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ABSTRACT: Tropical cloud feedbacks are an important source of uncertainty in estimates of climate sensitivity. The ex-
tent to which changes in atmospheric circulation contribute to these feedbacks remains an open question. Here, all-sky ra-
diative flux observations and an atmospheric reanalysis are used to estimate tropical cloud feedbacks from multidecadal
trends (1985–2020) in cloud radiative effect and surface temperature. We decompose the observed feedbacks into dynamic
and nondynamic components to quantify the impact of circulation trends. Narrowing and strengthening of tropical ascent
lead to substantial dynamic feedbacks on regional scales that are similar in magnitude to the nondynamic feedbacks. How-
ever, as previously shown for high- and low-resolution climate models, large dynamic feedbacks in different circulation re-
gimes are connected by the atmospheric mass budget and approximately cancel when averaged across the tropics due to
the quasi-linear relationship between cloud radiative effect and vertical velocity. This results in small dynamic contributions
to the tropical-mean net, longwave, and shortwave feedbacks. We suggest that this result will hold in future and thus that
isolating the nondynamic components associated with individual cloud types can provide important insights into the pro-
cesses controlling the tropical-mean cloud feedback and its uncertainty. Additionally, we show that feedbacks estimated
from multidecadal trends differ from those estimated from interannual variability. We demonstrate that, for dynamic feed-
backs, this is because changes are controlled by different mechanisms and this leads to a differing spatial distribution of
temperature sensitivity. Finally, we provide new estimates of the uncertain combined tropical anvil area and albedo feed-
back using both multidecadal trends and interannual variability.
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1. Introduction

Cloud feedbacks are the largest sources of uncertainty in
estimates of equilibrium climate sensitivity (Zelinka et al.
2020). Long-standing difficulties in modeling clouds, caused
by the wide range of impactful processes and scales, have re-
sulted in observational studies becoming an important line of
evidence for estimating their feedbacks (Sherwood et al.
2020).

Observational cloud feedback estimates often rely on the
CERES dataset (Loeb et al. 2018) for top-of-atmosphere
(TOA) fluxes. However, data collection only began in 2000,
so CERES-based feedback estimates have largely focused on
intermonthly or interannual covariability between cloud radi-
ative effect (CRE) and surface temperatures. In an early
study of this kind, Dessler (2010) found a global-mean short-
term feedback of 10.50 6 0.75 W m22 K21 and, in a follow-
up paper, assessed that dataset choice led to variations of
0.2–0.3 W m22 K21 in this estimate (Dessler and Loeb 2013).

More recent global studies have produced similar estimates (e.g.,
Chao et al. 2024), while estimates of the equivalent tropical-
mean cloud feedback include 20.06 6 0.73 W m22 K21

(Williams and Pierrehumbert 2017) and 0.23 6 0.40 W m22 K21

(Raghuraman et al. 2024). Recently, Raghuraman et al.
(2023) used CERES to estimate the global-mean cloud feed-
back based on trends (rather than variability) in CRE and
surface temperature and found a global-mean feedback close
to zero (0.206 0.34 W m22 K21).

In this study, we use all-sky TOA radiative fluxes from the
Diagnosing Earth’s Energy Pathways in the Climate System
(DEEP-C) dataset (Liu and Allan 2022) which spans 1985–2020.
Combining DEEP-C all-sky fluxes with clear-sky fluxes from the
ERA5 atmospheric reanalysis (Hersbach et al. 2020) allows for
estimation of cloud feedbacks from trends over a period almost
double the length of the CERES observational period. Although
several other long-term products such as ISCCP (Young et al.
2018) and Cloud_cci AVHRR-PM (Stengel et al. 2020) include
TOA radiative fluxes, trends in those datasets are likely influ-
enced by variations in the contributing array of satellites, satel-
lite drift, and calibration changes (Norris and Evan 2015;
Hollmann and Pinnock 2020). DEEP-C carefully combines
CERES (Loeb et al. 2018) with the well-characterized and
bias-corrected Earth Radiation Budget Experiment Satellite
wide field of view (ERBS WFOV) dataset (Wielicki et al.
2002; Wong et al. 2006) and was originally created to esti-
mate the global TOA radiative flux imbalance (Liu et al.
2015).

Interpretation of observational estimates of cloud feed-
backs is hindered by the complexity of the climate system. It
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is well known that trends in TOA fluxes are driven by a range
of radiative forcings alongside CO2 (notably anthropogenic
aerosols) and also by internal variability. Additionally, TOA
flux anomalies comprise both instantaneous and surface tem-
perature–driven responses of the climate system to these
forcings (Raghuraman et al. 2021). However, increased un-
derstanding of the drivers of cloud feedbacks over recent dec-
ades may help constrain future cloud feedbacks.

In this study, we focus on interactions between clouds and
the large-scale atmospheric circulation, which remains a per-
sistent source of uncertainty in cloud feedbacks (Bony et al.
2015; Byrne and Schneider 2018; Bloch-Johnson et al. 2024).
Furthermore, we compare feedbacks estimated from trends
versus variability to learn about the extent to which contribut-
ing processes are similar on the two time scales. To isolate the
influence of the large-scale circulation, we decompose cloud feed-
backs by vertical velocity regime following Bony et al. (2004).
This method has previously been used to investigate the contri-
bution of circulation changes to cloud feedbacks in the CMIP5
ensemble (Byrne and Schneider 2018) and in cloud-resolving
models (Mackie and Byrne 2023) and to place observational con-
straints on dynamic cloud feedbacks from the CMIP6 ensemble
(Hill et al. 2023).

Motivated by where the largest uncertainties in cloud feed-
backs lie (Sherwood et al. 2020), we limit our analysis to the
tropics. Understanding and quantifying the changes in clouds
associated with deep convection is particularly important as
these clouds strongly reflect incoming shortwave radiation while
also having high, cold cloud tops that generate a local green-
house effect. Small changes in the balance of these effects could
result in sizeable changes in TOA fluxes. The associated feed-
backs are often related to changes in cloud altitude, albedo, and
area. Sherwood et al. (2020) cited changes in the area of tropical
anvils as the most uncertain cloud feedback, but recent stud-
ies have shown this feedback is likely small (McKim et al.
2024) and highlighted the albedo feedback as potentially
playing an important role (Sokol et al. 2024). Importantly,
global climate models (GCMs) and cloud-resolving models are
not considered trustworthy for simulating changes in anvil area
and albedo because of the sensitivity of results to subgrid-scale
convection, turbulence, and microphysics (Sherwood et al.
2020).

The remainder of the paper is structured as follows. We begin
by introducing the data and methods used. We then present
feedback estimates using observed trends in CRE and surface
temperature, including the decomposition into dynamic and
nondynamic components. Following this, we discuss some impli-
cations of these results, including a new estimate of the combined
anvil area and albedo feedback, and conclude with a summary
and discussion.

2. Data

Two sources of all-sky TOA radiative fluxes are used:
DEEP-C v5.0 (Liu and Allan 2022) and the ERA5 reanalysis
(Hersbach et al. 2020). DEEP-C combines two satellite datasets
over the period January 1985–July 2020 to create a continuous
time series of TOA fluxes. The reconstruction uses CERES

v4.1 from March 2000 onward, adjusted so that the climatologi-
cal outgoing longwave radiation and reflected shortwave ra-
diation for the period July 2005–June 2015 are consistent
with ocean heat uptake estimates derived from Argo data (Loeb
et al. 2018). Prior to March 2000, radiative fluxes are recon-
structed using the monthly mean seasonal cycle derived from
CERES v4.1 and deseasonalized spatial anomalies from ERA5
(Allan et al. 2014). The TOA flux variability is then constrained
to match ERBS WFOV (v3.0) TOA fluxes at 108 3 108 resolu-
tion (Liu et al. 2020). ERBS WFOV TOA fluxes are obtained
from a single instrument covering a near-global domain (Wielicki
et al. 2002) and have been corrected for known instrument and
orbit drifts (Wong et al. 2006). There are two gaps in the satellite
time series: in 1993 due to battery failure and during 1999–2000
due to changeover from ERBS WFOV to CERES (Allan et al.
2014). The gaps are filled by interpolating radiative flux anoma-
lies from ERA5 and the absolute values on both sides of the
gaps are adjusted based on the ensemble mean from ten AMIP6
model simulations (Liu et al. 2020).

The clear-sky TOA fluxes used are from ERA5. CRE is
calculated by taking the difference between the all-sky and
clear-sky radiative fluxes and then adjusting for noncloud ef-
fects using radiative kernels (Shell et al. 2008). Observation-
based radiative kernels from CloudSat/CALIPSO are used
(Kramer et al. 2019). All other data used are from the ERA5
reanalysis, including surface (“skin”) temperatures.

Monthly mean data from 308S to 308N are used, conserva-
tively remapped to a standard 18 3 18 grid. Following Williams
and Pierrehumbert (2017), the years 1991–92 are excluded be-
cause of the strong aerosol forcing associated with the Pina-
tubo eruption.

The use of multiple all-sky TOA radiative flux datasets al-
lows for evaluation of their agreement and provides a measure
of uncertainty in our results. Note, however, that the datasets
are not fully independent as ERA5 is used in the DEEP-C re-
construction process. Furthermore, although ERA5 does not
explicitly use CERES data within its assimilation scheme, it is
possible that there is some overlap, for example, in the radian-
ces used. For brevity, we will refer to the case with all-sky data
from DEEP-C as “DEEP-C” and the case with all-sky data
from ERA5 as “ERA5,” despite both cases using ERA5 clear-
sky data.

3. Methods

a. Decomposing cloud feedbacks into dynamic and
nondynamic components

1) FRAMEWORK

A method introduced by Bony et al. (2004) is used to isolate
the component of the cloud feedback driven by circulation
changes. The vertical pressure velocity (hereafter “vertical
velocity”) at 500 hPa, v, is used as a proxy for the large-
scale circulation. Discretizing v into dynamic regimes allows
the circulation to be characterized by a normalized probability
density function P(v) describing the relative occurrence of
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each vertical velocity regime. The tropical-mean CRE, de-
noted CRE, can then be written as

CRE 5

�
P(v)CRE(v)dv ’∑

v
P(v)CRE(v), (1)

where CRE(v) describes the tropics-wide relationship be-
tween CRE and v. In this study, each dynamic regime covers
an interval of 10 hPa day21.

Bony et al. (2004) used this decomposition to study the
CRE response to a discrete change in the climate system from
a base state to a perturbed state (denoted using the prime
symbol). Assuming the perturbed state can be described using
a Taylor expansion about the base state, the sensitivity of CRE
to a change in mean surface temperature T can be expressed as

dCRE
dT

’∑
v

CRE(v)P
′(v) 2 P(v)
T′ 2 T

{
1 P(v)CRE′(v) 2 CRE(v)

T′ 2 T

1
[P′(v) 2 P(v)][CRE′(v) 2 CRE(v)]

T′ 2 T }: (2)

The first term on the right-hand side of the equation is the cir-
culation-driven, or “dynamic,” component of the cloud feed-
back, and the second term on the right-hand side of the
equation is the “nondynamic” component. The final term on
the right-hand side of the equation is a nonlinear component
resulting from interactions between dynamic and nondynamic
changes.

In this study, we estimate (kernel-adjusted) tropical cloud
feedbacks using time series of monthly mean CRE and sur-
face temperature over the DEEP-C period. For each calendar
month, we consider individual instances of that month to be
perturbations relative to the monthly climatology and assume
that these perturbations can be described using a Taylor ex-
pansion about the monthly climatology. We then estimate
feedbacks for each calendar month}using all instances of
that month over the complete time period}before averaging
over calendar months to estimate the annual mean feedback.
This method can be written as

dCRE
dT

’∑
v
hCREclim(v, m) dP(v, m, y)

dT(m, y)

1 Pclim(v, m)dCRE(v, m, y)
dT(m, y)

1
dP(v, m, y)dCRE(v, m, y)

dT(m, y) i, (3)

wherem and y denote the month and year, respectively; Pclim(v,m)
and CREclim(v, m) are the monthly climatologies; P(v, m, y),
CRE(v, m, y), and T(m, y) are the data for individual months
within the time series; and h?i denotes a weighted average over
months. For each calendar month, dP(v, m, y)/dT(m, y),
dCRE(v, m, y)/dT(m, y), and [dCRE(v, m, y)dP(v, m, y)]/
dT (m, y) are calculated by linear regression over all years.

To estimate cloud feedbacks from trends in CRE and sur-
face temperature, we rewrite

d

dT
5

d
dy

dT
dy

( )21

(4)

in (3). In other words, for each calendar month, we compute
the multidecadal linear trends in, e.g., P(v,m, y) and divide by
the trends in T(m, y). To compare behaviors on long and short
time scales, we also use (3) to calculate cloud feedbacks based
on year-to-year covariability of CRE and surface temperature.

We are presented with a choice as to which change in sur-
face temperature is used to define the cloud feedback (Feldl
and Roe 2013). Here, we use the tropical-mean surface tem-
perature because this allows circulation changes to be viewed
as part of the adjustment of the tropical atmosphere to the
temperature perturbation. Sometimes, the local surface tem-
perature is considered to be the natural process-based choice
but, because the flow of air between regions is by definition
nonlocal, insight into the coupling between clouds and circula-
tion is lost with this approach.

Note that in previous literature, the nondynamic component is
typically referred to as the “thermodynamic” component. How-
ever, there are many influences on cloud behavior beyond v and
local surface temperature, as has been demonstrated by recent
work on cloud-controlling factors (e.g., Klein et al. 2018; Datseris
et al. 2022; Wall et al. 2022); thus, we use a more neutral term.

2) ESTIMATING THE COMPONENTS

We begin by constructing climatologies of the probability
density function and CRE for each calendar month, denoted
Pclim(v, m) and CREclim(v, m), respectively. These are calcu-
lated using the mean vertical velocity and CRE at each gridpoint
for each calendar month. Here and throughout, area-weighting
is used to account for changes in grid size with latitude. Next, we
calculate CRE anomalies as a function of vertical velocity for in-
dividual instances of each month, dCRE(v, m, y). To achieve
this, we calculate anomalies relative to the monthly CRE cli-
matologies at each gridpoint, dCRE(lat, lon, m, y). We then
subtract the noncloud contribution to these anomalies, calcu-
lated using the CloudSat/CALIPSO radiative kernels com-
bined with ERA5 atmospheric variables. Finally, we combine
the kernel-adjusted anomalies with v(lat, lon, m, y) to find
dCRE(v,m, y). To obtain dP(v,m, y), we calculate P(v,m, y)
from monthly mean vertical velocities at each gridpoint and
then calculate anomalies relative to the relevant monthly cli-
matology, Pclim(v, m). The tropical-mean surface temperature
anomalies for each month, dT(m, y), are the anomalies at
each time step relative to the monthly climatology, T clim(m).

To estimate the trends in dP(v,m, y), dCRE(v,m, y) for each
calendar month, we linearly regress anomalies against years for
each vertical velocity regime individually using the ordinary least
squares method. Similarly, dT(m, y)/dy is calculated by regress-
ing the tropical-mean surface temperature anomalies against
years for each month. Note that by performing the regressions
for each calendar month individually, we remove the influence
of the seasonal cycle. Performing regressions over the full desea-
sonalized time series instead does not qualitatively affect the
results.
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To estimate dP(v, m, y)/dT(m, y), dCRE(v, m, y)/dT(m, y),
and [dCRE(v, m, y)dP(v, m, y)]/dT(m, y) from year-to-year
variability, dP(v, m, y), dCRE(v, m, y) and dP(v, m, y)
dCRE(v, m, y) are regressed directly against dT(m, y) for each
month. Additionally, for all variables, the monthly linear trend is
removed prior to regression. For dCRE(v,m, y), the trend is re-
moved at each gridpoint, and for dP(v, m, y), the trend is re-
moved within each vertical velocity regime.

When presenting our results, we average over all calendar
months and quote the feedback components and their constituent
quantities in annualmean form.We rewrite the constituent quanti-
ties as follows: hCREclim(v,m)i5 CRE(v), hPclim(v,m)i5 P(v),
hdCRE(v, m, y)/dT(m, y)i5 dCRE(v)/dT , and hdP(v, m, y)/
dT (m, y)i5 dP(v)/dT .

Errors are calculated for each vertical velocity regime. The
errors on the monthly climatologies, Pclim(v, m) and CREclim

(v, m), are taken to be the standard errors (ss) on the mean of
dP(v, m, y) and dCRE(v, m, y) for that month, i.e., a measure
of year-to-year variability. For the feedbacks calculated from
trends, the errors on dP(v, t), y/dT(m, y) and dCRE(v, m, y)/
dT (m, y) are propagated from the standard errors on the slopes
of the regressions of P(v, m, y), CRE(v, m, y), and T(m, y)
against year. For the feedbacks calculated from variability, the
errors on dP(v, m, y)/dT(m, y), dCRE(v, m, y)/dT(m, y) and
[dP(v, m, y)dCRE(v, m, y)]/dT(m, y) are propagated from the
standard errors on the slopes of the regressions of dP(v, m, y),
dCRE(v, m, y), dP(v, m, y)dCRE(v, m, y) and dT(m, y)
against year. For the feedbacks calculated from variability,
the errors on these terms are the standard errors on the
slopes of the regressions of dP(v, m, y), dCRE(v, m, y), and
dP(v, m, y)dCRE(v, m, y) against dT(m, y). For DEEP-C,
we additionally include an area-independent estimate of the
standard error associated with instrument uncertainty which,
based on calculations by Liu et al. (2020) and our own error
propagation, we find to be 0.66 W m22 K21. A more detailed
discussion of this instrument error can be found in the online
supplemental material. Errors on the dynamic, nondynamic, and
nonlinear components, and on the annual mean forms of all
terms, are calculated via error propagation.

For dCRE(v, m, y) and dP(v, m, y)dCRE(v, m, y), we re-
quire at least five values per vertical velocity regime to per-
form a regression. When this criterion is not fulfilled, the
feedback is determined by linear interpolation of feedbacks
from neighboring vertical velocity regimes. For dP(v, m, y),
months in which a vertical velocity regime is empty are in-
cluded in the regression.

3) CAVEATS

The usefulness of the decomposition summarized by (3)
lies in the insight it provides into the physical processes that
control tropical cloud feedbacks. However, this framework
does not represent all the ways in which circulation changes
can influence cloud feedbacks. Clearly, the monthly mean ver-
tical velocity at 500 hPa is an imperfect proxy for the full
time-varying 3D tropical circulation and cloud feedbacks can
be driven by circulation changes not associated with vertical
motion at 500 hPa. But there are several more subtle caveats
to applying the framework. First, the tropical-mean rela-
tionship between CRE and v is not necessarily the same as

the local relationship. Therefore, a change in the locations
contributing to a particular vertical velocity regime can lead to a
change in the mean CRE for that regime. In the decomposition,
this effect will appear as a nondynamic feedback despite being
driven by circulation shifts. A change in the locations contribut-
ing to a regime could result from, for example, a shift in the inter-
tropical convergence zone (ITCZ). Second, circulation changes
may impact clouds in other vertical velocity regimes via telecon-
nections mediated by variables other than v. In this decomposi-
tion, this effect will also appear as a nondynamic feedback.

Although we refer to the cloud changes discussed here as feed-
backs, we cannot assume that CO2-induced temperature changes
are the single cause of the cloud changes. Other factors such as
different radiative forcings and the instantaneous response of the
climate system to radiative forcings will also play a role. Further-
more, the observed trends cannot be assumed to be forced: inter-
nal variability may also contribute. Finally, we note that the use
of monthly mean data may obscure the influence of submonthly
variability (such as the Madden–Julian oscillation), so results
could be different for daily data, for example.

b. Mapping the spatial distribution of the
decomposition components

To better characterize the trend-derived dynamic and non-
dynamic feedback components, we map their spatial distribu-
tions. We begin by calculating the total cloud feedback at
each gridpoint using the kernel-adjusted CRE anomalies and
the tropical-mean surface temperature:

Total feedback 5 h dCRE(lat, lon, m, y)
dT(m, y) i: (5)

Here, the derivative is calculated following (4): monthly CRE
trends are calculated via linear regression at each gridpoint
and divided by monthly trends in tropical-mean surface tem-
perature before averaging over months. The error at each
gridpoint is propagated from the standard errors on the CRE
and temperature trends.

We then approximate the circulation-driven component of
the feedback at each gridpoint. To do this, we create an arti-
ficial CRE dataset, denoted ĈRE(lat, lon, m, y), in which the
CRE is determined from v(lat, lon,m, y) combined with the rel-
evant CREclim(v, m) curve. Then, at each gridpoint, we find
dĈRE(lat, lon, m, y) by taking anomalies relative to themonthly
climatology. The dĈRE(lat, lon, m, y) can be interpreted as
the part of the CRE anomalies attributed solely to changes in
vertical velocity. The dynamic component of the cloud feed-
back is then given as follows:

Dynamic component 5 h dĈRE(lat, lon, m, y)
dT(m, y) i: (6)

Finally, we can write as follows:

Nondynamic component 5 h dCRE(lat, lon, m, y)
dT(m, y)

2
dĈRE(lat, lon, m, y)

dT(m, y) i, (7)
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assuming the nonlinear term is negligible. As for (5), the de-
rivatives in (6) and (7) are calculated following (4).

Tropical-mean net, longwave, and shortwave feedback com-
ponents calculated using (5)–(7) lie within twice the regression
error of components calculated using (3) and (4) (not shown).
However, this method is only intended to approximate the local
feedback components. To focus on the large scales and to retain
consistency with the tropics-wide decomposition above, we have
chosen to use the tropics-wide CREclim(v,m) monthly climatolo-
gies to calculate the dynamic component at each gridpoint.
Therefore, the existence of a local nondynamic component could
mean that the local relationship between CRE and v is not cap-
tured by the tropical-mean relationship. Second, by calculating
dynamic feedbacks for each gridpoint, rather than for each verti-
cal velocity regime, we introduce a degree of spatial smoothing.

4. Results

To understand the drivers behind tropical cloud feedbacks es-
timated from observed multidecadal trends, we examine P(v),
CRE(v), dP(v)/dT , and dCRE(v)/dT . We then consider how
these terms combine to produce the dynamic and nondynamic
feedback components which, in combination with the nonlinear
feedback component, sum to give the total feedback.

a. Circulation climatology and trends

The time-mean probability distribution of vertical velocity
regime occupancy P(v) peaks sharply in regions of weak

descent and is skewed, with faster vertical motion more common
in ascending regions (Fig. 1a). Figure 1b shows dP(v)/dT , the
change in probability density with increasing tropical-mean sur-
face temperature. With warming, there is a reduction in weak as-
cent frequency balanced by a combination of increased strong
ascent frequency and a nonsignificant increase in descent fre-
quency. This suggests a narrowing and strengthening of ascending
regions across the tropics. The change in area covered by ascent is
22.13% 6 0.70% K21 (or 20.35% 6 0.11% decade21). Here,
and throughout the text, the errors quoted are twice the standard
error unless otherwise specified. This exceeds the reduction found
in other reanalysis datasets but agrees with observed trends based
on outgoing longwave radiation, precipitation minus evapo-
ration, and column relative humidity (Su et al. 2020). The in-
crease in area covered by strong ascent (v,280 hPa day21)
is 1.70%6 0.39% K21 (or 0.27%6 0.06% decade21). Rean-
alyses disagree on both the direction and magnitude of the
trend in descending regions (see Fig. 3 of Su et al. 2020).

At a regional scale, the picture is more complex, with a clear
contrast in behaviors over land and ocean. Figure 2 shows the lo-
cal sensitivity of vertical velocity to tropical-mean warming. Over
the central and east Pacific and the Atlantic, we see narrowing
and strengthening of the ITCZ in agreement with previous stud-
ies (Wodzicki and Rapp 2016; Byrne et al. 2018). Despite more
complex trends over the west Pacific and the Maritime Conti-
nent, we see some evidence of strengthening of the Walker cell.
Ma and Zhou (2016) found strengthening of the zonal mass

FIG. 1. DEEP-C (solid lines) and ERA5 (dashed lines) estimates of (a) the time-mean probability density P(v), (b) the probability den-
sity sensitivity dP(v)/dT , (c) the time-mean CRE(v) distribution, and the (d) net and (e) longwave and shortwave cloud feedbacks
dCRE(v)/dT . Feedbacks are calculated from trends between 1985 and 2020 and climatologies are from the same period. Shading shows
twice the standard errors.
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streamfunction over the Pacific between 58N and 58S across
seven reanalyses. Considering Fig. 2, our results largely agree
with this, although we see a large increase in ascent strength in
the South Pacific convergence zone (SPCZ) and a decline in the
west Pacific ITCZ. In descending regions, results are more clearly
LaNiña–like, with widespread strengthening of descent, strength-
ened easterlies at 850 hPa, and some evidence of strengthened
westerlies at 200 hPa (Figs. 1 and 2 in the online supplemental
material, respectively).

The trend toward narrowing and strengthening ascent is
less evident over land, despite the land-only dP(v)/dT distri-
bution showing similar behavior to the tropics-wide case (not
shown). This suggests that the boundaries of the regions of cli-
matological ascent do not necessarily narrow over land, rather
we increasingly find smaller regions of stronger ascent with a
more complex spatiotemporal distribution than over ocean.
Alongside this, we find shifts in the location of ascent over
land. There is a substantial reduction in ascent over central
equatorial Africa, present in all seasons. Changes in ascent lo-
cation are less clear over South America, but over both conti-
nents, we see a weakening of the westerlies at 200 hPa during
JJA and SON (supplemental Fig. 2). The weakening is cen-
tered south of the climatological maximum suggesting a trend
toward reduced northward progression of the ITCZ during
boreal summer over both continents.

b. CRE(v) climatology and trends

The climatological relationship between vertical velocity and
the longwave, shortwave, and net CREs is shown in Fig. 1c. In-
terestingly, although the longwave and shortwave CREs exhibit
substantial variation with vertical velocity, they combine to pro-
duce a relatively constant net CRE across vertical velocity re-
gimes. In regions of strong descent (v . 25 hPa day21), the
longwave and shortwave CREs do not vary with v. In these re-
gions, clouds are generally confined to low elevations, and this
result suggests that their properties may be decoupled from verti-
cal velocity at 500 hPa and instead determined by boundary layer
processes. In regions of ascent and weak descent, we find increas-
ing longwave and shortwave CRE magnitudes with increasing v.
Given that v is the monthly mean ascent, its value is set not only
by the strength of individual updrafts but also by their frequency.

Thus, this positive relationship is likely associated with both in-
creasing frequency and increasing strength of convection. We
suggest that the increased frequency of convection leads to in-
creased cloud fraction, while increased strength of convection
leads to taller convective towers and thus increased cloud albedo
(strengthening shortwaveCRE) and decreased cloud-top temper-
ature (strengthening longwave CRE). In regions of very strong
ascent, the longwave and shortwave CREs no longer strengthen
with increasing v. There are a range of possible reasons for the
nonlinear relationship between CRE and vertical velocity in as-
cending regions. One option is that less persistent updrafts (lead-
ing to a lower monthly mean ascent) may lead to stronger CRE
than more consistent upward motion because high clouds can lin-
ger during downdrafts and, because the atmosphere is drier dur-
ing these periods, there is greater contrast between clear- and
cloudy-sky regions (Datseris et al. 2022). Another possibility is
that, given stronger ascent is more spatially localized and more
likely to occur over land thanweaker ascent (not shown), the non-
linearity could reflect regional variability in the relationship be-
tween CRE and vertical velocity. For example, cloud formation
over landmay be inhibited by limitedmoisture availability.

Cloud feedbacks within individual vertical velocity regimes
are shown in Figs. 1d and 1e. We find that, to first order, the
slopes of the CRE(v) relationships have steepened over the
period 1985–2020, i.e., the tropics-wide coupling between
clouds and circulation has strengthened. Considering the rela-
tionship between cloud feedback and vertical velocity more
closely, we see significant strengthening of the longwave and
shortwave CREs with increasing tropical-mean surface temper-
ature in weakly descending and in ascending regions. There are
two interesting nuances here: First, the variation of feedback
strength with v differs for the longwave and shortwave CREs
in these regions (Fig. 1e). The longwave feedback is larger for
25 hPa day21 . v . 220 hPa day21 and the shortwave feed-
back is larger for 220 hPa day21 . v . 280 hPa day21. Sec-
ond, ERA5 and DEEP-C disagree on shortwave feedbacks in
regions of weak descent, with ERA5 showing strong negative
feedbacks. In regions of very strong ascent, we again find posi-
tive longwave and shortwave feedbacks, but they are not sta-
tistically significant. In regions of strong descent, longwave
feedbacks are weak, and ERA5 and DEEP-C once again

FIG. 2. Changes in vertical velocity per degree tropical warming calculated from trends be-
tween 1985 and 2020. Regions where the magnitude of the sensitivity to warming is larger than
the standard error are hatched and regions where it is larger than twice the standard error are
cross-hatched. The black contour divides regions of climatological ascent and descent. Note that
in ascending regions, blue shading corresponds to strengthening ascent and red shading corre-
sponds to weakening ascent, while in descending regions, red shading corresponds to strengthen-
ing descent and blue shading corresponds to weakening descent. The purple contour shows oceanic
regions in which v , 270 hPa day21 more than 15% of the time.
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disagree on shortwave feedbacks, with DEEP-C showing a
strong positive feedback and ERA5 showing no significant
feedback. The drivers of these feedbacks will be discussed in
more detail in section 4c.

c. Dynamic and nondynamic components of the tropical-
mean cloud feedback

Figure 3 shows the contribution of each vertical velocity re-
gime to the dynamic, nondynamic, and nonlinear components
of the tropical-mean cloud feedback. In weakly ascending re-
gions (0, v , 280 hPa day21), the dynamic and nondynamic
components are of similar magnitude but opposite signs. In de-
scending regions, the nondynamic component controls the
longwave feedback, while the shortwave feedback includes
both dynamic and nondynamic contributions. Interestingly,
feedbacks are almost entirely circulation-driven in regions of
strong ascent (v , 280 hPa day21). The nonlinear component
is small in all circulation regimes, but makes a statistically sig-
nificant contribution in regions of weak ascent and descent.

The dynamic component reflects changes in CRE result-
ing from changes in the large-scale circulation: changing
frequency of circulation regime occupancy drives CRE
changes irrespective of changes in cloud properties. We find
that, although the net dynamic feedback varies with vertical
velocity (Fig. 3a), cancellation between positive feedbacks
in regions of weak ascent and negative feedbacks elsewhere
leads to a neutral tropical-mean influence: 20.13 6 0.33 and
20.11 6 0.37 W m22 K21 for DEEP-C and ERA5, respec-
tively. Both the longwave and shortwave tropical-mean dy-
namic feedbacks are larger than the net dynamic feedback
(e.g., 20.61 6 0.36 and 0.48 6 0.66 W m22 K21, respectively,
for DEEP-C, although only the longwave tropical-mean dy-
namic feedback is significantly nonzero). Figures 3b and 3c
show the longwave and shortwave dynamic feedbacks as a
function of vertical velocity. Because the climatological long-
wave and shortwave CRE(v) relationships mirror each other
(Fig. 1c), so do the dynamic feedbacks. However, the short-
wave dynamic feedback dominates in all vertical velocity re-
gimes because the magnitude of the climatological shortwave
CRE is larger. Figures 4d–f show the spatial distribution of the

DEEP-C dynamic component calculated following section 3b.
The distribution can be understood through comparison to the
spatial distribution of changes in vertical velocity (Fig. 2) and
the climatological relationship between vertical velocity and
CRE (Fig. 1c). Where ascent strengthens, we find strengthening
CREs, and where ascent weakens, we find weakening CREs.

The nondynamic component of the cloud feedback reflects
CRE changes driven by processes other than changes in P(v).
Because P(v) peaks in regions of weak descent and ascent, these
regions contribute most substantially to the nondynamic compo-
nent of the cloud feedback. For DEEP-C, we find a neutral trop-
ical-mean net nondynamic feedback of 0.28 6 1.35 W m22 K21

resulting from compensating longwave and shortwave feedbacks
of 2.156 1.35 and21.876 1.36 Wm22 K21, respectively.

Although the longwave and shortwave nondynamic feed-
backs both reflect strengthening CRE with increasing surface
temperature, the spatial distribution of this strengthening is
different. Consequently, net nondynamic feedbacks are posi-
tive in descending regions and negative in weakly ascending
regions (Fig. 3). We turn to Figs. 4g–i to explore the spatial
distribution of these trends further.

We find that nondynamic longwave and shortwave CRE
strengthening is confined to oceanic regions, while over land,
they generally weaken, especially in regions of ascent. Identify-
ing the sources of nondynamic CRE changes is challenging given
we do not have compatible datasets to estimate trends in cloud
properties over the same time period. However, we hypothesize
that in ascending regions over ocean, observed increases in sur-
face temperature and specific humidity (Byrne and O’Gorman
2018) have led to increasing CRE via increasing cloud fraction
and/or thickness. In contrast, observations show that the land
relative humidity has declined over recent decades (Byrne and
O’Gorman 2018; Simmons et al. 2021) which may have caused
CRE reductions over continents (Kamae et al. 2016).

In regions of oceanic descent, the spatial pattern is more com-
plex. Figure 4i shows that the nondynamic strengthening of
shortwave CRE originates from regions of weak descent in the
southern subtropical regions of the Pacific and Atlantic. Conse-
quently, we suggest it is induced by warming west Pacific SSTs
(Zhou et al. 2016). The warming SSTs lead to increased local

FIG. 3. DEEP-C (solid lines) and ERA5 (dashed lines) estimates of the contribution of each vertical velocity regime to the dynamic,
nondynamic, and nonlinear components of the tropical-mean (a) net, (b) longwave, and (c) shortwave cloud feedbacks. Feedbacks are cal-
culated from trends between 1985 and 2020 and are split into components following [(3)]. Shading shows twice the standard errors.
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convection which (due to weak temperature gradients in the
tropical free troposphere) is able to increase the tropics-wide
static stability and so strengthen the inversion in descending re-
gions. This stability change combined with approximately cons-
tant local surface temperatures leads to increased low cloud [see
section 4.2 of Sherwood et al. (2020) for further discussion of
this mechanism]. If stability is indeed the controlling variable,
this is an example of nonlocal circulation influences on CRE
contributing to the nondynamic feedback.

In contrast, the spatial structure of the longwave nondynamic
component in regions of weak descent is less clear (Fig. 4h), pos-
sibly indicating that the clouds contributing to this feedback are
less spatially localized. There is some suggestion that strengthen-
ing longwave CRE occurs at the edges of ascending regions, and
there is also strengthening in the east Pacific, collocated with the
shortwave strengthening. Williams and Pierrehumbert (2017)
show that high clouds, which largely control longwave feedbacks,
can occur in both stable and marginally stable regimes, although
most optically thick clouds occur in deep convective regimes.
Thus, we hypothesize that the longwave feedbacks in descending
regions are associated with high clouds which could be cirrus
formed in situ, anvils which have been advected away from re-
gions of climatological ascent, or, given our v data are monthly
means, high clouds resulting from occasional local convection.

The change in sign of the shortwave cloud feedbacks
when transitioning from regions of weak to strong descent
(v . 25 hPa day21) suggests that different mechanisms are
at play once the local inversion strengthens (Fig. 1e). These
regions include the stratocumulus decks west of Africa and
South America (Figs. 4g–i, purple contours).

Comparing DEEP-C and ERA5, we find that the previ-
ously identified disagreement on shortwave feedbacks in the
;20-hPa vertical velocity regime leads to very different non-
dynamic feedbacks. Furthermore, scrutiny of the CRE time
series in descending regions for DEEP-C (supplemental Fig. 3)

reveals no obvious spurious short-term variability, for example, as-
sociated with the transition fromERBSWFOV toCERES during
1999–2000, which may influence the trends. Indeed, the ERA5
shortwave cloud feedback is more negative than the DEEP-C
feedback over both the ERBS WFOV and CERES periods. We
therefore hypothesize that the discrepancy between datasets may
be associated with the challenge of capturing low-cloud feedbacks
in the reanalysis given CRE is a modeled, rather than assimilated,
variable. Additionally, we find that the spatial distribution of the
discrepancies between the ERA5 and DEEP-C feedbacks
(supplemental Fig. 4) mirrors the spatial distribution of discrepan-
cies in the climatological CRE (supplemental Fig. 5), meaning if
ERA5 feedbacks are indeed biased, this may result from biases in
themean state. The causes of these biases could be further investi-
gated by comparingERA5 cloud properties to observations.

The nonlinear component is a function of changes in both
P(v) and CRE(v) [see (3)]. Although the nonlinear compo-
nent is small for most circulation regimes, it is generally nega-
tive for longwave feedbacks and positive for shortwave
feedbacks. This consistency leads to tropical-mean feedback
values similar in magnitude to the dynamic component:
20.37 6 0.07 W m22 K21, 0.43 6 0.09 W m22 K21, and
0.06 6 0.05 W m22 K21 for the DEEP-C longwave, short-
wave, and net feedbacks, respectively.

d. Total cloud feedbacks

Figures 5a–c show the total contribution of each vertical ve-
locity regime to the tropical-mean net, longwave, and shortwave
cloud feedbacks, respectively (i.e., the sum of the dynamic, non-
dynamic, and nonlinear components). We find that dynamic
feedbacks control the sign of longwave and shortwave feedbacks
in ascending regions, while nondynamic feedbacks are more im-
pactful in neutral and descending regions. We further find, within
individual vertical velocity regimes, that longwave and short-
wave feedbacks largely cancel. However, shortwave feedbacks

FIG. 4. DEEP-C estimates of the total (a) net, (b) longwave, and (c) shortwave cloud feedbacks calculated at each latitude and longi-
tude. (d)–(f) The dynamic component and (g)–(i) the nondynamic component of the net, longwave, and shortwave cloud feedbacks, re-
spectively, calculated following the method outlined in section 3b. Feedbacks are calculated from trends between 1985 and 2020. Regions
where the magnitude of the feedback is larger than the standard error are hatched and regions where it is larger than twice the standard
error are cross-hatched. The black contour divides regions of climatological ascent and descent. In (g)–(i), the purple contour shows oce-
anic regions in which v . 25 hPa day21 more than 60% of the time.
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are stronger in all regimes except for regions of very weak de-
scent, where positive longwave feedbacks dominate.

To calculate tropical-mean feedbacks, we sum over all vertical
velocity regimes. Further cancellation between opposing short-
wave feedbacks in different vertical velocity regimes leads to a
neutral tropical-mean cloud feedback of 0.216 1.39Wm22 K21.
Considering the tropical-mean longwave and shortwave feed-
backs individually, we find that both reflect an overall strengthen-
ing of CRE over the period 1985–2020, with values of 1.176 1.40
and 20.96 6 1.52 W m22 K21, respectively, although the short-
wave change is not significant at the 95% confidence interval. As
expected, ERA5 estimates of the tropical-mean feedback
differ substantially from DEEP-C estimates, with ERA5
showing a negative tropical-mean net cloud feedback of
21.306 0.42 Wm22 K21 and longwave and shortwave tropical-
mean feedbacks of 1.876 0.38 and23.176 0.72Wm22 K21, re-
spectively.We note that, due to the inclusion of instrument error,
theDEEP-C tropical-mean feedback estimates have larger errors
than the ERA5 estimates and previous observational estimates.
However, we believe these estimates remain valuable given they
are based on trends, rather than variability, and use a previously
unexploredmultidecadal dataset.

Supplemental Table 1 compares these results to estimates cal-
culated using trends in tropical-mean CRE anomalies. We find
that, although the feedback estimates are not identical, they agree
closely and the net and shortwave feedbacks agree within regres-
sion error. Differences may arise for a range of reasons, but we
highlight that we do not incorporate the standard errors on
the tropical-mean or vertical velocity regime-mean CREs or on
the surface temperaturemean into the regressions.

5. Implications for interpreting cloud feedbacks

a. Small tropical-mean dynamic component

Despite recent decades displaying significant trends in the
tropical (Fig. 1b) and large circulation-driven cloud feedbacks
across a range of vertical velocity regimes (Fig. 3a), we find
that, when averaged over the tropics, the dynamic compo-
nents of both the longwave and shortwave cloud feedbacks are
small compared to the nondynamic components (section 4c).

Furthermore, the tropical-mean net dynamic feedback is not sig-
nificantly nonzero for DEEP-C or ERA5 (section 4c). To inter-
pret these results, we consider mass budget constraints on the
dynamic feedback. Following Wyant et al. (2006) and Byrne and
Schneider (2018), we explore the implications for the dynamic
feedbacks of a linear relationship between CRE and vertical ve-
locity. Assuming CRE(v, m) 5 a(m) 1 b(m)v, where a and b
are the arbitrary constants, and substituting this linear relation-
ship into the expression for the dynamic component, we find

∑
v
hCRE(v, m)dP(v, m, y)

dT(m, y) i 5∑
v
ha(m)dP(v, m, y)

dT(m, y)

1 b(m)v dP(v, m, y)
dT(m, y) i: (8)

By construction, the integral of dP(v, m, y)/dT(m, y) over
all vertical velocity regimes is zero for each month. The global
integral of vdP(v, m, y)/dT(m, y) is also expected to be zero
for each month, as maintaining constant atmospheric mass re-
quires equal trends in upward and downward mass fluxes.
Thus, the global-mean dynamic component, in the limit of lin-
ear CRE(v, m) relationships, is zero. The tropics is not a
closed mass system, so the mass flux requirement does not
necessarily hold in this study. However, evaluating the inte-
gral of vdP(v, m, y)/dT(m, y) results in an area-weighted ver-
tical velocity trend of 20.20 6 0.24 hPa day21 K21, i.e., no
significant trend.

Now we know that this framework can be approximately
applied to interpret our results, we turn to the observed clima-
tological relationship between CRE and v (Fig. 1c). As dis-
cussed in section 4b, we find that the longwave and shortwave
CRE(v) relationships exhibit substantial nonlinearity. In de-
scending regions, the curves plateau, and in ascending regions,
the curve is approximately quadratic, with weakening longwave
and shortwave CREs as v decreases beyond ;2100 hPa day21.
Interestingly, these observational estimates of CRE(v) contra-
dict the quasi-linear relationships found for the multimodel
mean of CMIP5 models (Byrne and Schneider 2018). Rather,
the relationships align more closely with results from cloud-

FIG. 5. DEEP-C (solid lines) and ERA5 (dashed lines) estimates of the contribution of each vertical velocity regime to the tropical-
mean (a) net, (b) longwave, and (c) shortwave cloud feedbacks. Feedbacks are calculated from trends between 1985 and 2020. Shading shows
twice the standard errors.
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resolving models (Mackie and Byrne 2023) although, in the
multimodel mean, these models do not show a decline in
CRE magnitude beyond ;2100 hPa day21. Similar behavior
in regions of strong ascent can be found in earlier analyses of
satellite data (Bony et al. 2004; Wyant et al. 2006). Recent
work also finds substantial nonlinearity in CRE(v) estimated
from CERES-EBAF data, with implications for GCM esti-
mates of dynamic feedbacks (Hill et al. 2023). However, we
find that the nonlinearity produces only modest longwave
and shortwave tropical-mean dynamic feedbacks. This is be-
cause the magnitude of the dynamic component depends on
the location in v space of nonlinearities in the CRE(v) func-
tions relative to the circulation changes (Mackie and Byrne
2023; Hill et al. 2023).

The nonlinearity of the relationship between net CRE and
v is determined by the relative shapes of the longwave and
shortwave CRE(v) relationships. As the nonlinearities in
these relationships are mirrored, the net CRE(v) curve is
quasi-linear (Fig. 1c), leading to a neutral net dynamic feed-
back. Because the neutrality of this feedback is a consequence
of the climatological relationship between net CRE and v, we
suggest that this finding is approximately independent of the
nature of the circulation change. However, an important ca-
veat to this conclusion is that we do not use observed vertical
velocities (and these are not directly assimilated in the reanal-
ysis), meaning net CRE(v) could be more nonlinear in reality.
A secondary caveat is that imperfections in the linearity of
our CRE(v) curve imply that a larger dynamic component in
the future is plausible; however, this would require future cir-
culation changes to differ substantially (in v space) from re-
cent trends.

The constraints imposed by the atmospheric mass budget
on circulation-driven changes in clouds and CRE have impli-
cations for how we analyze and interpret cloud feedbacks. As
shown in Fig. 3, the negligible tropical-mean dynamic compo-
nent results from the cancellation of large dynamic feedbacks
in different vertical velocity regimes. This means that current
estimates of feedbacks associated with individual cloud types
(e.g., Sherwood et al. 2020) likely include substantial dynamic
components. However, when area averaged, these dynamic
components are expected to approximately cancel, so it may be
useful to isolate the nondynamic components when estimating
feedbacks for individual cloud types. It is these nondynamic

components that are expected to dominate cloud feedbacks on
the large scales relevant for climate sensitivity estimates, for ex-
ample, but which are often conflated with dynamic components
in traditional feedback decompositions. Focusing on the nondy-
namic components of feedbacks associated with individual cloud
regimes may provide new insights into the relative magni-
tudes of both the feedbacks themselves and the uncertainties
in their estimates.

b. Estimating feedbacks using trends versus variability

Due to the limited timespan of satellite datasets, observa-
tional estimates of cloud feedbacks have previously focused
on short-term covariability between temperature and CRE
(e.g., Dessler and Loeb 2013). However, the extent to which
cloud feedbacks estimated using short-term variability are
representative of long-term, anthropogenically forced cloud
feedbacks is an open question. To gain insight into this ques-
tion, we repeat our analysis using detrended short-term vari-
ability rather than multidecadal trends.

The substantial contribution of the dynamic component to
trend-derived cloud feedbacks within individual vertical velocity
regimes (Fig. 3) suggests that, for variability-derived feedbacks
to resemble these results, the sensitivities of circulation to tropi-
cal-mean temperature variability and trends must be similar.
Comparison of Figs. 2 and 6, which show changes in vertical ve-
locity per degree tropical-mean warming derived from trends
and from detrended interannual variability, respectively, indi-
cates that this is not the case. Interannual circulation sensitivity
in the tropics is dominated by ENSO, but the pattern of long-
term circulation sensitivity is distinct. In vertical velocity space,
the circulation sensitivities have similar shapes (Fig. 7a vs
Fig. 1b), but the magnitude of the variability-derived circulation
sensitivity is substantially smaller across regimes. Furthermore, the
variability-derived case does not reproduce the reduction in the fre-
quency of very weak ascent (230 , v , 0 hPa day21) or the in-
crease in the frequency of very strong ascent (v,280 hPa day21)
seen in the trend-derived case. Note that, as expected given
the conclusions of section 5a, the variability derived tropics-
wide dynamic component is of a similar magnitude to the
trend-derived estimate and is not significantly nonzero
(e.g., 0.166 0.30 Wm22 K21 for DEEP-C).

Figures 7b and 7c show the variability-derived cloud feed-
backs that are not associated with changes in the vertical

FIG. 6. Changes in vertical velocity per degree tropical warming calculated from detrended in-
terannual variability between 1985 and 2020. Regions where the magnitude of the sensitivity to
warming is larger than the standard error are hatched and regions where it is larger than twice
the standard error are cross-hatched. The black contour divides regions of climatological ascent
and descent.
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velocity distribution. Comparison to the trend-derived feed-
backs (Figs. 1d,e) shows that these also differ substantially,
meaning it is not just the circulation sensitivities which differ
on the two time scales. In fact, the trend-derived and variability-
derived nondynamic feedbacks differ in sign in many vertical
velocity regimes for both the longwave and shortwave feed-
backs. We hypothesize that an important contribution to the
dissimilarity could be the thermodynamic impact of different
surface warming patterns associated with trends versus inter-
annual variability.

In conclusion, we find that both the dynamic and the nondy-
namic mechanisms through which clouds respond to surface tem-
perature changes are different for trends versus variability. This
suggests a nuanced approach is needed when estimating
cloud feedbacks from variability. An example of this is the
use of cloud-controlling factors (CCFs) (Klein et al. 2018;
Ceppi and Nowack 2021; Myers et al. 2021; Datseris et al.
2022). In this framework, the response of CRE to a change in
mean surface temperature is mediated by the responses of a set
of other variables, or CCFs. The relationship between changes
in CCFs and changes in CRE are assumed to be independent of
the temporal scale considered because clouds typically respond
to their surroundings on subdaily time scales. However, the re-
lationship between CCFs and mean surface temperature must
be calculated over the time period of interest.

c. Estimation of the combined tropical anvil area and
albedo feedback

The response of tropical anvil area and albedo to warming
are leading sources of uncertainty in estimates of the total
cloud feedback and the climate sensitivity. As discussed in
Sherwood et al. (2020), GCMs and cloud-resolving models
likely provide poor estimates of these feedbacks due to
challenges in parameterizing subgrid-scale processes. Conse-
quently, observations constitute an important data source for
investigating these feedbacks. Sherwood et al. (2020) assess
likely values of the combined anvil area and albedo feedback
(which they call the “tropical anvil cloud area feedback”) us-
ing a study by Williams and Pierrehumbert (2017) of observed
year-to-year covariability of CRE and surface temperature in

the tropics. Here, we use understanding developed in earlier
sections of this work to expand on the results of Williams and
Pierrehumbert (2017) and provide new estimates of this
important feedback. To do this, we make use of the DEEP-C
dataset, i.e., DEEP-C all-sky fluxes combined with ERA5
clear-sky fluxes and vertical velocities.

First, we estimate the tropical anvil area feedback using ob-
served trends rather than variability. We use the same method
as previously, except the analysis is performed over tropical
oceans only and the global mean (rather than tropical-mean)
temperature time series is used for consistency with Sherwood
et al. (2020). Additionally, we only integrate over vertical ve-
locity regimes with v , 0 hPa day21 to isolate the contribu-
tion of ascending regions. We then remove the cloud altitude
feedback to convert to a feedback associated only with area
and albedo changes. Following Sherwood et al. (2020), we use
their Fig. 5d to estimate the cloud altitude feedback local to
regions of oceanic ascent as 10.40 W m22 K21 and then scale
this value by the ratio of the area of ascent over tropical
oceans to the total tropical ocean area (S. Klein 2023, per-
sonal communication). Finally, we use a further area scaling
to convert from a tropical-ocean-wide feedback to a global-
mean feedback. A more detailed description of the calcula-
tion can be found in the supplemental material.

We obtain a negative global anvil area and albedo feedback
of 20.30 6 0.16 W m22 K21, suggesting changes in these
cloud properties have had a robust stabilizing influence on
TOA radiative fluxes over recent decades. In contrast, vari-
ability-derived estimates do not exclude a weak feedback. Re-
peating the calculation for detrended interannual variability
gives a feedback of 20.14 6 0.11 W m22 K21. Note also that
the trend-derived feedback estimate lies outside of the 2s error
range of the variability-derived estimate. Previous variability-
derived estimates of the global anvil area and albedo feedback
by Sherwood et al. (2020) and Chao et al. (2024) are 20.20 6

0.20 (1s) and 0.01 6 0.05 W m22 K21 (90% confidence level),
respectively. There are likely multiple contributors to the
different variability-derived feedback estimates. For example,
differences may arise due to the time period considered, the ob-
servational dataset used, and whether the data are detrended.

FIG. 7. DEEP-C (solid lines) and ERA5 (dashed lines) estimates of (a) the probability density sensitivity dP(v)/dT and the (b) net and
(c) longwave and shortwave cloud feedbacks dCRE(v)/dT . Feedbacks are calculated from detrended interannual variability between
1985 and 2020. Shading shows twice the standard errors.
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Furthermore, Chao et al. (2024) used a substantially different
method, focusing their analysis on high clouds and using CE-
RES Flux by Cloud Type (CERES-FBCT) and MODIS-COSP
data combined with cloud radiative kernels to quantify the sen-
sitivity of TOA radiation to cloud-top pressure and cloud visible
optical depth.

Second, we estimate the tropical anvil area feedback using
only the nondynamic component of the trend-derived feed-
back, given our results suggest that, tropics-wide, dynamic
feedbacks largely cancel. In this case, we obtain a feedback of
20.28 6 0.14 W m22 K21. Cancellation of the longwave and
shortwave dynamic feedbacks in ascending regions means
that the magnitude of the net tropical anvil area feedback is
only slightly impacted by the change in methodology; how-
ever, the error on the result is reduced by 8%.

We note that the assumption that anvil clouds control feed-
backs in regions of climatological ascent is a simplification.
Changes in CREs in ascending regions are not exclusively as-
sociated with anvils and anvils may be advected into regions
of monthly mean descent over the course of their lifetime.

Because the CRE of tropical anvils varies over their life-
time (Hartmann et al. 2018), our feedback estimate could be
more influenced by CRE changes in convective cores than
during later stages of the anvil lifetime. Indeed, Sokol et al.
(2024) find a neutral anvil feedback resulting from cancella-
tion between a negative feedback in the cores and a positive
feedback in the remainder of the anvil. Raghuraman et al.
(2024) estimated short-term area and albedo feedbacks for
high clouds over the entire tropics (comprising tropical anvils
and in situ cirrus) using CERES-FBCT. They find an area
feedback of20.036 0.03 W m22 K21 and an albedo feedback
of 0.03 6 0.05 W m22 K21, again suggesting that focusing on
regions of climatological ascent may exclude a positive feed-
back component from regions of climatological descent.

A further caveat to these results is that the estimate we use
for the cloud altitude feedback is obtained from the response
of GCMs to an abrupt 4xCO2 forcing. Aside from potential
problems with the models themselves, this feedback is esti-
mated from a radiative forcing that is different to that acting
over the time period considered here.

6. Summary and discussion

Tropical cloud feedbacks remain a key source of uncertainty
in estimates of equilibrium climate sensitivity (Sherwood et al.
2020). This study leverages the DEEP-C all-sky radiative flux da-
taset and combines it with ERA5 clear-sky fluxes to explore the
processes driving the tropical cloud feedbacks associated with
multidecadal trends in CRE and tropical-mean surface tempera-
ture. Isolation of the circulation-driven component of the feed-
back following Bony et al. (2004) allows insight into the role of
interactions between clouds and the large-scale atmospheric cir-
culation on CRE changes.

We find that circulation changes induce substantial tropical
cloud feedbacks. For a given vertical velocity regime, the
magnitudes of the dynamic and nondynamic feedback compo-
nents are comparable, and in regions of strong ascent, the
feedbacks are almost entirely dynamically driven (Fig. 3). The

origin of the dynamic component is primarily a narrowing and
strengthening of regions of tropical ascent. However, while
circulation-driven feedbacks play an important role in deter-
mining regional cloud feedbacks, their contribution to the
tropical-mean net cloud feedback is small and not significantly
different from zero. The dynamic feedback is constrained by
the atmospheric mass budget which, combined with the ap-
proximately linear relationship between net CRE and vertical
velocity, limits the contribution of circulation changes to
cloud feedbacks on large scales. Because this limitation is in-
dependent of the nature of the circulation change, it is likely
that the dynamic component will remain small as the anthro-
pogenically forced climate change signal emerges. We suggest
that focusing on the nondynamic components of individual
cloud feedbacks may provide new perspectives on the relative
magnitudes of these feedbacks, their errors, and their influ-
ence on climate sensitivity.

Nondynamically driven changes dominate the tropical-mean
cloud feedback. Exploring the spatial distribution of these
changes, we find that, over land, CREs weaken. If, as we hypoth-
esize, this is driven by decreasing relative humidity over land, this
may continuewith increasingCO2 forcing (Byrne andO’Gorman
2016). In regions of climatological ascent over ocean, CREs
strengthen.Here, we hypothesize that this is due to increasing hu-
midity and surface temperature which, again, is likely to continue
in future (Held and Soden 2006). In regions of climatological de-
scent over ocean, we find strengthening shortwave CRE, likely a
result of increasing west Pacific SSTs leading to increased local
ascent, tropics-wide static stability, and low cloud amount (Zhou
et al. 2016). GCMs suggest CO2 forcing will reduce the east–west
SST gradient and decrease low cloud; however,Wills et al. (2022)
show these models are largely unable to capture the observed
trend. Chao et al. (2022) highlight that the pattern of Pacific SSTs
is of fundamental importance to the global-mean cloud feedback.

We also show that both dynamic and nondynamic cloud
feedbacks estimated using short-term covariability between
CRE and tropical-mean surface temperature differ substan-
tially from those estimated using trends (Figs. 1, 7), suggesting
variability-derived feedback estimates should be interpreted
with caution. The dynamic component of the feedback differs
because the circulation change mechanisms are different on
the two time scales: Unlike multidecadal trends, circulation
variability is dominated by ENSO. As past estimates of the
uncertain and influential anvil area and albedo feedbacks have
relied on variability, we follow Williams and Pierrehumbert
(2017) and Sherwood et al. (2020) to produce new trend-
derived estimates of the total and nondynamic component of
this feedback (20.30 6 0.16 and 20.28 6 0.14 W m22 K21,
respectively).

Integrating over all vertical velocity regimes yields estimates of
tropical-mean cloud feedbacks. For the period 1985–2020, we ob-
tain a neutral net cloud feedback of 0.216 1.39Wm22 K21. This
neutral feedback appears to result from cancellation between
strengthening longwave and shortwave feedbacks (1.17 6 1.40
and 20.96 6 1.52, respectively) but large errors, primarily
associated with gaps in the DEEP-C record, render these results
inconclusive.
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The feedback estimates presented in this study have several
limitations. Importantly, the extent to which the estimates are
representative of CO2-forced changes is unclear, given the
confounding influences of aerosol forcing and natural variabil-
ity. This is exemplified by the differences in trend-derived feed-
back estimates calculated over the CERES (2000–20) versus
DEEP-C (1985–2020) periods (supplemental Table 2). Further-
more, we do not separate the surface temperature–mediated
cloud feedbacks from rapid cloud adjustments. Raghuraman et al.
(2023) showed that the contribution from cloud adjustments to
recent CRE trends is substantial. Although their method relies
on model estimates for this adjustment, thus potentially introduc-
ing errors, it presents an interesting avenue for further explora-
tion of the DEEP-C dataset. We also note that we use relatively
simple tools to explore the trends in the data. Consideration of
the impact of regression method, start and end dates, and the
degree of autocorrelation in the time series would add to the reli-
ability of the results. More broadly, we suggest that the sensitivity
of trend-derived feedback estimates to methodological and data-
set choices should be systematically explored, particularly given
the short period over which we have observations. To our knowl-
edge, observed clear-sky radiative fluxes are not available for the
DEEP-C time period; however, we note that the use of CERES-
EBAF versus ERA5 clear-sky fluxes influences longwave feed-
back estimates (supplemental Table 2).

This study presents a number of avenues for future work.
First, we identify several interesting questions: What controls
the climatological relationship between the longwave and
shortwave CREs and v? And why is the climatological net
CRE relatively insensitive to vertical velocity? Second, while
the simple decomposition of Bony et al. (2004) provides new
physical insight into observed cloud feedbacks, it cannot fully
characterize the complex connections between CRE and at-
mospheric circulation. Can the decomposition be extended to
capture the effects of spatial shifts in circulation on cloud
feedbacks? Or to explore how circulation changes couple to
remote cloud feedbacks? Finally, the relationships between
clouds and circulation presented here provide a useful obser-
vational benchmark against which GCMs and the emerging
global storm-resolving models can be compared.
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