cg;s becomes more
positive (less stabilizing) throughout the century in the SSP370 simulations of CEMS2-LE and the
RCPS8.5 simulations of MPI-GE, while the change in Cggr is relatively weak (Fig. 1). The result is
consistent with previous studies suggesting a less-stabilizing net radiative feedback over time due
to EIS changes in CO,-increasing simulations (Rose and Rayborn 2016; Ceppi and Gregory 2017,
2019; Dong et al. 2020; Lin et al. 2021).

To quantify and attribute the change in Cg;g, we decompose ACEg s between the current climate
(i.e., 1981-2010) and the projected climate at the end of the century (i.e., 2071-2099; Fig. 3). More
than 50% ensemble members in CESM2-LE and more than 75% ensemble members from MPI-GE
show positive ACgjs in response to future warming. More importantly, this long-term positive
change in Cgyg arises mainly from changes in the forced component, shown as strong positive
values of A; (Figs. 3c,d). Changes in either unforced component (A;,) or the relative importance
between forced and unforced signals (A3) instead lead to a more-negative Cgys for most of the

ensemble members.

CESM2-LE MPI-GE

ACsst (Wm=2K~1)
&
N

—081 1 By:Y6CAT
-1.0
Ny :D6C(1-7)
0.8 3 o
0.64< ] A3:36r(Cr—Cu)

R A} (ol S
T a

£ = 5 = ¥
il T

ACgs (Wm—2K~1)
&
N

A‘C A‘l A‘z A‘3 A‘E A‘C A‘l A‘z A‘3 A‘E

FiG. 3. Decomposition of ACss7 between the 30-year window 1981-2010 and 2070-2099 in (a) CESM2-LE
and (b) MPI-GE. (c-d) Same as (a-b), but for ACg;s. Ay, Ay, and Az denote the first, the second, and the third
term RHS of Equation 3.10. In each box plot, the orange line indicates the median and the green triangle indicates

the ensemble mean.
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4. The role of SST pattern effect

a. Overview

In this research, the time variation of low-cloud feedback (Cssr and Cgjg) solely depends on
changes in SST and EIS regressions, including their forced and unforced components. To build
a physical understanding that connects the two, we compare the time-evolving SST and EIS

regressions among the three large ensembles (Figs. 4-5) and highlight the role of SST pattern

dsST and ¢ELS dEIS

effect in setting the time-evolving C. The spatial patterns i

are obtained by regressing
local SST and EIS onto global-mean temperature change and separatlng into forced and unforced

components following Equation 2.11.

For all three large ensembles, the overall SST pattern ( dj#;

by both the forced (CilSTZf

first column of Fig. 4) is determined
dSSTu .

; second column) and the unforced component (7—*; third column),
depending on their relative importance indicated by r (Fig. 1; Table 1). The residual (o; fourth
column of Fig. 4) remains small throughout different time periods, again indicating that the
assumption made in Section 2c is valid. The forced SST pattern characterizes more uniform
warming per unit increase in T, y while the unforced SST pattern is more heterogeneous per unit

change in T ,,. All three models commonly show this fundamental difference between the forced

and unforced SST patterns from the preindustrial era to the end of the 21st century.

b. Historical period

Within the large ensembles, the unforced SST pattern is similar to the SST anomalies from the
prevailing climate variability in interannual timescales - El Nifio Southern Oscillation (ENSO),
which we first illustrate for CESM2-LE. Per unit increase in T, there is an enhanced surface
warming in the EP and surface cooling in the WP (Fig. 4, first row, third column). Due to the
small 7 in the 30-year window of 1951-1980 (r = 0.24 +£0.07), the overall SST pattern (dSST) also
holds the ENSO-like SST features (Fig. 4, first row, first column). The surface cooling in the
WP convective regions leads to an overall cooling in the free troposphere in the tropics, which
destabilizes the low-level troposphere. The destabilization is particularly strong in the EP because
of the substantial contrast between the free-tropospheric cooling and the surface enhanced warming

(Fig. 35, first row, first and third column). Also, the low-level destabilization acts to decrease the
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marine stratocumulus cloud over the EP (Wood and Bretherton 2006), accounting for more-positive
low-cloud feedback during this time.

In the 30-year window of 1981-2010, on the other hand, the overall SST pattern is largely affected
by the forced signals (r = 0.72 £0.06). Compared to the unforced SST pattern, the forced SST
pattern is more spatially uniform, with slightly enhanced warming in the Northern Hemisphere
(NH) and reduced warming in the Southern Hemisphere (SH). The surface warming in the WP
convective regions is also stronger than that in the EP stratocumulus cloud regions (Fig. 4,
second row, second column). As a result, the overall SST pattern in 1981-2010 is less ENSO-like
compared to that in 1951-1980 (Fig. 4, second row, first column), corresponding to a more-stable
low-level troposphere in the EP (Fig. 5, second row, first column). The 1981-2010 meteorology
condition favors low-cloud formation and more-stabilizing low-cloud feedback in comparison to
that in 1951-1980.

The above-mentioned mechanism applies to all three LEs, highlighting the distinct forced and
unforced SST patterns that jointly shape the overall SST pattern with time-dependent weighting (r)
for each component. We particularly focus on the warming contrast between the WP and EP, which
explains the time variation of low-cloud feedback through modifying low-level stability (Cgys),
while Cgsr that quantifies local SST impacts plays a minor role in adjusting the C variations in
recent decades. To further quantify this radiatively essential SST pattern, we define the Indo-Pacific
Warm Pool warming ratio (/ PW P) as the regional average of djTi,T in the western Pacific convective
regions (30°S-30°N, 50°E-160°W) over the tropical average of djTSgT (30°S-30°N), consistent with
the quantification proposed in Dong et al. (2019) and Wills et al. (2022).

In CESM2-LE, the I PW P index becomes larger from 0.44+0.111in 1951-1980to =0.77+0.101in
1981-2010 (Table 1), associated with more-stabilizing low-cloud feedback. The increased /PW P
index can be explained by the increase in r, along with small unforced /PW P indices and large
forced IPW P indices. In MPI-GE and GISS-LE, we also observe an increase in the /PW P index
but both with weaker magnitudes (Table 1). Given the similar time evolution of r among models
and the large inter-model spread of unforced Cg;s, we propose that the inter-model spread of /PW P
time evolution arises mostly from the unforced /PW P index.

Indeed, all three models produce similar forced /PWP index, ranging from 0.97 to 1.09 in
1951-1980 and 1.03 to 1.09 in 1981-2010. The close-to-unity values in both time periods indicate
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that the WP warming is similar to the overall warming in the tropics (i.e., spatially uniform forced
SST responses). However, the unforced /PW P index varies widely among models. In 1951-1980,
IPWP, is 0.30+0.10 in CESM2-LE, associated with the ENSO-like unforced SST pattern in
which surface cooling occurs in the WP convective regions (Fig. 4, first row, third column).
Meanwhile, this WP cooling is much more limited and weaker in MPI-GE despite the model still
projecting an ENSO-like unforced SST pattern (Fig. 4, fourth row, third column). In GISS-LE,
there is barely any cooling in the WP convective regions. Surface warming is strong in both the
tropical WP and EP regions (Fig. 4, seventh row, third column). This weak-to-no cooling in the
WP region would correspond to a higher /PW P index in both models (0.70 +0.07 in MPI-GE and
0.73 £0.04 in GISS-LE) in 1951-1980, limiting the /PW P increase in 1981-2010 when forced
signals has become more dominated. In summary, the large inter-model spread of unforced WP
relative warming (I PW P,,) echoes the large spread of unforced Cg s, (Fig. 1), which is responsible
not only for the inter-model spread of Cgjg, but also the diverse time evolution of Cgys among

models.

c. Future warming scenarios

The relative importance of the forced response (r) outweighs the unforced variability for the
30-year window ending around the 2010s and has become increasingly dominant over time since
then. At the end of the 21st century, r reaches 0.85-0.95, depending on the models and warming
scenarios (Fig. 1). Comparing the SST patterns between the window 1981-2010 and 2071-2099,
we find that the changes in the overall SST pattern arise mostly from the changes in the forced
component, except that some of the tropical regions are still influenced by unforced variability
in the earlier period. The result is expected since r has been large, indicating a weak influence
from the unforced variability. The change in forced SST pattern features delayed warming in the
southeastern Pacific and the Southern Ocean (Fig. 4), corresponding to a less-positive EIS in the
two regions (Fig. 5) and a less-stabilizing Cg;s. The time-evolving SST and EIS patterns explain
the forced contribution to the positive ACg s shown in Figure 3, highlighting the role of the pattern

effect.

21



453

454

455

456

457

458

SST pattern Forced component Unforced component Residual

i, g
) o )\

1951-1980

CESM2-LE
1981-2010

(9]

2.0

2070-2099

1.6

1.2

0.8

1951-1980

0.4

0.0

-0.4

MPI-GE
1981-2010

-0.8

-1.2

-1.6

2070-2099

-2.0

1951-1980

GISS-LE

1981-2010

Fic. 4. (from left to right) Overall SST pattern (%), the forced component (%), the unforced component

dT,
dTg u

(

For each panel, the 30-year window and the large ensembles used are labeled on the left. In the overall and

), and the residual term (o) calculated from different 30-year windows in the three AOGCM large ensembles.

unforced SST patterns, contours indicate the ensemble mean and stippling indicates the regions where the 1 STD

calculated across ensembles is larger than the ensemble-mean values. For the forced SST pattern, no stippling is

shown since it is calculated based on the ensemble-mean fields before applying the OLS regression.
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2070-2099
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Fic. 5. Same as Figure 4, but for overall EIS pattern (df—TIj), the forced component (%), the unforced
dEIS,

dTg u

component ( ), and the residual term (o) calculated from each 30-year window in each AOGCM large

ensembles.

S. Signal partition based on linear trends

a. Overview

In previous sections, we separate forced and unforced signals through initial-condition large
ensembles. However, the real world has only one realization with mixed forced and unforced signals.
Also, not all the models conduct initial-condition large ensembles. Therefore, we developed a
method to approximately discriminate the contributions from forced and unforced signals that can

be applied to both observations and models (when using only one ensemble member). In particular,
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we can write:
X =Xy + Xge, (5.1

where X;, indicates the linear-trend part of the responses calculated in a given 30-year window
and X, represents the linearly detrended part. The trend component captures relatively long-
term responses and is more likely to be driven by accumulative forcings, such as greenhouse gas
emissions. However, X;, does not equal forced responses (Xy # X;,). For example, linear trends
hardly capture the responses to volcanic eruptions, which have short-term yet strong impacts on
both temperature and radiation. Other natural or anthropogenic forcings might have nonlinear
influences as well, which won’t be fully represented by linear trends. At the same time, while
X 4. might be able to capture interannual-to-decadal unforced variations (e.g., ENSO), it does not
capture multi-decadal variability that fluctuates on a timescale longer than 30 years since the data are
detrended on sliding 30-year windows. In other words, multi-decadal variability will be included
as part of the trend component, so X;, does not equal unforced responses as well (X, # Xg.).
The separation of forced and unforced signals in the observation or in a single model realization
has remained a difficult issue in multiple research fields. While trend and detrend components
can not be directly approximated to forced and unforced components as in large ensembles, they
might serve as proxies of forced and unforced components as they still show the basic differences
between the two. Similar to the equation derived in Section 2c, the impacts of trend and detrend

components on OLS regressions can be evaluated as follows.

dX dXtr " dXde

= r
dT, ~ dT,, " dTyae
var(Tg )

(1=ry)+o, (5.2)

(5.3)

Ve = .
" var(Tg ) +var(Tg g0)

The above equations are the same as Equations 2.11-2.12, with X replaced by X;, and X,, replaced
by X4.. The residual (o) here accounts for the combined effect of cov(Ty 1/, Tg.de), cov(Xir, Tg de)s
and cov(Xge,Tg ). To distinguish r from the two different approaches, we express the relative
importance of the trend component as ry,, as opposed to r which indicates the relative importance

of the forced component.
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One way to validate the trend/detrend components as proxies of forced/unforced responses is to
compare these two approaches of signal partition in the same large ensembles. Figure 6 shows
Csst and Cgyg in the three large ensembles with their trend/detrend components and the relative
importance of each component. We find that the trend and detrend components can reproduce a
number of key features of the forced and unforced components, respectively. For example, both
r and r; have increased rapidly over the past few decades, and the two indices remain similar
throughout the century (compare Figs. 6d-f with Figs. 1g-1). The consistency between the two
approaches underscores the recent intensification of forced responses, which will dominate the
sliding linear trends.

The major difference between r and r;, occurs for the 30-year windows ending prior to the 1990s.
ry 1s generally weaker than r. Here we attribute the difference between r and r;- mainly to volcanic
forcings based on the following reasons. First, the climate impacts of volcanic eruptions are strong
yet relatively short-term. The temperature variation within a short time period is hardly captured by
30-year sliding linear trends, leading to a weaker r.. Also, the r;, time variation does not include
characteristics related to volcanic eruptions as in r (Section 2d), namely, r;- does not strengthen
with more-frequent eruptions and supposedly larger temperature variations, and does not weaken
with less-frequent eruptions as well (e.g., 1940-1960). As a result, we explore accounting for
volcanic eruptions in the trend and detrend components (method described in Text S1). We find
that r;, becomes larger and contains time-varying features related to eruptions, as in r. However,
because our main focus is on recent decades when the increasing importance of forced responses
is already well represented by the trend component without accounting for volcanic eruptions, the
conclusion of this study is unchanged with and without accounting for volcanic eruptions. For
simplicity, here we only show the results based on sliding linear trends (trend component) and
the anomalies (detrend component) without accounting for volcanic forcings, and leave the results

with volcanic forcings accounted in the Supplemental Material (Figs. S1-S4; Tables S2-S3).
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Fic. 6. Same as Figs. 1d-o, but for the overall (black), trend component (red), and detrend component (blue)

of each field in three large ensemble simulations.

b. Relative importance of trend and detrend components

Having validated the application of trend and detrend components, we proceed to examine 23
atmosphere-ocean coupled models participating in Coupled Model Intercomparison Project phase
6 (CMIP6; Eyring et al. (2016)), along with three observational datasets. For each CMIP6 model,
only one ensemble member is used for the historical and SSP370 simulations. In observations, we
analyze time-varying SST patterns from version 1.1 of the Met Office Hadley Centre sea ice and sea
surface temperature data set (HadISST1.1; Rayner et al. (2003)), NOAA Extended Reconstruction
SSTs Version 5 (ERSSTvS; Huang et al. (2017)), and NOAA-CIRES-DOE Twentieth Century
Reanalysis version 3 (20CRv3). Time-varying patterns of EIS can also be calculated from NOAA-
CIRES-DOE 20CRv3.

The relative importance of the trend component (r;-) remains small for the 30-year windows

ending prior to the 1980s, and has increased rapidly over the past few decades in CMIP6 models
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and observations (Figs. 7c-d). The result is consistent with both r and r; in large ensembles,
highlighting the agreement between models and observations on the robust strengthening of forced
and linear responses over the past few decades. Still, we note that the r;- values are slightly weaker
than r in NOAA-CIRES-DOE and ERSSTv5, and are even weaker in the CMIP6 models and
HadISST, partly due to the lack of volcanic eruptions in the trend component (compare Table 2

with Table 1).
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Fic. 7. Time variation of the variance of T, (black), Ty ; (red), and Tg 4. (blue) in (a) CMIP6 models and (b)
NOAA-CIRES-DOE 20CRv3. Variance is calculated on a sliding 30-year window. (c-d) Similar to (a-b), but
for the ratio of the T, variance (defined in Eq. 5.3). (e-f) Time variation of low-cloud feedback due to changes
in the overall SST pattern (Css7) along with its trend (red) and detrend (blue) components in (¢) CMIP6 models
and (f) NOAA-CIRES-DOE 20CRv3. Est. Cssr (dashed gray) is calculated as r;,Cssr.ir + (1 =71, )CsST. de>
meaning that the difference between black and dashed gray line is the residual term. (g-h) Same as (e-f), but for
the low-cloud feedback due to changes in EIS patterns (Cgjs). Dark-colored lines indicate the ensemble mean

and light-colored lines show each ensemble member.
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CMIP6 NOAA- ERSSTv5 HadISST

CIRES-DOE
Ferhosi—1080 (1) 0.10+£0.12  0.27 0.22 0.03
Fer hos1—2010 (1) 0.62+0.15  0.59 0.61 0.56

TaBLE 2. The relative importance of the trend component (r,; Eq. 5.3) in CMIP6 models and three different
observational SST datasets. The pipe symbol (]) is followed by the 30-year window that is used to calculate r;,.

For CMIP6 models, the multimodel-mean values and 1 STD across models are shown.

c. Time-evolving low-cloud feedback in historical period

Most of the CMIP6 models and the observation suggest a more-stabilizing Cgygs in the recent
30-50 years while the change in Cgsr stays weaker (Figs. 7e-h; Fig. 8), consistent with the
results obtained from large ensemble simulations (CESM2-LE and MPI-GE, less consistent with
GISS-LE). Regarding the cause of the Cg;s change between 1951-1980 and 1981-2010, most
CMIP6 models agree that the increasing importance of trend component is the main contributor
(strong negative Az in Fig. 8c), with the other two terms also slightly contributing to the negative
shift of Cgjs. The result is aligned with the three large ensembles (Fig. 2). However, the NOAA-
CIRES-DOE reanalysis (NOAA-CIRES-DOE 20CRv3) reveals that the change in trend component
is the dominant contributor to the overall negative shift of Cg;g (strong negative A; in Fig. 8d),
inconsistent with the ACg;s decomposition from the CMIP6 models and the large ensembles.

Similar LEs-observations differences can be found in the corresponding SST patterns. In 1951-
1980, all three observations analyzed here show an enhanced warming in the Southern Hemisphere
(SH) and a reduced warming in the Northern Hemisphere (NH) for the trend component (Fig. 9,
second column), while the large ensembles show a more uniform warming with slight enhancement
in the NH extratropics and the WP region for the forced component (Fig. 4, second column). Since
both r and r;, are small during this time, the overall SST/EIS patterns are less affected by the forced
or trend component. In 1981-2010 when r and r;, are large, the difference between the models
(forced component) and the observations (trend component) is essential in interpreting the models-
observations differences. The major difference between the two is the large-scale, triangle-shaped
Eastern Pacific cooling in the observation (trend component; Fig. 9) that is not reproduced in the
forced responses of AOGCM’s large ensemble simulations (Fig. 4). The ultimate reason for the
contrasting SST patterns between the models and observations is not well understood at this point,

but below we provide two plausible explanations.
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First, the difference between models and observations might come from the fact that the
trend/detrend components do not fully represent the forced/unforced responses. Despite the mod-
ification based on major eruptions that has been made, other issues such as nonlinear forced
responses (included in detrend component) or multi-decadal natural variability (included in trend
component) would also affect the partition between the trend and detrend components. Pacific
Decadal Oscillation (PDO), for example, is expected to affect the global SST pattern. During the
1980s to the 2010s, the PDO index shows a negative trend, which is aligned with the large-scale
Eastern Pacific cooling in the trend component of the three observations.

Second, it is possible that the models fail to project the correct forced responses as in the
observation, leading to biased SST patterns and weak negative to near-zero trends of low-cloud
feedback over the past few decades, consistent with previous research pointing out the systematic

model biases on recent surface warming patterns (Dong et al. 2021; Wills et al. 2022).
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models and (b) NOAA-CIRES-DOE 20CRv3. (c-d) Same as (a-c), but for the change in Cgys. In CMIP6, the

orange line indicates the median and the green triangle indicates the multimodel mean.
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6. Summary and discussion

This research examines the role of the SST pattern effect in driving the time-varying low-
cloud feedback (C), with a particular focus on the relative importance between forced responses
and unforced variability. We provide evidence that the time variation of C estimated via OLS
regressions can be attributed to three main contributors: changes in its forced component, changes
in its unforced component, and changes in the relative importance between the forced and unforced
components (see Sections 2¢ and 3c for more details).

Using initial-condition large ensembles, we find that the unforced signals outweigh the forced
signals for 30-year windows ending prior to the 1980s (Figs. 1d-f), thus the overall SST and EIS
patterns are strongly influenced by the unforced components, characterizing ENSO-like surface
conditions (Figs. 4-5). For 30-year windows ending after the 1980s, the forced signals have
strengthened, surpassing unforced signals around the 2010s (Figs. 1d-f), in parallel with the rapid
increase of external forcings. Since the forced SST patterns are relatively uniform (the second
column of Fig. 4), the overall SST patterns after the 1980s have become less heterogeneous (the
first column of Fig. 4). The time-evolving SST pattern gives rise to changes in low-cloud feedback
directly (Css7) and through modifying low-level stability (Cgs). Cssr and Cgys are the low-cloud
radiative feedbacks due to changes in SST and EIS, respectively. Most of the ensemble members
in CESM2-LE and MPI-GE agree on the stabilizing shift of Cg;g in the recent 30-50 years, with a
magnitude larger than the change in Cssr. More importantly, we find that the increasing importance
of forced signals is the dominant contributor to the negative shift of Cg s over the past few decades
(Fig. 2).

These results highlight the crucial role of strengthening forced responses relative to unforced
variations in modifying C, especially within recent decades when the overall radiative feedback
shifts from being dominated by unforced signals to being dominated by forced signals. This
shift can lead to large apparent time variations in feedbacks that are distinct from the type of
pattern-effect mechanisms related to ocean heat uptake that are invoked to explain time-varying
feedbacks in CO; doubling or quadrupling simulations. Rather, the time-evolving pattern described
here arises from the fact that OLS estimates have a time-varying mix of forced and unforced SST
patterns and feedbacks. Thus, a “pattern-effect” may arise even if both forced and unforced patterns

are themselves time-invariant. This influence has not been clearly quantified or demonstrated to
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our knowledge. Therefore, we suggest the forced and unforced component of radiative feedbacks
should be evaluated separately. When available, large ensembels should be used. When large
ensembles are not available, computing the ratio of trends in radiation and temperature rather than
regressing radiation against temperature can help filter out unforced high-frequency variability, as
well as volcanic events.

To conduct a coherent analysis on multiple CMIP6 models and observations for which large
ensembles are not available, we develop a method based on linear trends, aiming to approximately
isolate forced responses from unforced variations (which roughly correspond to trend and detrend
components). Consistent with the large ensembles, the detrend component dominates the trend
component for 30-year windows ending prior to the 1980s. The trend component has strengthened
since then, taking over the detrend component recently in most CMIP6 models and the observations
(Figs. 7c-d). Despite the similar time evolution of the relative importance of forced/unforced and
trend/detrend components, we find a much stronger stabilizing shift of Cgjs in the observation
that lies outside the model ensembles over the past few decades (Fig. 8). The change in the trend
component is the main factor causing a strong and negative shift of Cg;g in the observation, which
is inconsistent with the large ensembles that highlight the increasing importance of the forced
component in driving the negative change of Cg;g (compare Fig. 8 with Fig. 2). The discrepancy
between the observation and large ensembles arises from the observed SST trends in the recent

decades that are not included in the model ensembles (compare Fig. 9 with Fig. 4).
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S1. Modification based on volcanic eruptions

Large volcanic eruptions can influence global climate and can be considered as external forcings.
However, since their impacts are strong but relatively short-term (compared with other forcing
agents), they are barely captured by 30-year linear trends. Here, by estimating the impacts of major
volcanic eruptions and redistributing them into the trend components, we are able to improve
consistency between r and 7y,

The procedures to modify the trend/detrend components are described as follows. First, we
identify six major volcanic eruptions and assume their impacts on global temperature will last
for around five years (Impact Period in Table S1). For the 30-year windows that include these
impact periods, we compute the linear-trend part of the target field X without these impact periods
(XirnovE(t)), thus those linear components outside the impact periods are less affected by major

volcanic eruptions.

XirnovE(2) if ¢t ¢ impact period,
Modified X;,(t) = (S1)

Xirnove () +k[ X (t) — Xirnove(¢)]  if t € impact period.

Second, within the impact periods, we calculate the differences between full responses and linear
responses of X (i.e., X(¢) — Xy novE(2)) and suggest that the differences, to a varying extent, are
related to major volcanic eruptions and thus should be included in our modified trend components
to better represent the forced responses. Third, we multiplied these nonlinear anomalies with an
eruption-dependent, time-invariant x that indicates the relative importance of volcanic eruptions
among all other nonlinear factors, such as internal variability, responses to aerosol forcing, etc.
Here we design the values of « based on the strength of ENSO as it is the dominant interannual
climate variability and has global climate impacts. « is weaker when the major volcanic eruption
coincides with strong ENSO events. Fourth and the last step, we compute modified X4 () by
subtracting modified X;,(#) from X(f). The modified X;.(¢) and X, (z) can then be used to
calculate modified r;., SST/EIS patterns, and low-cloud feedback in sliding windows as usual.
Table S2 shows the skill improvement of the modified trend/detrend components as proxies of
forced/unforced components. For example, in CESM2-LE, modified r;, =0.25+0.14 in 1951-1980
(r=0.24+0.07) and r;, =0.67+0.11 in 1981-2010 (r = 0.72 £ 0.06). The improvement of r;, also
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helps to reduce the number of extreme feedback values (compare Fig. 6 with Fig. S1), thus the
trend/detrend components of low-cloud feedback become more comparable to the forced/unforced
components.

Despite the improvement of using trend/detrend components as proxies of forced/unforced com-
ponents, the outcome remains consistent whether major volcanic eruptions are considered or not.
To maintain simplicity, we present the results excluding major volcanic eruptions in the main paper

and reserve the corresponding discussion here.

Major Eruptions Impact Period K Strong/super ENSO
Krakatau 1883-1887 0.7 NA

Santa Maria 1902-1906 0.5 1902-03 (MEI> 2)
Novarupta/Katmai 1912-1916 0.5 1916-17 (MEI< -2)
Agung 1963-1967 0.7 NA

El Chichén 1982-1986 0.3 1982-83 (MEI> 3)
Pinatubo 1991-1995 0.5 1991-92 (MEI> 2)

TaBLE S1. Six historical major volcanic eruptions considered in the modification of trend/detrend components.
Impact period is approximated to five years (starting at the eruption year). For each impact period, the relative
importance of the major volcanic eruption to other nonlinear responses (e.g., natural variability) is parameterized
to k. Here « is set based on the strength of ENSO. We use Multivariate ENSO Index Version 2 (MEIL.v2) and
define strong ENSO as MEI > 2 (< —2) and super ENSO as MEI > 3 (< —3). When there is no strong ENSO
(=2 <MEI< 2), « is set to 0.7. When there is one or more strong (super) ENSO, « is set to 0.5 (0.3).

CESM2-LE MPI-GE GISS-LE
Tt 119511980 (1) 0.08+0.11 0.14+0.12 0.03+£0.04
7er l1981-2010 (1) 0.67+0.11 0.61+0.13 0.49+0.13
mod 74, | 19511980 (1) 0.25+0.14 0.32+0.13 0.20+0.08
mod 74, [1981-2010 (1) 0.73+£0.09 0.67+0.13 0.54+0.14

TaBLE S2. The relative importance of the trend component before modification (r;,) and after modification
(mod r;,-). The modification is made by accounting for the influences of the historical major volcanic eruptions.
Both are calculated in the windows 1951-1980 and 1981-2010 in the three large ensembles, with the ensemble-

mean value and 1 standard deviation across ensembles are shown.
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CMIP6 NOAA-CIRES- ERSSTvS HadISST
DOE
mod r¢y| 19511930 (1) 0.28+0.13 0.34 0.29 0.10
mod rtr|1931,2010 (1) 0.70+0.15 0.66 0.60 0.51

TaBLE S3. The relative importance of the modified trend component (mod r,,) in CMIP6 models and three

different observational SST datasets. The pipe symbol (|) is followed by the 30-year window that is used to

calculate modified r,,.. For CMIP6 models, the multimodel-mean value and 1 standard deviation across models

are shown.
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Fic. S1. Same as Figure 6, but with modification made by accounting for the influences of the historical major

volcanic eruptions.
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6 Fic. S2. Same as Figure 7, but with modification made by accounting for the influences of the historical major

& Vvolcanic eruptions.
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o7 FiG. S4. Same as Figure 9, but with modification made by accounting for the influences of the historical major

s volcanic eruptions.



	MAIN
	SI

