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ATMOSPHERIC SCIENCE

Optimal choice of proxy for cloud condensation nuclei
reduces uncertainty in aerosol-cloud-climate forcing

Hailing Jia"*, Johannes Quaas?, Willem Kroese?, Bastiaan van Diedenhoven’, Edward Gryspeerdt",

Christoph Bohm®, Karoline Block?, Otto Hasekamp1

Aerosol-cloud interactions (ACI) remain the largest uncertainty in anthropogenic climate forcings. Observation-
based estimates of instantaneous radiative forcing from ACI (RF,;; the Twomey effect) rely on the choice of aerosol
quantities as proxies for cloud condensation nuclei (CCN) concentrations, which differ in their ability to represent
cloud-base CCN and data accuracy. Using diverse observations and aerosol-climate models, we evaluate the util-
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ity of different proxies with two independent approaches. Both approaches reveal that surface CCN exhibits the
smallest bias in predicting RF,; (+5%), followed by aerosol index, surface sulfate and column CCN with similar bi-
ases of +25%, while aerosol optical depth and column sulfate show the largest biases (—60% and +92%). Constrain-

ing RF, with the optimal proxy reduces uncertainty from 66 to 43%, yielding a less negative RF,¢ (—1.0 W m

_2)

than the unconstrained case (—1.2 W m™2). Our findings highlight the crucial role of proxy constraint in reconciling

and improving RF,; estimates.

INTRODUCTION
The change in reflected shortwave radiation from the preindustrial
(PI) era to the present day (PD) due to increased anthropogenic
aerosols is the most uncertain component of the anthropogenic ra-
diative forcing, with much of this uncertainty stemming from aerosol-
cloud interactions (AClIs) (I). By serving as cloud condensation
nuclei (CCN), aerosols increase cloud droplet number concentra-
tion (Ng), which in turn increase cloud brightness, leading to instan-
taneous radiative forcing due to ACI (RF,g; also known as the
Twomey effect) (2). The altered N4 subsequently triggers rapid ad-
justments to cloud cover and liquid water path (3, 4), which, to-
gether with RF,, constitute the effective radiative forcing due to
ACI (ERF,). The rapid adjustments are very uncertain in both sign
and magnitude (5-8), but approximately scale with the anthropo-
genic perturbation to Ng (Aln Ng) and RF, (9, 10). This study will
focus on providing observational constraints on Aln N4 and RF,;.
Because of the lack of PI observations of cloud properties, Aln Ny
(hence RF,) is commonly inferred from anthropogenic perturbation
to aerosol (Aln A, with A representing aerosol amount) that is typi-

cally from a pair of PD-PI aerosol—cli{irllage simulations, together with
Nq susceptibility to aerosols | Pa,pp = ﬁ derived from the PD spa-

tiotemporal variability of aerosol and cloud properties observed from
satellites, assuming a linear In A-In Ny relationship (11-13)

AlnNy = B, ppAlnA (1)

Recent studies have found a reduced Aln Ny at high aerosol con-
centrations, indicating a nonlinear In A-In Ny behavior (14, 15), which
can be taken into account by other nonlinear approaches, albeit requir-
ing more comprehensive formulations (14, 16) (see Discussion). The
total uncertainty in Aln Ny arises from (as also illustrated in the
schematic, Fig. 1): (i) uncertainties in f, pp, that are associated with
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methodologies for sampling data and calculating B, p, and measure-
ment errors (a central focus in prior ACI research, but not the focus
here), (ii) uncertainties in Aln A due to uncertainty especially in PI
aerosols and heterogeneity of aerosol perturbations (17), which rely on
the model uncertainty, and (iii) the choice of CCN proxy (i.e., which A
to use). Among these, the choice of CCN proxy is particularly impor-
tant because Eq. 1 assumes that the PD B, p, is indicative of the ac-
tual Ny susceptibility to anthropogenic perturbation to 4, i.e., the
PI-to-PD susceptibility f, p;_pp <% ) In principle, the best
choice would be using CCN at the cloud base (CCNy,) because the
CCNj-Ny relationship is least affected by PI-to-PD shifts in aerosol re-
gime (e.g., from coarse- to fine-mode dominated) and vertical distri-
bution (16). However, because of the difficulty in measuring CCNy
[typically from in situ observations (18)] at the global scale, various
proxies such as aerosol optical depth (AOD), aerosol index (AI), sul-
fate column and surface mass concentrations (SO4. and SO4,), and
column-integrated CCN number concentration (CCN,) are often used
instead (17). This leads to a large uncertainty and complicates the
reconciliation of disparate RF,; estimates (19). Aerosol-type classifica-
tion by satellites might help to reduce the uncertainty from aerosol
regime shifts in regions dominated by a single aerosol type (20), al-
though it is less useful for global RF,; estimates because most regions
are influenced by mixtures of aerosol types with varying proportions.
While these uncertainties have been recognized (16, 19, 21, 22), their
contributions to the total uncertainty remain unclear, mainly due to
a limited selection of proxies and models being considered.

A crucial step forward is to constrain these identified uncertain-
ties. Compared to Aln A that heavily relies on the model uncertain-
ty, the uncertainty from proxy selection is more readily constrained,
but remains challenging. Although remotely sensed AI and CCN,
that carry information of particle size and/or hygroscopicity show
advantages over AOD, they still suffer from lack of vertical and hor-
izontal colocations between aerosol and cloud (23, 24). Reanalyzed
quantities may help to mitigate this issue but introduce additional
uncertainty in data accuracy tied to the host model. Therefore, an
objective framework is needed to evaluate the utility of different
proxies from various products for diagnosing RF,;.
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Fig. 1. Schematic illustrating the uncertainty sources in the RF,; estimation from observations, assuming a linear In A-In N4 relationship. The relationships of
(A) In CCNp—In Ng and (B) In A-In Ny in the PI (blue line) and PD (gray line) environments, with A denoting a CCN proxy (the behavior of AOD as an example here), where
the Pl-to-PD susceptibility (B, pi_pp) is shown as green arrows. The uncertainty in modeled Aln A is indicated by vertical shadings, where the light blue and brown shadings
represent mean aerosol concentrations in the Pl and PD, respectively, with the width indicating the model uncertainty. The uncertainty in determining the PD Nq suscep-
tibility (B, pp) from observations is depicted as gray shading. (C) Conceptual relationships of In A-In Ny in the PD Southern Hemisphere (SH, blue dashed line) and Northern
Hemisphere (NH, gray dashed line). This illustrates the similarity between the SH-NH and PI-PD contrasts.

In this work, we present two independent approaches to determine
the optimal proxies. The first approach uses observed hemispheric
contrasts in Ny conditioned on aerosol for different proxies, to assess
the dependence of In A-In Ny relations on aerosol regime. The second
approach is based on synthetic experiments using climate simulations
from the AeroCom intercomparison (25-27), to investigate how well
B a pp is representative for , p;_pp. On the basis of the optimal CCN
proxy selection, we propose a correction term for other proxies that,
although they do not perfectly reflect the “true” CCN, can be measured
with relatively high accuracy to determine B, pp. Furthermore, we use
a large variety of different observational products and aerosol-climate
models to decompose the RF,; uncertainty into components, includ-
ing the choice of CCN proxy and modeled Aln A. Ultimately, by
constraining the proxy-related uncertainty, this study will provide im-
proved observational constraints on both Aln Ny and RF,, along with
arobust uncertainty assessment. Our analysis focuses on marine liquid
clouds between 60°S and 60°N due to the limited retrieval quality over
land and polar regions.

RESULTS

Observed hemispheric contrasts in Nq conditioned

on aerosol

Figure 1 illustrates the idea of making use of the observed hemi-
spheric contrasts in aerosols and clouds to learn about ACIs. Assum-
ing the same meteorology in the PI and PD (a common assumption
for diagnosing aerosol forcing), CCNy, would result in same PI and
PD aerosol-Ny relationships that are indicative of the PI-to-PD
change (Fig. 1A). However, for a proxy whose linkage to CCN}, varies
across aerosol regimes, for instance AOD, the larger contribution of
coarse-mode aerosols in the PI that are less relevant to Ny yields sys-
tematically lower Ny than the PD environment [Fig. 1B, (16, 28)],
causing B, pp (gray curve) to deviate from B, p;_pp, (green arrow).
The extent of deviation, of course, depends on how well a given proxy
represents particle size and hygroscopicity at the cloud base. To ex-
amine this deviation due to the aerosol regime shift, we use the more
pristine Southern Hemisphere (SH) and more polluted Northern
Hemisphere (NH) to mimic the PI and PD aerosol environments,
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respectively [Fig. 1C, (29, 30)]. To ensure the similar meteorological
backgrounds, the k-means clustering algorithm is applied to separate
meteorological regimes (fig. S1 and Materials and Methods). The key
hypothesis is that at the same meteorological background and same
A value, a good CCN proxy should (when observational errors at the
same A value are similar in both hemispheres) lead to the same Ny in
both hemispheres where aerosol regimes are very different.

A metric, ANyg;_ngp is defined to quantify the hemispheric con-
trast at fixed A values (Materials and Methods). The ANy gy for
different proxies and different meteorological regimes are shown
in Fig. 2. Note that all CCN-relevant proxies in this study, including
CCN number concentrations at surface (CCNj), at cloud base (CCNy,)
and column-integrated (CCN,), are at 0.2% supersaturation. For the
interpretation of Fig. 2, we focus on the Copernicus Atmosphere Mon-
itoring Service (CAMS) reanalysis data because it provides most proxy
quantities (except for sulfate mass concentration at cloud base, SO4y,)
and also because in reanalysis data the product errors can be as-
sumed the same in both hemispheres. Another reanalysis product, the
Modern-Era Retrospective analysis for Research and Applications ver-
sion 2 (MERRA-2), shows a very similar behavior as CAMS, although
CCN data are missing (blue line in Fig. 2). As anticipated, AOD exhib-
its the largest ANy gy np [26%, averaged across the three meteoro-
logical clusters 0 to 2 (CO to C2)], implying the potentially largest
deviation of In A-In Ny relationships between PI and PD. This is fol-
lowed by sulfate column concentration (SO4.) with a ANy gy of
~14%, which better represents CCN-relevant fine-mode aerosols but
still lacks vertical colocation. Also, SO4. is biased as it does not account
for other CCN-relevant species that are potentially uncorrelated to the
distribution of SO4, such as hydrophilic organic carbon. Proxies that
either account for all CCN-relevant species (Al and CCN,) or provide
aerosol information within boundary layer (sulfate surface mass con-
centration, SO4;) achieve lower ANy gy _ngg (10 to 11%) compared to
SO4.. The ANgp_npy reduces progressively from CCN to CCN; and
finally CCNy, underscoring the importance of having aerosol informa-
tion at the cloud base. Among all proxies, CCN}, shows the smallest
hemispheric contrast in Ny conditioned on aerosol of only ~4%.

When considering all products, the overall conclusion remains
consistent (gray line in Fig. 2) despite some variations across different
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Fig. 2. Hemispheric contrasts in Ny at fixed A values (AN, _yy ) for different proxies from various products and different meteorological regimes. ANy vy
represents the absolute value of relative deviation (in units of %, Eq. 3). Crosses represent ANyq,_y for three meteorological regimes that are relevant for liquid clouds
(fig. S1), including CO (blue), C1 (yellow), and C2 (green). Mean ANd|SH—NH\ overall regimes are shown as black squares. Blue and orange curves denote ANd|SH—NH\ from
MERRA-2 and CAMS products, respectively, while gray curve shows the mean of all products. Note that only oceans within 30°-60° latitude bands are considered here.

products. Compared to reanalysis datasets, satellite products gener-
ally lead to a large hemispheric contrast, likely due to different data
error characteristics in satellite and reanalysis data. Nevertheless, the
hemispheric contrast is smaller in satellite-derived Al compared to
AOD, consistent with reanalysis products. Looking at different re-
gimes, which occur with frequencies of 23% for C0, 54% for C1, and
19% for C2, the ANy py_nyy behavior appears only in regimes associ-
ated with stratocumulus (C0) and trade wind cumulus clouds (C1),
but not in the convective cloud-dominated regime (C2), where the
strong Ny sink by precipitation veils part of aerosol effects (31), and
also the Ny retrieval is less reliable for these clouds (32).

The result from hemispheric contrasts provides direct observa-
tional evidence that incorporating aerosol size, hygroscopicity, and
vertical distribution helps to remove the dependency of In A-In Ny
relationships on aerosol regime, supporting findings from modeling
studies (16, 23, 28). Moreover, the result reveals that there does exist
an aerosol quantity in current observation-derived datasets, CAMS
CCNy, that can evidently mitigate, although not completely elimi-
nate, the aerosol-regime dependency issue, owing to the compre-
hensive aerosol information it includes. The remaining hemispheric
contrasts in Ny may be explained by inherent uncertainties in CAMS
CCN product (33), which warrants further improvement in data
quality. Given that CCNj yields the second-smallest hemispheric
contrast, it may serve as a useful alternative when CCNy, data are
unavailable (see below).

Synthetic experiments using AeroCom models
Synthetic experiments in a model world have proven to be a useful
test bed for evaluating observational approaches for quantifying
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RF,qi (16), as the “truth” is known. Building on the synthetic experi-
ments, relative biases in RF,; caused by inadequate proxies were
reported by comparing modeled Aln Ny and diagnosed Aln Ny us-
ing a joint histogram method, with a focus on AOD, A, CCN,, and
CCN; (16). In this study, we revisit the relative biases in RF,; from a
different perspective: B, p, (gray line in Fig. 1) versus f, p;_pp, (green
arrow in Fig. 1), considering all available proxies. Both B, p, and
B pi_pp are derived through a linear method based on monthly A
and Ny from the AeroCom PI and PD simulations, and then used to
diagnose the relative bias in RF, introduced by approximating
Bapr—pp With B, pp (8,045 Materials and Methods). Here, SO4;, and
CCNp, are not included due to the lack of cloud-base outputs in
the models.

As shown in Fig. 3 (blue squares), CCNj exhibits the smallest bias
(+5%), followed by AI, SO4,, and CCN, with similar positive biases of
~+25%. In contrast, AOD and SO4. show the largest biases, with val-
ues of —60 and +92%, respectively. With the same chemical compo-
sition, the column-integrated proxies (SO4. and CCN,) tend to
have larger positive biases in RF, than the surface proxies (SO4,
and CCNy). This suggests that the biased high B, pp, from column-
integrated proxies, as reported by (31), cannot be fully compensated
by their smaller anthropogenic perturbations as previously speculated
(17). Instead, the co-occurrence of higher f, p, and Aln A of column-
integrated quantities leads to the large positive bias (fig. S6). The lack
of vertical information results in an RF,; overestimation of ~70% for
SO4 and ~25% for CCN. It is important to note that despite using
distinct methodologies, our findings show a strong agreement with
the biases reported by (16) (orange crosses in Fig. 3), with discrepan-
cies of only 5% for AOD, 13% for Al, 3% for CCN, and 14% for CCN.
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Fig. 3. Comparison of relative biases in RF,; caused by using different CCN prox-
ies estimated using model-based (5,,,4) and observational (3,,;) approaches
(see Materials and Methods). Another model-based estimate from (76) is also
shown as a cross-validation (3¢, ,), with error bars indicating the intermodel SD. Both
810q aNd B, are based on the AeroCom AP2_IND3 models (table S2). As for 8,
ECHAM-HAM and HadGEM3-A-GLOMAP that provide outputs of all proxies are used,
to isolate the effect of proxy selection from differing Aln A across various models.

This consistency provides a form of cross-validation and strengthens
the robustness of the conclusions about the reported RF,; biases here.

What does this bias look like from the observational side? Ac-
cording to both hemispheric contrasts and synthetic experiments,
although a slight degradation in CCNs utility as a CCN proxy com-
pared to CCNy, CCN; still performs satisfactorily in predicting RF,¢;
with a bias under 5%. Therefore, assuming CCN; would give the
true RF,;, the relative bias in observation-based RF,; caused by in-
adequate proxies (d,; Materials and Methods) can be inferred as
well (connected black dots in Fig. 3). Figure 3 shows a remarkable
agreement between ., and 8 4, particularly for AOD, Al, CCN,,
and CCN, with discrepancies of only 13, 6, 6, and 5%, respectively,
although relatively larger differences are seen for SO4. (28%) and
SO4; (20%).

It has become clear that three independent lines of evidence from
models and observations shown in Fig. 3 converge on the conclusion:
CCNj, but next to it, CCNj is the best-suited proxy, in agreement
with the finding from the hemispheric contrast results. Furthermore,
the consistent RF,; biases estimated from different methods rein-
forces our confidence in using the relative biases presented here as
“emergent scaling” factors, to adjust RF,; estimated from any inade-
quate proxy to a plausible level. This is particularly useful for the
proxies that have potential to be observed directly from space with
high accuracy but lack some essential aerosol information.

It is also interesting to note that the rankings of “good” proxies, as
informed by the hemispheric contrasts (Fig. 2) and RF,; biases (Fig. 3),
do not always agree, especially for SO4. and SO4,, which exhibit mod-
erate hemispheric contrasts yet very high RF,; biases. This discrepan-
cy occurs because the former only reflects the bias related to B, pp
deviation, whereas the latter additionally incorporates the role of Aln
A (Eq. 1) as a modulating factor. Depending on the nature of proxies,
Aln A acts to either amplify or attenuate the bias related to the B, pp, de-
viation. For SO4. and SO4; that are primarily driven by anthropogenic
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fine-mode aerosols, the very high Aln A (~0.55; figs. S2 and S6) acts to
substantially amplify the bias related to p as seen in the hemispheric
contrast. This highlights the importance of accounting for the role of
Aln A and its associated uncertainty in RF,; estimates.

Decomposing and constraining RF,; uncertainty

Using regional B, pp (5° by 5° fig. S3) calculated from observations
and Aln A from AeroCom models (fig. S2), predictions for the geo-
graphic distributions of Aln Ny and RF,; using different aerosol
quantities from various products are constructed in figs. S4 and S5,
respectively. It is clear that substantial variations in p, pp, Aln Ng and
RF, exist not only between different proxies from the same product
but also across different products for the same proxy. This suggests
that both proxy selection and data biases [including measurement er-
rors (31) and sampling biases (24)] play a role in determining RF,;.
Moreover, the limited accuracy of aerosol and cloud retrievals over
land restricts the RF,; estimates to oceanic regions (22, 31, 34). To
extrapolate these estimates globally, a global-to-ocean RF,; ratio from
aerosol-climate models is commonly used (22), which, however, in-
troduces yet another model-related uncertainty. These uncertainties,
together with those associated with Aln A and the methodologies
used to determine B, pp, (Eq. 1), constitute the total observational
RF,; uncertainty. Note that the methodology-related uncertainty is
not considered for here due to its complexity (17).

A wide range of different observational products and aerosol-
climate models are used to decompose the RF,. uncertainty into
components (Fig. 4A and Materials and Methods). Here, the uncer-
tainty is defined as the relative variation in RF, caused by corre-
sponding uncertainty sources, quantified using the coefficient of
variation (SD divided by mean) of a set of RF,; estimates (Materials
and Methods). Figure 4A shows that even without the methodology-
related uncertainty, the combined uncertainty derived from the re-
maining four components is still estimated to be as high as 66%. The
decomposition reveals that the proxy selection (“proxy_err”) is a ma-
jor source of uncertainty, resulting in 40% uncertainty on its own,
while the observational biases in aerosol and Ny (“obs_err”) only leads
to 12% uncertainty, with the Nq component being minor (fig. S7), al-
though our estimate in Ny uncertainty may be biased low because
only MODerate-resolution Imaging Spectroradiometer (MODIS) Ny
estimates are included in this study. Notably, model-driven uncertain-
ties also make substantial contributions, with the uncertainty from
Aln A (“Aln A_err”) being 36% and the uncertainty from the global-
to-ocean RF,; ratio (“land_ocean_err”) being 20%. Note that the Aln
A_err-related uncertainty also varies with the choice of proxy (fig. S7).
A lower uncertainty is seen in sulfate-related proxies (~20%) owing to
their relatively well-represented emissions and processes in climate
models (35), while Al is more uncertain than the average (50%) be-
cause of the large diversity in modeled Angstrom exponent (27).

The uncertainty caused by the proxy selection can be constrained
by applying the observational scaling factors (8,,,) presented in Fig. 3
(Fig. 4B). Applying this constraint yields a less negative RF,¢; (—1.03 W
m™?) than the unconstrained case (—1.21 W m ™). The 5 to 95% con-
fidence range is substantially narrowed by ~40% from [—2.74 W m 2,
—0.33 W m™?] to [-1.87 W m ™%, —0.48 W m 2], thereby reducing
the total uncertainty from 66 to 43%. The histogram of constrained
RF, also exhibits less skewness, lowering the likelihood of a RF,
more negative than —1.5 W m™2 (mainly contributed by SO4; fig. S5)
and more positive than —0.5 W m ™2 (primarily contributed by AOD;
fig. S5). Applying the model-based scaling factor 3, 4 similarly
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Fig. 4. Decomposing and constraining the uncertainty in Aln Ng and RF,;. (A) The total uncertainty and the uncertainties from proxy selection (proxy_err), observa-
tional biases in both aerosol and Ny (obs_err), modeled Aln A (Aln A_err), and RFaci/RFaciocean ratios (land_ocean_err). The two bars to the right of the vertical line corre-
spond to model-related sources of uncertainty. (B) Histograms of global mean RF,;: unconstrained (gray) and constrained by the optimal CCN choice based on 8, (blue).
Mean values and 5th to 95th percentile uncertainty ranges are shown as error bars with dots. Spatial distributions of constrained (C) PD/PI Nq and (D) RF,; over ocean.The
ratio of PD to PI Ng is an exponential function of Aln Nq and is therefore directly linked to it.

reduces the uncertainty from 66 to 47%, yielding a best estimate of
(-1.15W m™% fig. S8). Table S1 summarizes RF,; before and after
the adjustment for each proxy, along with the values of 8, and 8,4
for use in future investigations.

Spatial distributions of constrained PD/PI N4 and RF,; over
ocean are shown in Fig. 4 (C and D). The most pronounced increase
in Ng during the industrial era occurs over the northern Indian
Ocean and the northern Pacific Ocean, with the PD/PI Ny ranging
from 1.5 to 2.25, followed by the northern Atlantic Ocean, with the
PD/PI Ny ranging from 1.25 to 1.5. In contrast, Ny remains largely
unchanged throughout most of the pristine Southern Ocean, par-
ticularly the regions south of 30°S. This spatial pattern aligns with
(29), justifying the use of the 30°S-60°S region as a proxy for the PI
environment. The resulting RF,; pattern generally mirrors the Ng
change, with an exception over the northern Indian Ocean where
liquid cloud fraction is very low (Fig. 4D).

These results demonstrate that, although some uncertainties re-
main difficult to constrain, applying the proxy constraint alone can
efficiently reduce the uncertainty in global RF,, leading to a less
negative RF,; estimate. The remaining uncertainty is mainly from
the model uncertainty in Aln A and the contribution over land, un-
derscoring the crucial role of improving model representation for
better observational estimates of RF,;.

DISCUSSION
Building on a diverse suite of observational datasets and state-of-the-
art aerosol-climate models, this work presented two approaches,
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hemispheric contrasts in Ny conditioned on aerosol and synthetic
model experiments, to systematically evaluate the utility of various
CCN proxies commonly used in recent research. The total uncer-
tainty in RF,; is quantified and subsequently decomposed into four
key components, where the uncertainty due to the use of imperfect
CCN proxies has been constrained by proposing a proxy-dependent
correction factor.

Our results from hemispheric contrasts provide direct observation-
al evidence that incorporating the information of aerosol size, hygro-
scopicity, and vertical profile into a proxy reduces the dependency of In
A-In Ny relationships on the aerosol regime. We demonstrated that
there does exist an aerosol quantity in current observational products
that can evidently mitigate the aerosol-regime dependency issue, i.e.,
the reanalyzed CCN}, from CAMS (33). However, some residual de-
pendency persists due to the limited accuracy of the CAMS CCN
product tied to its host model, highlighting the need for further im-
provements in data quality.

The results from synthetic experiments offer a theoretical evalua-
tion, not only determining the optimal proxy (i.e., CCNj) in an error-
free scenario but also quantifying the relative bias in RF,; caused
by inadequate proxies. This model-based bias (8,,,4) shows a good
agreement with the observation-based bias (3,,,), which justifies con-
fidence in using 3, and/or 8,4 as emergent scaling factors, to adjust
RF,; obtained using any less-than-ideal proxies. This will be espe-
cially beneficial for proxies like AT and CCN¢, which, although lacking
the cloud-base CCN information, can be retrieved with high accuracy
from polarimetric measurements (22, 36, 37). Furthermore, the emer-
gent scaling factors can also serve as a baseline for comparing and
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reconciling the diverse range of existing RF,; estimates derived using
different proxies, thereby facilitating a more consistent and robust un-
derstanding of RF,;.

Our findings point to two practical pathways for further reduc-
ing the proxy-related uncertainty. The first is to refine the reanalysis
CCN product, potentially by improving their underlying model rep-
resentations or by assimilating aerosol size, hygroscopicity, and ver-
tical profile information on top of AOD (38). The second is to apply
the emergent scaling factors derived herein to the observations with
higher accuracy.

The uncertainty decomposition identifies the proxy selection as
the dominant source of uncertainty (40%), followed by Aln A (36%),
the global-to-ocean RF, ratio (20%), and observational biases in
aerosol and Ny (12%). Applying the proxy constraint reduces the
total uncertainty from 66 to 43%, and yields a less negative RFaci
(=1.03 W m™?) than the unconstrained case (=1.21 W m™2), with a
5th to 95th percentile range of [—1.87 W m™2, —0.48 W m™2]. This
result underscores the potential of proxy constraint to substantially
reduce uncertainty in RF,; estimates. As rapid adjustments approx-
imately scale with RF,;, our result is relevant for total ERF,;, too.

A few potential caveats to decomposing and constraining should
be noted. The total uncertainty in RF,; presented here likely repre-
sents a lower bound of the actual uncertainty, as it does not include
methodological uncertainties related to nonlinearity of the aerosol-
Ny relation (14-16), cloud regime dependency (31, 39), and aggre-
gation scale (40). Notably, the nonlinear behavior alone was found
to diminish the Twomey effect by 12 to 35% (15), which could be
addressed in future work using nonlinear formulations, such as the
sigmoid fit (14) or joint-histogram (16) approaches. In addition, the
uncertainty related to observational biases may be a conservative
lower bound, given that not all products are independent (e.g., MODIS
is used as input for reanalysis data), and for Ny, we rely on only one
product (MODIS), albeit using four of its variants derived from dif-
ferent sampling strategies (19).

The goal of future work should be to constrain the other identified
uncertainty sources, in particular related to the PI-PD increase in
CCN as well as the quantification of RF,; over land. This challenge
could be tackled by integrating new polarimetric and lidar satellite
observations (37, 41), data assimilation approaches (38), and model
calibration techniques, such as perturbed parameter ensemble (PPE)
(42). With new polarimetric measurements, we expect reduced
measurement errors in both aerosol and Ny, particularly over land
(32, 37). This will not only directly reduce the uncertainty associated
with observational errors but also eliminate the reliance on modeled
ocean-to-global RF, ratios. In parallel, the data assimilation and
PPE technique offer a powerful avenue for reducing model biases in
aerosol emissions, properties, and processes. This, in turn, will help
to reduce the uncertainty related to both ocean-to-global RF, ratios
and Aln A.

MATERIALS AND METHODS

Observational data

The data of CCN proxies are taken from four different datasets with
varying data uncertainties. Pure satellite products including the
MODIS/Terra Collection 6.1 L3 data (43) and the POLarization and
Directionality of Earth’s Reflectance-3 (POLDER-3)/PARASOL L3
data, provide AOD and AI only. POLDER aerosol retrievals are

Jiaetal, Sci. Adv. 12, eaea4828 (2026) 18 February 2026

from the SRON RemoTAP algorithm (44). Reanalysis products, the
Modern-Era Retrospective analysis for Research and Applications
version 2 (MERRA-2) (45) and CAMS ECMWF Atmospheric Com-
position Reanalysis 4 (46), offer not only AOD and Al but also con-
tinuous 3-D distributions of aerosol species. Sulfate column mass
density (SO4.) and surface mass concentrations (SO4;) are directly
from the reanalysis, while sulfate mass concentrations near the cloud
base (SO4p) are derived from sulfate vertical profiles from the reanal-
ysis in combination with the cloud base height (CBH) retrievals from
the Multi-angle Imaging SpectroRadiometer (MISR)/Terra L3 prod-
uct (47). Note that Al is not directly provided in any dataset but is
calculated as the product of AOD and the Angstrém exponent
(AT = AOD x Angstrom exponent). Building on the CAMS reanalysis
and a simplified kappa-Kohler framework (33) introduced a derived
dataset providing 3-D CCN number concentrations at various super-
saturations. Here, we use column-integrated (CCN,), surface (CCNj),
and cloud-base CCNy, concentrations at 0.2% supersaturation, with
CCNj, derived again from its vertical profile and CBH from MISR.

Ny retrievals come from a MODIS-based dataset (48) that pro-
vides Ny for single-layer liquid clouds with cloud top warmer than
268 K at a 1° by 1° resolution based on different sampling strategies.
That is, Ng susceptibility is calculated from single-layer warm clouds,
which account for 71% of all liquid-cloud scenes. The remaining
multilayer and supercooled clouds, due to their larger retrieval un-
certainties, are assumed to respond to aerosols similarly to the reli-
ably retrieved single-layer warm clouds. To ensure a balance between
accuracy and data coverage (19), we primarily use the Ny based on
the strategy of (32) (referred to as G18), while also exploring the
uncertainty caused by four different sampling strategies (49-51).
The incoming solar radiation flux and the cloud albedo from the
Clouds and the Earth’s Radiant Energy System (CERES) and liquid
cloud fraction ( f;;,) from the MODIS/Terra L3 product are also used
in the RF,; calculation.

To cluster meteorological regimes (see below), the meteoro-
logical parameters closely linked to the liquid cloud formation in-
cluding estimated inversion strength (EIS), vertical pressure velocity
at 700 hPa (), relative humidity at 500 and 700 hPa (RH7g
and RHsq), surface temperature and surface wind speed, from the
European Centre for Medium-Range Weather Forecasts ERA5 re-
analysis (52), are used as inputs of the clustering. EIS is not directly
provided, instead is computed as

EIS = (9700 - e1000) - rifo (Z700 _ZLCL) )
where are 6, and 6, are the potential temperatures at 700 and
1000 hPa, I'** is the moist adiabatic lapse rate of potential tempera-
ture at 850 hPa, Z,, is the height at 700 hPa, and Z, ; is the height
of the lifting condensation level for an air parcel at the surface (53).

Different datasets vary in spatial and temporal resolution: MODIS,
POLDER, CERES, and MISR L3 data are at a 1° by 1° resolution
with daily frequency, while MERRA-2 is at a 0.5° by 0.625° resolu-
tion with 3-hourly frequency, CAMS data at a 0.75° by 0.75° resolu-
tion with 3-hourly frequency, and ERA5 at a 0.25° by 0.25° resolution
with hourly frequency. Thus, all reanalysis data are regridded to 1°
by 1° scale, and interpolated to 10:30 local solar time to approximate
the overpass time of the Terra satellite. Four years (2006-2009) of
the preprocessed data are then used for analysis. This study focuses
on the global ocean between 60°S and 60°N due to the limited re-
trieval quality over land and polar regions.
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Climate model data

Two major uses for model data in this study are deriving Aln A for
satellite-based RF,; calculation and testing the consistency between
Bpp and Pp;_pp in an idealized model world. Here, monthly mean
aerosol and Ny fields in the PI and PD atmospheres are taken from
global aerosol-climate simulations performed within the AeroCom
model intercomparison projects (25-27), including AeroCom Phase
II (AP2), Phase II IND3 (AP2_IND3), and Phase III (AP3) experi-
ments. In these experiments, both PI (reference year 1850) and PD
(reference year 2010) simulations are nudged to the PD horizontal
winds and use the PD climatology for greenhouse gases, sea surface
temperatures, and natural forcings, so that the PD-PI changes are
solely attributed to the differing aerosol emissions. Unlike AP2 and
AP3, which provide only aerosol outputs for the Aln A estimation,
AP2_IND3 also includes Ny fields, allowing us to diagnose and com-
pare Bpp and Bp;_pp- Note that modeled CCN needs to be interpolated
to supersaturation of 0.2% from 0.1% and 0.3%, to match CAMS CCN
data. All model data are regridded to a same resolution of 1° by 1° for
analysis. Table S2 summarizes the models used in this paper along
with their available outputs. A total of 35 models provide a wide selec-
tion of model variants and microphysics schemes, allowing for an un-
certainty assessment of RF,; caused by the model uncertainty.

Clustering meteorological regime

To ensure the similar meteorological backgrounds between two
hemispheres when contrasting Ny at a certain aerosol amount, we
separate the meteorology into different regimes by applying the k-
means clustering method (54) on the ERA5 meteorological parame-
ters, including EIS, ®,q,, RH79, RHsq, surface temperature and
surface wind speed. They are closely linked to the formation and
development of warm clouds, known as cloud-controlling factors
(34, 55). A key parameter in the k-means clustering is the number of
clusters (k). To find the optimal k the algorithm is run multiple times
fork =[2,3, ..., 14], with 10,000 different random initializations for
each k. For each run a set of metrics (inertia, Calinski-Harabasz in-
dex, silhouette score, Davies-Bouldin score, and SSE ratio) are calcu-
lated. Considering a balance of performance across all metrics, we
end up with k = 5 as the optimal value. The geographic distributions
of relative frequency of occurrence of the five clusters (fig. S1) show
that CO corresponds well to stratocumulus regions, C1 to trade wind
cumulus regions, and C2 to convective cloud-dominated areas. Fur-
thermore, C3 and C4 are associated with cold alto-class clouds and
residual cloud types, which are therefore excluded from our analysis.

Quantifying hemispheric contrasts in Ny

In the analysis of hemispheric contrast, the NH and SH are defined
as the oceans between 30°N-60°N and 30°S-60°S, respectively, to
ensure a sufficient hemispheric difference in aerosol background
(29, 30). The data of Nq and CCN proxies (A) are first grouped into
40 bins with fixed intervals of In A. To facilitate the comparison
across all proxies, we define a metric ANyqyy_yp to quantify the
hemispheric contrast

40
ANgisH-nn = Z o

i=1

Nd(SH),i - Nd(NH),i

X 100% 3)

Ni(Globy,i
where Nyspp);and Ny ; are the median Ny values in the ith aerosol

bin over the SH and NH, respectively, while Ny gjop,; i the median
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Ny in the ith bin over entire selected ocean. The absolute value of the
difference is taken to avoid cancellation of positive and negative dif-
ferences. In addition, the relative difference in each bin is weighted
by the sample size of the hemisphere with fewer data in that bin (®,),
to account for the comparability between two hemispheres.

Diagnosing N4 susceptibility
The Ny susceptibility to aerosols is diagnosed separately for (i)
calculating observation-based RF, and (ii) comparing B, pp, and
B pr_pp in an idealized model world.

For the first purpose, 5 pp, is calculated at each 5° by 5° grid us-
ing daily MODIS G18 N4 and 14 CCN proxies (denoted as A) from
different products (fig. S3)

_ dlnNd
APD T JlnA

It is known that a weak aerosol optical signal under clean condi-
tions artificially produces a shallow In A-In Ny zone (22) in the
satellite-derived relationship, biasing f, p, toward a lower value. A
similar issue should also appear in reanalysis products as they as-
similate satellite retrievals. Thus, data within this shallow zone are
excluded to minimize this bias. To determine the cutoff value, we
first fit a sigmoidal curve to each In A-In Ny following (14), and
define the cutoft value as the value of A where the derivative of curve
starts reaching 0.05.

For the second purpose, the f, pp is calculated from monthly
gridded model outputs according to Eq. 4. The B, p;_pp, is diagnosed
using global mean In Ny and In A in the PI and PD atmospheres

4)

InNy pp, — InNy p;

)
InApp — InAy,

API-PD =

where the overbar denotes a global average. The calculation here is
based on multimodel mean from six AeroCom AP2_IND3 models
(table S2). As the AP2_IND3 does not provide SO4-related outputs,
the corresponding B, pp and B p;_pp are inferred by combining
multimodel mean SO4. and SO4, from AP2 and AP3 with multi-
model mean Ny from the AP2_IND3 experiments. To ensure consis-
tency with satellite-based estimates, the model data are also restricted
to the global ocean between 60°S and 60°N.

Estimating RF, and its bias

The estimation of RF,; (the Twomey effect) follows a chain of phys-
ical processes from anthropogenic perturbation to N4 caused by PI-
PD aerosol change, via cloud albedo response to Aln Ny (56), to
radiation change over liquid clouds (57)

Qg ( 1- ®eld ) (6)
3

where F! is the incoming solar radiation flux, o is the cloud albedo
(both from CERES), and f;, is the liquid cloud fraction from MODIS.
Aln Ny is determined from the observation-derived f, p, and mod-
eled Aln A according to Eq. 1, where the reference years for PI and
PD are 1850 and 2010, respectively. Because of the large retrieval un-
certainty over land, RF,; is only calculated over ocean (RF,ocean)-
To extend the estimation to the entire globe, we use the ratios RF,/
RF,cijocean from 13 different aerosol-climate models in (5), ranging
from 1.12 to 2.24 with a mean of 1.5 (22).

RF, = —Fith AlnN,
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The relative bias in RF,; diagnosed from observations is calcu-
lated assuming CCNj to be the baseline of true RF,;

_ RFaci,A - RFaci,CCNs
obs —

) X 100%

(7)

RFaci,CCNs

where RF,; o and RF,; cons are the RF,; derived using proxy A and
CCN;,. Here, RF, 4 is calculated as the average across different
products (fig. S5). To isolate the effect of proxy selection from differing
Aln A across various models, only two AeroCom models, ECHAM-
HAM and HadGEM3-A-GLOMAP, are used, as they provide out-
puts for all considered proxies.

In the synthetic experiments, the relative bias in RF,; can be ap-
proximated to be the relative deviation of B, pp, from B, p;_pp as f is
linearly related to RF, (Eq. 1)

_ ﬁA,PD - BA,PI—PD
mod — - a

S X 100 %

Papi—pp ®)
Decomposing RF, uncertainty
The uncertainty in RF,; originates from (1) the choice of CCN
proxies, (2) observational biases across various datasets, (3) RF,/
RF.¢i0cean ratios, (4) uncertainties in modeled Aln A, and (5) the
methodology used to determine § (17, 57). This study focuses only
on (1) to (4), since the last source involves multiple aspects beyond
the scope of this work. The relative uncertainty (diversity) is quanti-
fied as the coefficient of variation (CV X 100%, SD divided by mean)
of a set of RF,; estimates, following established practice in Aero-
Com model evaluation studies (27).

The combined effects of proxy selection and observational biases
(sources 1 and 2) are reflected in the variability of 56 RF,j ocean Values
derived from the combination of 14 aerosol quantities (from differ-
ent products) X 4 Ny quantities (from different sampling strategies)
with varying degrees of bias. The uncertainty due to proxy choice
alone is represented by the variability of six RF,c; ocean Values derived
from different proxies (AOD, AI, SO4,, SO4,, CCN,, and CCNj) av-
eraged over products. The uncertainty due to observational biases
alone is the same as the combined variability from sources (1) and (2)
but adjusted to the CCNj level using scaling factors (8,,) given
in Fig. 3. The uncertainty in RF,ci/RF ¢ ocean ratios (source 3), is cap-
tured by 13 RF,ci/RF,ciocean ratios from different models (22). For
source (4), we simulate the uncertainty in Aln A with a log-normal
distribution of RF,; scaling factors with a mean of 1, a SD (o) of 0.36,
and a sample size of 100,000, where ¢ is based on the averaged uncer-
tainty caused solely by model uncertainty (cyan dashed line in
fig. S7). Combining this simulated distribution with the 56 RFqj ocean
values without adjusting and the 13 RF,/RF,; ocean ratios, we gener-
ate a histogram of possible global mean RF,; values (Fig. 4B), repre-
senting total uncertainty caused by sources (1) to (4). To isolate the
uncertainty contributed by each individual source, we use a con-
trolled variation method, holding all other sources constant at their
mean values while allowing only the source of interest to vary. The
resulting histograms are then used to quantify the corresponding un-
certainty (Fig. 4A).

Supplementary Materials
This PDF file includes:

Figs. S1to S8

Tables S1 and S2
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