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Regional aerosol hygroscopicity
influences radiative forcing globally
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Shravan Deshmukh 1 , Pau Ferrer-Cid 2, Baseerat Romshoo 1, Laurent Poulain 1,
Jose M. Barcelo-Ordinas 2, Jorge Garcia-Vidal 2, Aliki Christodoulou 3,19, Spyros Bezantakos 3,
Cyrielle Denjean 4, Barbara D’Anna 5, Paola Formenti 6, Subrata Mukherjee 7, Gazala Habib 8,
Prashant Kumar 9,10, Shan Huang 11, Zhijun Wu 12, Birgit Wehner 1, Silvia Henning 1,
Mar Viana 13,14, Markus D. Petters 15,16, Ajit Ahlawat 1,17 & Mira Pöhlker 1,18

Aerosol hygroscopicity is a critical parameter for predicting radiative forcing and climate sensitivity,
particularly under sub-saturated regimeswhere it drives complex aerosol–water interactions.Here,we
show that externally mixed aerosols exert a stronger influence on direct radiative forcing than is
currently represented inmodels. Incorporating our findings into radiative forcing calculations indicates
a stronger aerosol cooling effect, especially at suburban sites, highlighting the importance of
representing regional differences in mixing state. The conventional bulk-chemistry approach, which
assumes volume-based mixing with limited spatial variability, exhibits low predictive performance for
aerosol hygroscopicity (R² ≈ 0.61) at urban and suburban sites. Using an interpretable machine
learning framework trained on geographically diverse, region-specific datasets can capture this
variability with higher accuracy (R² ≈ 0.97), identifying key chemical compositional and mixing-state
drivers.

Atmospheric aerosols significantly influence the Earth’s radiation balance,
exerting both direct and indirect effects at local, regional, and global scales.
Aerosols scatter and absorb solar radiation, exerting direct radiative effects1.
They also indirectly influence the climate by acting as cloud condensation
nuclei (CCN), affecting cloud microphysics and their lifetime1,2. Aerosol
hygroscopicity (κ) is one of the key parameters used in radiative forcing
calculations and influences the uncertainties in climate predictions3. Sub-
saturated hygroscopicity is classically described by the growth factor (GF)4,
which is most commonly directly measured by a hygroscopicity tandem
differential mobility analyser (HTDMA) instrument5. The GF is then
converted into κ6 providing a similar proxy to CCN activity measurements.
Although CCN activity has been extensively studied7, aerosol hygroscopic
growth under sub-saturated conditions remains poorly characterised,
especially in remote andpristine regions8,9. Thus, this highlights the need for
investigations into sub-saturated hygroscopicity, specifically considering
different aerosol mixing states.

Themixing state of atmospheric particles is complex: internalmixtures
have uniform composition and predictable hygroscopic growth10, while
external mixtures exhibit particle-to-particle chemical variability, reflecting
diverse sources and atmospheric processing history. The distinction
between these mixing states is crucial, as it governs the water uptake8,11,12 of
the individual particle and aerosol-radiation estimations, particularly for
near-emission sources13,14. However, due to sparse measurements, existing

estimates of hygroscopicity often rely on simplified models, such as the
Zdanovskii–Stokes–Robinson (ZSR) mixing rule and assuming internal
mixing12. Climate models often use this mixing rule, considering a certain
fixed κ value for each aerosol component without accounting for regional
variability in aerosol composition, particularly in the organic fraction, and
the possibility of external mixing15. As a result, the ZSR mixing rule may
oversimplify the complex relationship between hygroscopic growth and
factors such as aerosol chemical composition, mixing state, and ambient
relative humidity (RH), which strongly modulates water uptake, leading to
uncertainties in climate simulations8,12. The influence of κ on aerosol optical
properties and radiative forcing is minimal under dry conditions but
increases sharply above ~70–80% RH, when water uptake significantly
enhances scattering16.

It remains a challenge to accurately represent variations inmixing state
and regional differences in hygroscopicity, and to understand how their
misrepresentation may affect the interpretation of aerosol physicochemical
properties. Urban and suburban environments predominantly feature
externally mixed aerosols due to fresh primary emissions from traffic and
industries, superimposed on a hygroscopic background of aged secondary
aerosols17. In contrast, marine environments are characterised by highly
hygroscopic aerosols, primarily composed of sea spray with sulfate and
chloride-rich secondary particles18. Recognising these spatial and compo-
sitional variations in aerosol mixing state and hygroscopicity is essential for
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improving aerosol direct radiative effects estimations, constraining uncer-
tainties in climatemodels, and advancing air quality assessments19. Overall,
the currently used simplistic approach to computing κ is insufficient to
capture these complex variations in aerosol mixing state.

Here, we address these knowledge gaps by developing an explainable
machine learning (ML) framework to estimate size-segregated κ across
diverse atmospheric environments (Fig. 1). The framework integrates
multi-site observations spanning ten locations and multiple particle sizes
(50-300 nm).Unlike earlier regionalML studies20, our approach is extended
and evaluatedacross geographically diverse and regionally resolveddatasets,
improving predictive accuracy and interpretability. By integrating chemical
composition, particle number-size distribution, and meteorology, it cap-
tures the complexity of aerosol mixing states (internal and external) while
enabling the imputation of data gaps. Model interpretability is explicitly
assessed using SHapley Additive exPlanations (SHAP) analysis21 to identify
chemically and physically meaningful drivers influencing κ variability. We
intended this framework as a regionally or site-specific, interpretable
modeling approach rather than a fully generalizable, transferable model.
Further examined where and why predictive skill declines across regions,
thereby identifying current limitations and keypriorities for future research.
Finally, by coupling ML-predicted hygroscopicity (κML) with radiative
forcing calculations, we demonstrate how region-specific aerosol repre-
sentations can reduce uncertainties in estimating aerosol–radiation inter-
actions in climate models.

Results and discussion
Aerosol hygroscopicity across geographically diverse
environments
A significant effect of externally mixed particles on κ was observed, parti-
cularly in urban and suburban regions where fresh emissions interact with
aged aerosols. In such regions, where external mixing dominates, conven-
tional bulk chemistry-based models (κchem) exhibit the largest errors
because they assume ideal internal mixing and overlook size and source
variability. The ML-derived hygroscopicity (κML) compensates for this
limitation and closely reproduces measured values (R² ≈ 0.97, slope = 1.05;
Fig. 2B), compared with κchem (R² ≈ 0.61, slope = 0.73; Fig. 2A).

Theκ exhibits substantial spatial and temporal variability across the ten
sites, reflecting differences in aerosol composition, emission patterns, long-
range transport, and aging processes (see Supplementary Note 2). This
variability of κ from urban, remote, open-ocean, and mixed-influence
environments over different time periods is evident in Figs. S2 and S3.
Across these environments, κML consistently improves agreement with
measurements, although predictive skill varies with aerosol regime. It is
highest at urban and suburban sites (R² ≈ 0.85-0.95), moderate at marine
and remote locations (R² ≈ 0.6-0.85), and lowest in highly polluted envir-
onments (R² ≈ 0.48), where emission sources and rapidly evolving aerosol
mixtures increase hygroscopic variability. In regions dominated by complex
organic-inorganic or marine aerosols, κchem underestimates hygroscopicity
because important contributors, such as sea spray components or

Fig. 1 | Illustrative representation of the framework used for the study with the
classical ZSR and ML methods. A diverse dataset of atmospheric environments,
ranging from marine to anthropogenic, was used for the following estimations. A
simplified empirical classical model (A), such as the Zdanovskii–Stokes–Robinson
(ZSR) mixing rule, which uses individual volume fractions and κ of chemical species
(i.e., Organics and inorganics) and black carbon (BC), solely assumes internal
mixing due to the bulk chemical composition of aerosols. On the other hand, (B) our
interpretable data-driven approach that leverages an explainable machine learning

(ML) framework integrates multi-site observations, a regional site-specific model
using chemical composition, particle number size distribution (PNSD), and
meteorology, additionally offering interpretability (SHAP). Incorporating κML in
first-order radiative forcing calculations highlights the importance of region-specific
aerosol representations and the mixing state of particles. Furthermore, transfer-
ability and generalization are out of the scope due to the data limitations and regional
variability.
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unresolved organic species, are not fully captured in chemical measure-
ments. However, incorporating size distribution with aerosol chemistry,
black carbon, and regional variability (ML framework shown in Fig. S5), the
κML captures these cases more robustly and may help resolve discrepancies
caused by incomplete chemical speciation. The hygroscopicity parameter
(κmeasured) computed from the measured size-segregated hygroscopic
growth factor (GF) closely resembles κML for all geographically diverse sites

(Fig. 2B). Among ML models, extreme gradient boosting (XGBoost) pro-
vided the most consistent performance statistics, and it is based on random
train–test partitioning (see methods and Fig. S9) and therefore reflects
within-dataset predictive skill rather than temporally extrapolative
performance.

Notably, site-specific behaviour further highlights these differences,
such as Paris (suburban site, κML with R2 = 0.92; Fig. S2), which shows

Fig. 2 | Comparison of hygroscopicity (κ) estimation and the influence of
mixing state. A, B The κ estimation using a conventional bulk chemistry approach
(κchem) andMLapproach (κML)with extremegradient boosting (XGBoost) for all sites (ten
diversemeasurements)with abivariate regressionfit of binneddatabasedon thegeometric
mean of κ bins with best-fitted diameters (all diameters (50–300 nm) are shown in Sup-
plementaryFigs. and tables). The threshold indicates the 95th and5thdata quartiles for the
outliers in the geometric mean and standard deviations, with significance p-values of
1:04 × 10�58 and 2:09 × 10�187 for conventional and ML approaches, respectively. The
interpretation of mixing state in (C) using GF-PDFs from measured and ML estimated

hygroscopicity probability density (MLPDF) function at six different unique sites (including
open-ocean cruise measurements), with the availability of observed GF-PDF at 100 nm
and 200 nm, considered as representative of smaller and larger particles, with the back-
ground of reanalysed global time average aerosol optical depth (AOD) from OMI/Aura
GIOVANNI package76. These six sites are externally mixed dominant, which can largely
influence hygroscopicity and grow particles bigger to PM2.5, which may indirectly impact
theparameters thatdriveAODin the region29, andarewell representedbyMLPDF, also in a
homogeneous/remote environment like Goldlauter (DE).
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aerosol hygroscopicity primarily driven by sulfate and organic aerosols
(OAs), which may be attributed to the increased oxygen content in the
organic fraction (oxidised OAs), which facilitates water uptake22,23. While
Henties Bay inNamibia (marine site, κMLwithR

2 = 0.52; Fig. S2) alignswith
high hygroscopicity for inorganic aerosols and chlorides transported over
the site shown in Fig. S6B. Such marine aerosols are typically characterized
by a mixture of secondary sulfate and organic aerosols, both quantified by
aerosol mass spectrometry (AMS), which accounts for high hygroscopic
growth24. In contrast, highly polluted environments (e.g., Delhi) display
suppressed κML correlation with measurements (R² = 0.48; Fig. S2), likely
due to the dominance of low-hygroscopic components such as black carbon
(BC) and primary organics except for specific events of high chloride25 with
complex mixing states and dynamic emission sources (Fig. S11). Lower
estimation accuracy (R2 < 0.52) at Henties Bay andDelhi is due to the fewer
measurement data points at these locations, resulting in a smaller training
dataset (Table S1), which further complicates model output. Furthermore,
the Henties Bay site is influenced by marine aerosols, which remain chal-
lenging to fully quantify using AMS26 and HTDMA27.

Overall, this ML framework demonstrates applicability across diverse
regionalaerosol regimes,motivating further explorationofSHAP-basedmodel

interpretability analysis, which quantifies the relative influence of chemically
and physically meaningful drivers on κ estimates and provides a physically
consistent, model-based understanding of aerosol-water interactions.

Drivers of aerosol hygroscopicity
Incorporating aerosol mixing state into hygroscopicity estimates was pos-
sible using information from the aerosol size distribution. Aerosol size
distribution reflects emission sources27, capturing particle-mixing infor-
mation beyond bulk chemical composition typically used in conventional
models, thereby improving the representationof aerosol–water interactions.
However, because size distributions also vary strongly across environments
and may differ in representativeness and comparability between sites, their
predictive benefit is not universal. Feature-combination tests show that
PNSD inclusion improvespredictive skill in specific regimes (e.g., Paris; R²≈
0.70–0.90; Table S3), but not consistently across all sites. The improved
performance ofκML reflects its capacity to capture uncharacterized chemical
interactions between organic and inorganic fractions (Fig. S11), the role of
BC density28, uncertainties regarding the hygroscopicity of organics (κorg),
and the complexities of internal and external aerosol mixing states. SHAP
analysis (Fig. 3C) and Growth Factor Probability Density Functions (GF-

Fig. 3 | Comparison of hygroscopicity estimation and SHAP analysis. A, B The
estimates of κchem and κML (by XGBoost) are shown alongside κmeasured in a scat-
terplot. The summary plots for the SHAP values are computed for test sets from
different locations (C), with a pie chart showing the contributions of chemical
species (i.e., Organics, Sulfate, Nitrate, Chloride, Ammonium, and BC). SHAP

provides reliable insights when applied to models with strong correlations (R² >
0.70).However, at theNamibia site, where correlation is lower, interpreting potential
driving-factor feature values should be approached with caution, though they still
offer valuable trends. Detailed SHAP values with other variables (i.e., RH, ws, PNSD,
etc.) are shown in Fig. S4 of the supplementary materials.

https://doi.org/10.1038/s43247-026-03505-z Article

Communications Earth & Environment |           (2026) 7:416 4

www.nature.com/commsenv


PDFs) reveal that the inorganic-to-organic ratio and particle size, to some
extent, shape κ across diverse environments. To evaluate these factors, we
combined measured GF-PDFs4,8,27 with ML-estimated distributions
(MLPDF; Fig. 2C) across six available measurements spanning suburban,
urban, rural, open ocean, and marine environments.

In climate models, the ZSRmixing rule oversimplifies the multimodal
growthbehaviour commonlyobserved in ambient aerosols. Sinceκchembulk
composition lacks particle-level mixing information11 and provides mean
growth values exclusively8, it is unable to capture the heterogeneity asso-
ciated with externally mixed aerosol populations. These mixing states
substantially influence κ and may indirectly affect aerosol optical depth
(AOD) in the region29. As Gliß et al.30 found, global models consistently
underestimate total AOD by ~21% due to overestimating the scattering
enhancement from κ30 andmodels often assume an internalmixture, which
erroneously assigns high water uptake to all particles. Similarly, the
chemistry-derived distribution (ChemPDF) and the measured GF-PDF
exhibit apparent discrepancies (Fig. S6A). In marine-dominated environ-
ments such as Henties Bay, coarse-mode and externally mixed aerosol
introduce significant variability in κ (0.1–1), where κchem correlates weakly
with measured (R2 = 0.11) compared to κML (R2 = 0.52; Fig. 3A). The
chemistry-based (Fig. S7) approach performs better in homogeneous rural
(e.g., Goldlauter) sites but systematically underestimates hygroscopicity in
complex, mixed-source regions (Fig. 3A, B). While rural/remote sites may
bewell-mixed, 75%of global grid cells have seasonally averagedhygroscopic
mixing state (χ) values between 20% and 63%, indicating external mixing31.

Beyond κ estimation, SHAP identifies feature contributions within the
trained model, provides insights into the potential drivers of ML estimates,
and assesses whether these contributions are physically consistent across
environments. Aerosol chemical composition emerged as the dominant
driver of κ variability, followed by particle size distribution across sites
(Fig. 3C and S4). In the SHAP framework, the SHAPvalue (x-axis) indicates
whether a given variable contributes to increasing or decreasing κ for the
given estimate, while the colour bar depicts the magnitude of the variables.
The spread along the x-axis denotes each factor’s contribution and
importance; the greater the spread, the more important it is. For instance,
the SHAP plot for Paris shows sulfate as the strongest positive contribution
to κ (SHAP ≈+0.10), consistentwith the high hygroscopicity of sulfate-rich
aerosols, while organic aerosol fraction andRHexert negative contributions
(SHAP ≈−0.15; Fig. S4), reflecting the suppressing effect of less hygroscopic
organic components. In Beijing, nitrate emerges as a potential primary
contributor to κ, underscoring the regional dependence and secondary
inorganic aerosol formation in polluted environments28. Meteorological
parameters and PNSD also influence the model and contribute to κ varia-
bility; although their effects vary across sites and therefore cannot be
ignored, this highlights the site-specific aerosol interactions.

Overall, the SHAP analysis demonstrates that the ML framework
attributes κ variability to physically plausible drivers and adapts to regional
differences in aerosol composition and environmental conditions. Impor-
tantly, SHAPprovidesmodel-based attribution rather than causal inference,
and evaluates the physical consistency and interpretability of the ML
predictions21,32. Integrating κML with SHAP-driven feature interpretation
offers interpretable predictive accuracy. Unlike bulk-chemistry approaches
that do not capturemixing states,ML techniques can adaptively account for
spatial and compositional heterogeneity in aerosol populations. To extend
the utility of κ estimation beyond individual sites, we also/then explore
quantification of mixing state and diagnostic transferability analysis across
diverse regions, identifying high-density or core points with structured
subspaces.

Mixing state variability, improvements by ML, and limitations
The effect of mixing state (i.e., external mixing in near-source regions) on
hygroscopicity depends strongly on the region’s composition. However,
basic relationships between chemical and physical factors remain largely
consistent across environments and canbeused inMLmodels. To assess,we
quantify themixing parameter across geographically and chemically diverse

environments, using (see methods) a hygroscopicity-based proxy derived
from growth-factor variability (χGF; Fig. 4A–F) and an independent bulk-
chemical proxy derived from ACSM/AMS measurements (χchem; Fig. 3G,
H). The pointwise error metric Δκ ([κchem-κmeasured] – [κML-κmeasured])
indicates thatMLpredictions reduce absolute hygroscopicity errors across a
wide range of mixing states, suggesting ML improvement over the κchem
approach. The largest improvements occurring in externallymixed regimes
(χ < 0.6), which account for ~70–90% of particles across sites (Fig. 4). For
example,OpenOcean, 38%of particles are towards intermediate to internal
mixed regimes (χ > 0.6), with ML improvements reaching Δκ ≈ 0.1–0.3
(Fig. 4A), indicating that ML does not degrade predictive skill over internal
mixing. At the Paris (suburban) site, ML reduces κ estimation errors across
both externally and internally mixed regimes, with median improvements
reaching Δκ ≈ 0.1–0.2, the same as Houston (Fig. 4B, F). In contrast, at the
Melpitz site,ML improvement shows higher variability (Fig. 4H), likely due
to limited data availability and the relatively good performance of κchem for
internal mixing. Despite these regional differences, ranging from open-
ocean and remote continental locations to urban and suburban regions,ML
performs well across externally mixed regimes and comparably robust in
internally mixed regimes (Figs. 4, S12G, H). This aligns with previous
studies31, showing that a substantial fraction of aerosol populations
(70–80%) resides in partially externally mixed regimes (χ < 0.6; Fig. 4).
Overall, this indicates that the ML framework adapts to regionally varying
mixing states.

This regime-dependent behaviour motivates the question of whether
relationships learned in one chemically stable environment can be applied,
at least in part, to other environments with similar or non-similar aerosol
characteristics. To evaluate this possibility, we conducted a diagnostic
transferability analysis in which an ML model trained in one location (the
source site) was applied to an independent location (the target site) that was
entirely excluded from training. Note that these experiments assess only the
sensitivity of κ estimates to cross-site application under constrained con-
ditions, rather than validating the generalisation and transferability of the
entireML framework.Due to data limitations and regional variability across
sites, achieving full transferability is difficult and is out of scope for
this study.

To test thepotential cross-site applicability and to simplify themodel as
much as possible, while ensuring consistent input features, we use only the
“chemical variables” as model inputs, and all variables are standardized
consistently across source and target locations. This simplification inten-
tionally constrains the analysis to composition-driven methods and also
reduces bias fromsite-specific variables (e.g.,meteorologyorPNSD) that are
not uniformly available across sites. Although we train the model with
PNSD for potential transferability, this further complicates the model and
does not consistently improve performance across sites (see Fig. S12A–F).
This indicates that PNSD provides conditional added value, particularly for
within-site interpretation, while its utility for cross-site transfer is limited by
site-specific variability. We further evaluate a single model trained on
combined data from two or more sites, reproducing κ variability but with
comparable lower predictive skill (Melpitz; R2 ≈ 0.56; Table S5). Further,
three representative sites were used for transfer cases that span distinct
environments (Fig. S13). When a model trained on continental source sites
fromHouston,Henties Bay, Goldlauter, andMelpitz to theOpenOcean (R/
V Polarstern) yields only moderate (R² ≈ 0.2) overall agreement with
κmeasured. However, a dense subset of data points shows substantially better
agreement (R2 ≈ 0.70; Fig. S13A), indicating that the ML model captures κ
reliably within chemically stable marine regimes. Larger deviations occur
outside this core region, suggesting that episodic influences or composi-
tionally distinct aerosol populations are not well represented by the source-
site training data, highlighting that cross-site applicability over the open
ocean is regime-dependent. Similar behaviour is observedwhen transferring
a model to other sites, which shows structural consistency rather than
individual-point accuracy (Supplementary Note 1 and Fig. S13).

There are still challenging issues that could be addressed to provide
ML-based large-scale estimates of aerosol hygroscopicity. The possibility of
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transferring amodel trained at one site (where HTDMA instrumentation is
available) to a similar or dissimilar sitewithoutHTDMAinstrumentation to
retrain the model is difficult to achieve at this point. This scenario concerns
the potential transferability of themodels and constitutes a research field in
itself, where domain adaptation and concept drift mitigation techniques are
promising for improving model generalization. Approaches such as meta-
learning and few-shot learning enhance transferability by enabling models
to adapt to new sites using only limited local data, thereby facilitating future
studies. Here, we identify high-density points as structured subspaces with
higher transferability potential (Supplementary Note 1, Fig. S13). It should
also be noted that, although the presented data sets are novel and have wide
geographical coverage, the limited number of samples, the limited time
span, and the heterogeneity make it difficult to train transferable models.
Nevertheless, this is a very relevant line of research in aerosol science and
artificial intelligence, seeking solutions to overcome the limitations men-
tioned above and to provide a general ML framework that can be used
worldwide. The main evaluation framework adopted here is most appro-
priate for assessing κ estimation and gap-filling within the represented data
domain. The sequential validation conducted for Houston (R² = 0.75

(random split) to R² = 0.60 (time-blocked split); Fig. S3) shows that per-
formance decreases under a more rigorous temporally structured setup.
Thus, the present framework should be interpreted as a regionally informed
and interpretablemodelling approach, rather than a universally transferable
predictor across all atmospheric regimes.

Overall, this analysis demonstrates that transfer of ML-based hygro-
scopicity estimates across sites is feasible only within limited, composi-
tionally similar regimes, although generalization transferability remains
challenging. Differences in data distributions33, sampling periods, and
aerosol sources strongly influence transfer performance, as reflected in site-
to-site variability21 (see Figs. S10–S11 for heterogeneity in chemistry). These
results highlight both the potential and the limitations of model transfer-
ability andunderscore the need for regionally informed trainingdata. In this
study, we use a single input for testing transferability, namely the chemical
composition, although it exhibits its own variability and non-collinearity33.
Further improvements, tuning, and site-specific limitations must be con-
sidered when evaluating model transferability, including outlier removal,
parameter selection based on collinearity, and gap-filling for values below
the κ-based threshold.Understanding these can be essential for further steps

Fig. 4 | Machine-learning based hygroscopicity performance as a function of
aerosolmixing state.Dependence of κMLprediction performance on aerosolmixing
state across diverse environments. A–E show a hygroscopicity-based mixing-state
proxy χGF derived from HTDMA growth-factor spread for OpenOcean (Polastern
cruise), Sub-Urban, Urban, Coastal, and Pristine remote environments. F–H show a
bulk chemical proxy χchem derived from chemical composition-based chemical
diversity Dγ76 for Houston and remote sites like Mahabaleshwar (IN) and Melptiz

(DE). The panels show the pointwise reduction in absolute hygroscopicity error,
Δ∣κ∣, relative to bulk-chemistry closure, with grey histograms indicating the fre-
quency of mixing-state conditions. The corresponding gain in explained variance,
binned by mixing state (χGF) or chemical diversity (χchem) on the x-axis as χproxy.
Across all sites and both independent proxies, ML provides the largest benefit under
chemically complex or externally mixed conditions, while exhibiting comparably
good performance to bulk-chemistry closures in near-internal-mixing regimes.
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in revising estimations of hygroscopicity parameterizations in climate
models, particularly for externally mixed aerosols and constraining uncer-
tainties in aerosol-radiation feedback.

Change in direct radiative forcing using ML estimates of
hygroscopicity
Analytical incorporation of improved κ predictions into radiative forcing
calculations reveals a stronger aerosol cooling effect, suggesting a potentially
substantial impact on direct radiative forcing (RFdirect). The change in
radiative forcing (ΔRF) was obtained using a pre-calculated sensitivity to
aerosol hygroscopicity (ξ), based on simulations from the aerosol-climate
model ECHAM–HAM, which is the ECHAM atmospheric general-
circulation model coupled to the HAM aerosol module. It is acknowl-
edged thatdirectly replacing aerosol schemes in climatemodels and running
simulations with ML outputs is computationally complex and technically
challenging; hence, using this simplified ΔRF calculations approach (see
Methods) based on ξ (Fig. S8B) provides a first-order estimate of the impact
on RF (shown in Fig. 5). The ΔRF in the shortwave range aerosol-radiation
interaction (ΔRFari) at the top of the atmosphere (TOA) is determinedusing
ξ and Δκ, which represents the difference between the default model
reference κ and the improved κML for our study locations (Eq. 12). There are
limitations to this simplified ΔRF approach, which assumes a linear rela-
tionship between κ and ΔRF; however, it was estimated using the empirical
framework of Liu et al.34, which shows that ΔRF depends approximately
linearly on κ (R2 ≈ 0.81), even at locations exhibiting large Δκ (Supple-
mentary Note 4 and Fig. S8C and S14). Over the observed κ range, ΔRF
increased approximately linearly with κ within individual sites, whereas all
sites introduced additional scatter due to differing baseline forcing condi-
tions. This study demonstrates the potential influence ofmachine-learning-
based κ parameterization on RF estimates and does not provide absolute
values of net radiative forcing.

Use of κML values indicates a negative impact on ΔRF
(−0.059 ± 0.062Wm−2), showing a larger cooling effect than the casewhere
the conventionalmethod of κ predictionwas used12 with no externalmixing
accounted for (−0.026 ± 0.022Wm−2), indicating that the ML-driven
hygroscopicity estimation captures the change in RF (Table S4).

Interestingly, the estimated ΔRF at Paris shows a positive (0.018Wm−2)
trend inFig. 5,which ismathematically consistentwithEq. 12.AtParis, both
the sensitivity (ξ is−0.169; Fig. S8) and Δκ (−0.104) are negative, resulting
in a positive ΔRF. This could imply that replacing the conventional κ with
κML reduces aerosol water uptake and light scattering at Paris, thereby
weakening the cooling effect.While site-specific uncertainties, such as those
in Henties Bay, may introduce localized biases, their influence on the global
forcing pattern is limited. These differences are significant by a factor of 2
acrossurban, suburban, rural, coastal, andopen-ocean regionswhenmodels
localised κ (Table S4). Ignoring this information, such as mixing state and
chemical variability, could lead to inaccuracies in estimating RF and its
climatic implications.

Thefindings of this study reinforce the need to incorporate site-specific
and regional aerosol data (such as κML values and their impact on RF) into
global climate models for better accuracy. Global models often rely on a
general chemistry module that cannot resolve mixing state, but integrating
more localised insights could lead to improved predictions of how aerosols
contribute to cooling or warming. This emphasises the importance of
refining global models by incorporating sensitivity analyses and hetero-
geneous aerosol properties from diverse environments. Incorporating
complex ML equations in global models is technically challenging. Still, it
can be the first step for the next-generation climate models, moving from
regional to global scales. Further studies can explore how localised hygro-
scopicity estimates (such as those from our sites) contribute to regional
climate phenomena (e.g., monsoons, droughts) and global climate trends.

Summary, implications, and significance
Aerosol hygroscopicity (κ) in the sub-saturated regime plays a key role in
regulating particle growth, light scattering, and water uptake, thereby
influencing the atmospheric radiative budget. Complex aerosol mixing is
typically found in regions with large local pollution sources, where a sig-
nificant number of people reside. Better knowledge of κ will not only
improve estimates of climate effects, but also fog formation and health
effects35. Yet, a limitedunderstandingof regional variability inκ continues to
hinder accurate representation of aerosolmixing states and radiative forcing
in climate models. To address these challenges, an ML framework was

Fig. 5 | First-order sensitivity assessment on radiative forcing calculation when
implementing κML at the measurement sites. Shown is the relative change in top-
of-atmosphere shortwave aerosol–radiation interaction (ΔRFari) estimated by
replacing the default hygroscopicity (κ) used in the ECHAM–HAMmodel withML-
derived κ at the measurement sites, indicated by ΔRF mean values (listed in the
legend). These site-level estimates are calculated using a pre-computed radiative

forcing response to hygroscopicity (ξ; seeMethods and Fig. S8) and represent a first-
order, analytic quantification of how regionally varying κ may influence radiative
forcing. Cruise track is shown in a grey dashed line forOpenOcean (R/VPolarstern),
andΔRF is evenly spaced (whole cruise; see Fig. S8A). The backgroundmap is based
on the ΔRF results, adapted from Pöhlker et al.12 and is included for contextual
comparison only of the site-specific ML results.
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developed to provide a computationally efficient approach that enables
accurate imputation of missing κ values20, providing high-resolution, size-
resolved, geographically diverse region-specific κ estimates. Although a
generalizing model transferability lies beyond the present scope, future
progress will benefit from expanding long-term global aerosol datasets and
ongoing advances in machine learning and artificial intelligence (AI)21.
These site-specific models capture local relationships among composition,
mixing state, and hygroscopicity, while cross-site models test these rela-
tionships across different environments. Limitations arising fromphysically
distinct aerosol regimes, reduced performance in cross-site applications,
and notmodel overfitting. This work is limited to investigating how region-
specific aerosol properties influence κ prediction and model performance,
not the global predictor framework.

Building on previous work that emphasised the importance of repre-
senting external mixing in climate models12, our regional κML estimates
provide an improved, data-driven depiction of aerosol hygroscopicity. This
approach indicates more pronounced negative radiative forcing estimates
and offers an alternative to conventional uniform parameterisations that
assume fixed hygroscopicity parameter values based on individual aerosol
components29. Chemically complex and polluted regions, such as Delhi and
Cairo, likely experience stronger hygroscopic growth and water uptake36,37,
whichmay partly account for the observed regional cooling trends or slower
warming over the Asian and African continents38 respectively. Enhanced
hygroscopic growth in such regions also carries potential implications for
public health, though this remains beyond the present scope35. These
findings highlight the importance of data-driven region-specific aerosol
parameterisations as a critical step toward reducing uncertainties in esti-
mates of direct radiative forcing in next-generation climatemodels. The use
of κML estimates can perturb regional RFdirect by typically up to ±0.1Wm⁻²
with a general shift toward stronger cooling on most of the selected mea-
surement sites, which may become significant on a global scale when the
κML algorithm is integrated into global models, potentially altering both the
magnitude and the sign of aerosol–radiation interactions.

This framework provides a scalable tool for improving estimates of
aerosol–radiation interactions and guiding the design of targeted observa-
tions. Our results reinforce the need to incorporate regional aerosol varia-
bility into climate models and highlight the value of expanding
observational datasets in the sub-saturated regime. Emerging ML and AI
approaches offer powerful means to address data gaps and uncover key
patterns in aerosol behaviour globally,marking a step towardmore accurate
and physically grounded representations of κ in future climate assessments.

Methods
Size-resolved HTDMA data and aerosol mass spectrometry
The aerosol mass spectrometer (AMS) and size-resolved humidified tan-
dem differential mobility analyser (HTDMA) data used in this study were
obtained fromtenfield studies summarised in thenext section.AMSdata on
the non-refractory submicron aerosol fraction (i.e., mass concentrations of
organics, nitrate, sulfate, ammonium, and chloride) were obtained either
from an aerosol chemical speciation monitor (ACSM, Aerodyne Research
Inc., Billerica, MA, USA) or a high-resolution time-of-flight aerosol mass
spectrometer (HR-ToF-AMS,AerodyneResearch Inc., Billerica,MA,USA).
Note that the AMS measurement of Cl- from sea salt is typically not
quantitative due to the partial evaporation of the refractory NaCl as a pri-
mary compoundof sea salt aerosols39. The concentration of equivalent black
carbon (BC) wasmeasured using amulti-wavelength aethalometer40 (AE33
model,Magee Scientific, 1-minute time resolution,wavelengthλ = 880 nm).
For ambient measurements, uncertainties in BC concentrations using the
AE33 can range from 5% to 15%41.

An HTDMA was used to measure the ambient aerosol hygroscopic
growth factor and distributions42. It is to be noted that the variance of RH
may have a measurable impact on GF, particularly with low-soluble com-
pounds and their sensitivity toRH in this range.This could contribute toGF
values uncertainty, especially for organics or less-hygroscopic dominant
species8. Although the RH calibration was maintained carefully, this

uncertainty is acknowledged as a potential source of error in our mea-
surements from different sites of HTDMA data and presented in previous
studies through corresponding original publications14,25,28,37,43–48. The
HTDMA sizes used here (50-300 nm) partially capture the scattering con-
tribution from submicron aerosol but do not capture the contribution from
the coarse mode. Thus, light-scattering estimates based solely on HTDMA
data generally underestimate total light scattering49. The particle number
size distributions of ambient aerosol in its dry state were measured using a
Scanning Mobility Particle Sizer (SMPS), operated concurrently with the
HTDMA and AMS at most stations (see Table S1).

Field studies and data sets
This study integrates nine field campaigns conducted worldwide (see
Table S1), during which size-resolved HTDMA, AMS/ACSM, BC, and
SMPS measurements were performed.
i) Beijing,China:Twofield campaignswere conducted (Fig. S10) during

the winter of 2016 and summer of 2017 in urban Beijing (39.97° N,
116.37° E; 50m a.s.l.) to measure aerosol physical and chemical
properties (Fig. S10 & S11)28. The BJ site is located at the Institute of
Atmospheric Physics (IAP), Chinese Academy of Sciences, situated
between the North Third Ring Road and the Fourth Ring Road in
northern Beijing. The sampling period in the cold season was from
16th November to 10th December 2016, during the domestic heating
period in Beijing. The sampling period in the warm season was from
25th May to 18th June 2017, with an average of 1300 data points28.

ii) Cairo, Egypt: Atmospheric measurements in the frame of the POL-
CAIR project were performed in Cairo, the capital city of the Arab
Republic of Egypt, located at the base of the Nile Delta. A compre-
hensive suite of state-of-the-art aerosol instrumentation was deployed
at the premises of the National Research Centre of Egypt (30.04° N,
31.23° E; 250m a.s.l.). The sampling site is located approximately
3.5 km southwest of the city centre. The field campaign started on 27th
November 2019 and ended on 29th January 2020, resulting in more
than two consecutive months of continuous observations37 of
HTMDA, SMPS, and ACSM measurements. This study provided an
average of 1000 data points.

iii) Delhi, India: Real-time measurements of atmospheric aerosols were
conducted25 during winter (1st February to 20thMarch 2020) at Block
5 of the Indian Institute ofTechnologyDelhi (28.61°N, 77.20° E; 200m
a.s.l.). HTMDA,ACSM, andParticle number size distributions (PNSD
via SMPS) were measured, resulting in ≈400 data points.

iv) Goldlauter, Germany: Physical and chemical characterization of the
atmospheric aerosol was performed in the mid-level mountain area in
Thuringia, centralGermany, nearby the villageofGoldlauter (50.38°N,
10.45° E, 605m a.s.l.) from September to October 2010 as part of the
Hill Cap Cloud Thuringia 2010 (HCCT-2010) experiment with ≈1400
data points for ML framework in this study. Hygroscopicity, chemical
composition, and PNSD were measured using HTMDA, AMS, and
SMPS44.

v) Henties Bay, Namibia: Physical and chemical characterization of the
atmospheric aerosol was performed at a coastal site of theUniversity of
Namibia inHenties Bay, Namibia (22.63° S, 14.46° E; 20m a.s.l.) in the
framework of theAErosols, RadiatiOn andCLOuds in southernAfrica
(AEROCLO-sA) project46. Instruments were located in the PEGASUS
mobile facility operated at the site between 26th August 2017 and
September 10th, 2017. Particle hygroscopicity was measured with a
custom-built HTDMA45. Aerosol non-refractory composition in the
accumulation mode was measured with a QTof-AMS50. This study
provides ≈920 data points.

vi) Houston,USA:During theTRACERcampaign, a trailerwas stationed
at the main site of the Department of Energy’s Atmospheric Radiation
Measurement (ARM) program’s ARM Mobile Facility (AMF1) in La
Porte, Texas (29.76° N, 95.36° W; 10m a.s.l.). The campaign was
scheduled for one year, from September 2021 to September 202214. An
intensive observational period occurred between 29th June and 29th
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September 2022; ≈1100 data points. The chemical composition was
measured using an AMS/ACSM, andHTDMAwas used to determine
hygroscopicity at four diameters (100, 150, 200, and 250 nm). The
PNSD measurements using SMPS data were available for a limited
period andhadmissingdata gaps (whichwere also accounted for in the
estimations). This may further affect the correlations in the ML
framework.

vii) Mahabaleshwar, India: High Altitude Cloud Physics Laboratory
(HACPL), Mahabaleshwar, over the Western Ghats region in the
Maharashtra state, India (17.92° N, 73.66° E, 1378m a.s.l.), established
in the year 2012 with a basic suite of instruments such as aerosol size
spectrometer, CCN counter, etc. The site is one of the highest rainfall
receiving stations in the country during the summer monsoon season
due to the orographic influence of strongmoisture-rich south-westerly
winds from the Arabian Sea43. Different air mass flow patterns
influence the site in different seasons. The measurement from 01st
February 2020 to 15thMarch 2020,≈1400 data points. Hygroscopicity
(for diameters, see Table S2), chemical composition, and PNSD were
measured using HTMDA, AMS, and SMPS, respectively.

viii) Melpitz, Germany: The atmospheric aerosol measurements were
carriedout at theTROPOSresearch stationatMelpitz (51.54°N, 12.93°
E; 86m a.s.l.), located approximately 50 km northeast of Leipzig,
Germany47,51. The station is mainly encircled by agronomical pastures
and forests within a rural area, so it is recognized as a rural background
station52. The field campaign, as MELCOL, started on 20th May 2015
and ran until 02nd July 2015, resulting in ≈500 data points. Hygro-
scopicity, chemical composition, and PNSD were measured using
HTMDA, AMS, and SMPS.

ix) Paris, France: The site is located in a suburban area approximately
23 km southwest of the Paris city center (2.148° E, 48.708° N; 150m
a.s.l.), and the measurement was conducted during the ACROSS
campaign (Atmospheric ChemistRy Of the Suburban Forest, in Paris,
Summer 2022) from 15th June 2022 to 17th July 20228, collecting
≈1800 data points. The particle’s hygroscopic growth at 90 % relative
humidity (RH) and chemical composition were measured using an
HTDMA (scanning at 100, 150, 200, and 250 nm) and HR-Tof-AMS
with SMPS for size distribution.

x) Open Ocean: Online measurements using a series of instruments
(HTDMA at 100, 200, 300 nm, HR-Tof-AMS, and SMPS) were per-
formed on the R/V Polarstern in three Atlantic cruises in spring and
autumn of 2011 and 2012, collecting ≈1500 data points. These open-
ocean voyageswere betweenBremerhaven,Germany, andCapeTown,
South Africa, or Punta Arenas, Chile. For the three cruises (CR), CR1
and CR2 had almost identical ship tracks, with the starting harbour
swapped with a ship track similar to those of CR1 and CR2 in the
northern part (15−55°N). More details of the same Polarstern cruises
can be found in a previous paper53.

Details of the experimental conditions and measurement procedures
for these campaigns are provided in the original studies.

Retrieval of hygroscopicity parameter κ, bulk chemical-derived
κchem, and GF-PDFs
Retrieval of hygroscopicity parameter κ. Hygroscopic properties of
aerosols can be described by the growth factor (GF), which is most
commonlymeasured by a hygroscopicity/humidified tandemdifferential
mobility analyser (HTDMA) instrument in the sub-saturate regimes5.

The GF determined by the HTDMA is the ratio of the particle mobility
diameter, Dp (RH), at a given RH (90%) to its dry diameter, D0, in Eq. (1):

GF RH; D0

� � ¼ Dp ðRHÞ
D0

ð1Þ

The hygroscopicity parameter (κ) can be computed using the hygro-
scopic growth factor (GF) measured through an HTDMA5,54.

κmeasured ¼ ðGF3 � 1Þ
expð aω

D0�GFÞ
RH

� 1

 !
ð2Þ

where aω is the water activity at which the growth factor was measured.
According to Köhler’s theory55, aω is obtained by the following:

aω ¼ 4 σs=aMw
RTρw

ð3Þ

Where σs/a is the droplet surface tension (assumed to be that of pure water,
σs/a = 0.0728 Nm−2), Mw is the molecular weight of water, ρw is the density
of liquid water, R is the universal gas constant, and T is the absolute
temperature.

Alternatively, κchem can be predicted using a simple mixing rule based
on chemical volume fractions (Vfi), as proposed by6:

κchem ¼
X

i
Vf i: κi ð4Þ

Here, κi and Vfi are the hygroscopicity parameter and volume fraction for
the individual (dry) component in the mixture, with i the number of
components in the mixture. The respective sites used the chemical com-
position from the AMS, ACSM, and AE33 (black carbon) measurements.
The approach we used to predict κchem follows the Zdanovskii-Stokes-
Robinson (ZSR) mixing rule. To some extent, we indirectly incorporate
solubility and chemical composition information into κ calculations,
particularly for particles with organic fractions exceeding 50%. Hence, in
ZSR-based κ predictions, the values of κi used in this study (Table 1) are
based on literature-measured values with some water activity calculation8

and uncertainties in the datasets are already accounted for. Changing κi in
calculations doesn’t significantly change κchem prediction, as lower soluble
compounds like organics generally show only slight hygroscopic growth at
relative humidities less than 98%56,57.

GF-PDF estimations. Where the κchem and ML estimated GF-PDF is
calculated using the corrected GF by Sjogren et al.27

GFðaω; κÞ ¼ 1þ k
aω

1� aω

� �1=3 ð5Þ

First, we calculated the bulk κchem from the ZSR ion mixing rule, and
then the corresponding corrected growth at 90%was calculated using Eq. 5.
After converting κchem to GFchem, the frequency distribution and the
probability density function (PDF) were calculated as in ref. 8; this con-
version is needed when comparing with the measured GF-PDF. The fre-
quency distribution provides the number of GFchem values within specified
intervals (bins). Kernel density estimation (KDE) and a non-parametric
method that smooths data by summing Gaussian functions (Silverman’s
rule of thumb) provide a continuous representation of the distribution,

Table 1 | Gravimetric densities ρ and hygroscopicity parameters κ at the sub-saturated regime used in this study5,42,43,55,69–75

Species NH4NO3 H2SO4 NH4HSO4 (NH4)2SO4 NH4Cl NaCl* Organic matter Black carbon

ρ (kg m-3) 1720(a) 1830(a) 1780(a) 1769(a) 1520(d) 2160(e) 1400(a, c) 1770(a, b)

κ 0.58(a) 0.9(a, b) 0.56(a) 0.48(a) 1.02(d) 1.1(e) 0.1(a, c) 0

a(5,68); b(68,69,70); c(70,71); d(72,73); e(74,75); *only used for Henties bay and Open Ocean (R/V Polarstern) due to data availability.
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which is commonly used to analyse aerosol GF distributions. A similar
method was used to obtain the ML-estimated PDF (MLPDF) shown in the
results above (Fig. 1C).

Machine learning models and data processing
Machine learning techniques have recently been used to estimate aerosol
hygroscopicity20. Supervised regression techniques have generally been
leveraged to implement the so-called proxies58,59. An ML-based proxy is an
ML model that estimates a phenomenon or parameter using indirect
measurements from other sensors. In the context of this article, we used two
complementary predictor configurations; regression techniques are used to
estimate aerosol hygroscopicity (κ) from chemical composition (including
BC) and particle number size distribution (PNSD) measurements along
with local meteorological parameters to evaluate the maximum within-site
predictive skill and to examine the contribution of different predictor classes
toκvariability. Specifically, theκ estimate ŷt givensome featuresxt at a given
time step t is set to:

ŷt � f κ xt
� � ð6Þ

ML Function f κ �ð Þ is used to estimate κ from indirect measurements
xtf�xpnsd; xchem; xmetg. To obtain the function f κ �ð Þ, ML models from
different families (linear, kernel, and ensemble) have been employed in the
MLpipeline (Fig. S5). As explained in the following subsections, eachmodel
has its own hyperparameters and needs to find those that produce a good
model. In parallel, a reduced-feature configuration based on variables that
were more consistently available across sites (e.g., chemical composition)
wasused for cross-site comparisons and to test potential transferability. This
separationwas adopted to ensure that transfer experiments were conducted
usingharmonizedpredictor sets,while still allowing assessmentof the added
value of more physically informative variables under site-specific condi-
tions. Furthermore, transferability and generalization are outside the scope
of this study due to data limitations and regional variability.

The variousMLmodels are tested and executed to estimate κ. Extreme
gradient boosting (XGBoost; Fig. S9) performs and predicts κ well, under-
scoring its robustness in resolving hygroscopic behaviour across different
locations and compositional variability, compared to other models: Ran-
dom Forest Regression (RFR), Multiple Linear Regression (MLR), and
Support Vector Regression (SVR). When training models for κ estimation,
there are two alternatives: creating a separate model for each site and dia-
meter, or combiningdata fromdifferent sites to create a globalmodel. In this
article, we have opted for the first option, since, as seen in the SHAP
interpretability analysis (Fig. S4), the data set is heterogeneous in terms of
time period and different sites, with different influencing factors. Indeed, we
conducted an experiment to compare the estimation performance of a site-
specific model with that of a model combining data from two similar sites
(Table S5). The results showed that site-specific models performed better.

Themodel output across distinct atmospheric conditions is depicted in
Fig. S2,which shows thebest-fit diameter correlationbetween estimated and
measured hygroscopicity (HTDMA) at different sites, and other diameter
analyses are briefly described in Tables S2 and S3. The framework was
evaluated across the full range of available site-specific diameters
(50–300 nm); detailed metrics for all sizes are provided in the Supplemen-
tary Tables 1–5 and Supplementary Figs. 1–5.

Data split andmodel selection. The data is randomly split into training
and test sets at 70% and 30%, respectively. This division mechanism
achieves good model performance and simulates the application of
missing-value imputation. As an alternative, a sequential temporal split
was tested on the dataset with the largest time span (the Houston, USA
dataset), selecting the first 70% for training and the remaining 30% for
testing. Figure S3 compares the performance of random and sequential
splits over time, demonstrating that the random split performswell and is
appropriate, as it allows the model to learn the full range of variability in
the dataset and is consistent with previous studies (e.g., Vu et al.20),

whereas a time split is more rigorous and requires extensive data sets.
Random splitting is appropriate for assessing within-dataset interpola-
tion performance, but it does not constitute a test of temporal extra-
polation. Further, it is used to assess the model’s ability to capture
relationships within the available dataset. The training data is used to find
the best hyperparameters and train themodel. For eachMLmodel, a grid
search is performed on the training set using 10-fold cross-validation
(CV) to optimize the hyperparametersϴ. In transferability experiments,
the only difference lies in the data used for training and testing. In the
transferability experiment, the model was trained on data from one site
(or several mixed sites) and tested on data from another site, which was
not included in the training set.

Data pre-processing. In the first stage of feature engineering, the
variables to be used in the estimation are selected. Due to the PNSD
variable’s high dimensionality, principal component analysis (PCA)
performs a dimensionality reduction, selecting the number of latent
components that maintain at least 90–95% of the variance of the original
data. In fact, by using PCA, the data is assumed to reside in a low-
dimensional space spanned by certain bases and is represented as a linear
combination of orthonormal vectors. The PNSD measurements are
projected onto the subspace spanned by the set of leading principal
components. Finally, all measurements are standardized to promote
training stability. Further, using PCA might remove sites with different
instruments for PNSD (e.g., different mobility ranges, APS vs. OPC in
future studies), where the initial size distribution is on afixed gridwithout
disturbing the multi-lognormal distribution in processing. It should be
noted that PCA is performed to avoid more complexity in the ML
framework.

ML models. Four different ML models are evaluated for κ estimation.
First is the MLR, which assumes a linear relationship between the input
and target variables. Second is the RFR, an ensemble method whose
prediction corresponds to the average prediction of a group of decision
trees. In addition, the decision trees follow a decorrelation process to
improve the ensemble accuracy. Third, the SVRmodel, the equivalent of
the support vectormachine for regression, implicitly uses kernels and the
epsilon-insensitive loss to map the data into a higher-dimensional space.
Fourth, the XGBoost, which is a tree-boosting method that combines the
output of W weak learners (decision trees), resulting in the estimator60:

ŷt ¼ f κ xt
� � ¼X

w

f wκ xt
� �

ð7Þ

XGBoost uses a gradient boosting strategy, where each weak learner is
trained sequentially to improve the error of the previous learner. A second-
order Taylor expansion is used in the loss function to follow this iterative
procedure effectively. Some XGBoost hyperparameters include the number
of weak learners, the maximum decision tree depth, and the learning rate.
After training the models with the best hyperparameters, the estimates ŷκ
can be obtained for the desired samples, e.g., in the case of missing values,
estimations are obtained for the data gaps.

Interpretability and factor discovery. Lately, explainable artificial
intelligence (XAI) techniques have enabled interpretable results from so-
called black-box ML models. To address the challenges associated with
the interpretation of complex, high-dimensionalMLpredictions, Shapley
additive explanations (SHAP) are implemented. SHAP is an inter-
pretable ML tool that provides insights into the relative influence of
various input features on model predictions32. Recently, SHAP has been
leveraged to determine input variables’ contributions and potential
driving factors in the ML-based estimation of environmental
parameters61,62. Henceforth, the ML pipeline presented includes an
explainability module that provides interpretability using SHAP values.
SHAP provides an exact way to compute Shapley values, a concept
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borrowed from game theory, where in a cooperative game, the Shapley
values are the average marginal contribution of each of the ML model
input variables across different coalitions32. The resulting explainability
model can be seen as an approximation of the model f κ by the additive
model gκ

32:

f κ xt
� � ¼ gκ xt

� � ¼ ϕo f κ
� �þ Xm

i¼1

ϕi f κ; xt
� �

ð8Þ

Where ϕi f κ; xt
� �

is the SHAP value for the i-th feature, and ϕo f κ
� �

is
the average prediction (f κ 0ð Þ). The SHAP values ϕi f κ; xt

� �
can be com-

puted as32:

ϕi f κ; xt
� � ¼ X

s2 S

1
P!

f κ x
Ps
i ∪ i

t

� �
� f κ x

Ps
i

t

� �h i
ð9Þ

Where P is the number of input variables, S is the set of all feature orderings,
Ps
i is the set of features before including the i-th feature in the s ordering. All

in all, the magnitude of the SHAP value (jϕi f κ; xt
� �j) denotes a variable’s

contribution to a certain prediction. For instance, a significant negative
SHAP value indicates that the variable’s value lowers the hygroscopicity
estimation, while a significant positive SHAP value denotes a positive
increase in the hygroscopicity estimationdue to the variable’s value.TheML
pipeline is shown in Fig. S5.

ML model validation. To find the optimal model for each data set and
input variable, CV is performed. To validate the ML proxy for κ, a sen-
sitivity analysis is performed in which models are tested with all possible
combinations of input variables (PNSD, chemical composition, and
meteorological variables), Table S3. Two different metrics are used to
quantify the goodness offit of themodels; the coefficient of determination
(R2) and the root mean square error (RMSE).

ŷt or κML � f ðchem;meteo;PNSDÞ ð10Þ

R2ðy; ŷÞ ¼ 1�

P
t

yt � ŷt
� �2

P
t

yt � �y
� �2

RMSEðy; ŷÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
T

X
t

yt � ŷt
� �2s

Where�y denotes the average hygroscopicity value. TheR2 is defined as
the proportion of variance explained by the model’s output. The RMSE is
defined as the root of the average square residuals.

The limitations and advantages of the ML method are discussed in
the Supplementary Notes 1–3 to this work.

Mixing Index (χproxy) analysis and performance metrics
Direct quantification of aerosol mixing-state χ requires per-particle mass
fractions; such data are rarely available in ambient measurements and are
not present in the datasets we have. To characterize aerosol mixing state
from available observations, we therefore adopt a dual-proxy framework
that uses HTDMA GF spread (σGF) as a physical indicator of particle
heterogeneity and bulk ACSM/AMS data as a chemical constraint on total
population diversity. Where HTDMA measurements are available, we
estimate aerosol mixing state using a hygroscopicity-based proxy (χGF)
derived from the spread ofmeasuredGF (Fig. 3A–F). Specifically, we define
a normalized mixing index.

χGF ¼ 1� σGF
σGFmax

ð11Þ

where σGF is the standard deviation of the growth-factor distribution at a
given dry diameter, and σGFmax is a site-specific upper bound derived from

the observed distribution. This formulation maps large GF variability
characteristic of externally mixed aerosol populations with distinct
hygroscopic modes to low χGF and converges to χGF = 1 for internally
mixed populations with narrow growth-factor distributions. Although χGF
does not constitute the rigorous particle-resolved mixing state index χ
defined by Riemer and West et al.63, it provides a physically meaningful
observational analogue by directly quantifying inter-particle hygroscopic
heterogeneity, consistent with previous HTDMA-based studies, which
demonstrate that σGF reflects the degree of mixing4,27.

Further, we adopt a bulk, chemistry-based proxy (χchem)whenwe have
chemical composition without GF spread information, motivated by the
mixing-state framework of Riemer et al63. Using ACSM/AMS-derivedmass
fractions of the major aerosol components (organics, sulfate, nitrate,
ammonium, chloride, and black carbon), we compute the bulk chemical
diversity Dγ as the effective number of species based on Shannon
entropy31,63. This quantity characterizes the total chemical complexity of the
aerosol population and represents an upper bound on particle-scale diver-
sity in the absence of size or particle-resolved composition. To enable
comparison across sites and conditions (Fig. 3G,H), we define a normalized
mixing-state proxy χchem = (Dγ−1)/(A-1), where A is the number of che-
mical components. While χAMS/ACSM does not correspond to the rigorous
particle-resolved mixing state index χ63,64, it retains a direct physical inter-
pretation: higher bulk chemical diversity implies a higher likelihood of
externally mixed aerosol populations, for which internally mixed bulk
closuremodels are expected to be less representative.Model performance is
evaluated using two complementary metrics: a pointwise reduction in
absolute hygroscopicity error, Δκ ([κchem-κmeasured] – [κml-κmeasured]), and
the gain in explained variance, ΔR2 = RML

2-Rchem
2 (Fig. S12G, H), both

computed relative to measured hygroscopicity. The combined use of
hygroscopicity and chemistry-based proxies leverages complementary
physical and chemical constraints to approximate aerosolmixing state from
observational data, consistent with emerging ML frameworks that infer
mixing complexity from bulk aerosol properties31.

ECHAM simulations and radiative forcing analysis
Sensitivity refers to howamodel responds to changes in a certainparameter,
typically quantifying how variations in input variables affect key climate
outputs such as radiative forcing, temperature, or cloud properties. If sen-
sitivity (ξ) in the aerosol-radiation interactions (RFari) to hygroscopicity (κ)
is known from model simulations, then the change in RFari due to an
updated κestimate can be estimated65. To find how the improved aerosol
hygroscopicity estimation could potentially influence RF, we calculated the
relative change in RFdirect when using κML instead of the reference κ cur-
rently used in the model12. As across most of the investigated sites, the
empirically estimated TOA radiative forcing (See Text S3 and Figs. 8C and
S14) showsanapproximately lineardependenceonκ across site datasets, the
relative change in RFdirect (Fig. 5) was obtained using a pre-calculated
sensitivity to aerosol hygroscopicity (ξ), based on simulations from the
aerosol-climate model ECHAM–HAM (version echam6.1-ham2.2-
moz0.978), which is the ECHAM atmospheric general-circulation model
coupled to the HAM aerosol module, and the MOZ trace gas chemistry
module (disabled for our runs). The model is based on the ECHAM, the
HAM aerosol module66,67 and the MOZ81. Aerosol-radiation interactions
are computed using Mie theory67, where scattering and absorption prop-
erties are determined under the assumption of an internally mixed aerosol,
accounting for aerosol water content. Given that the refractive index of
aerosol water is relatively small (2.0 × 10⁻⁷, by Zhang et al.68), absorption
enhancement in droplets is considered negligible, meaning changes in the
hygroscopicity parameter (κ) primarily impact scattering rather than
absorption. The model includes all seven aerosol modes, comprehensively
representing aerosol size distributions and variations in wet radii with
changing κ values. Consequently, the model effectively captures radiative
forcing due to aerosol-radiation interactions (RFari) and their rapid
adjustments. The setup enables the representation of radiative forcing from
aerosol-radiation interactions and rapid adjustments. The RFari estimates
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were computed following Ghan et al.68 using two simulations—one with
present-day (PD) emissions and another with preindustrial (PI) emissions,
while maintaining a climatological annual cycle of SST. Themodel was run
to obtain RFari estimates using the reference hygroscopicity values
(κinorg = 0.60; κorg = 0.06) and an alternative parameterized κ from12. The
sensitivity (ξ) was calculated globally by dividing the spatially resolved RFari
simulations by Δκ. The radiative forcing values incorporating regional
hygroscopicity were derived by multiplying the sensitivity (ξ) (Figure S8) at
each site-specific grid point with Δκ, determined as the difference between
the model reference and ML-derived κ as:

ΔRFκML
¼ ξ RF; κð Þ � ΔκRef�ML ð12Þ

The κML values from our study generally lead to a substantial negative
impact on ΔRF, showing a more cooling effect than the earlier study12,
indicating that the hygroscopicity estimation used in this study captures
pronounced effects of aerosols on radiative forcing.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The majority of the data sets on hygroscopicity and aerosol chemical
composition used in this study have been previously reported and are
available from the original publications cited in the manuscript. Data from
thefigures in this study (https://doi.org/10.6084/m9.figshare.31901050) and
from the Paris campaign at the SIRTA site are available through the AERIS
data center (https://across.aeris-data.fr/catalogue/, ACROSS campaign).
Also, data are available upon request to the author (deshmukh@tropos.de).

Code availability
The Python library for hygroscopicity estimation and the scripts for all
experiments have been published in an open repository (https://codeocean.
com/capsule/2440465/tree). Similar codes are available atBitbucket (https://
bitbucket.org/sans-rg/hygroscopicity-estimation).
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