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Abstract

Aerosol liquid water content (ALWC) plays an important role in climate and public health by
influencing aerosol formation, chemical composition, and toxicity. However, ALWC remains sparsely
measured and poorly constrained across space and time, despite its large variability. In this study, we
derived a high resolution (1km x 1km, daily) ALWC dataset for the contiguous US from 2000 to 2019.
The dataset was generated by training machine learning (ML) models on outputs from a chemical
transport model (GEOS-Chem) to capture the thermodynamic relationships between ALWC and
relevant predictors, then applying these relationships to high-resolution, biased-corrected input datasets.
Compared with GEOS-Chem simulations, the ML-based dataset better captures daily variations and
spatial heterogeneity in ALWC. The predicted ALWC levels are highest in the Midwest US and lowest
in the Western US, largely driven by regional differences in PM> 5 concentration, chemical composition,
temperature, and relative humidity. Over the study period, ALWC declined significantly across most
regions, driven primarily by the reduction in sulfate. We further demonstrate that ALWC provides a
physically meaningful constraint for interpreting variability in water-soluble iron, a health-relevant
fraction of aerosol metals, highlighting the potential value of this dataset for future studies of aerosol

toxicity and epidemiological exposure.



Introduction

Water can be absorbed by aerosol particles composed of soluble species, contributing to a substantial
fraction of aerosol volume, particularly at relative humidity (RH) above 60%'. Aerosol water influences
aerosol mass and composition by affecting the gas-particle partitioning of semi-volatile species™’,
promoting multiphase reactions that lead to secondary aerosol formation**, and enhancing the solubility
of trace metals®. Furthermore, aerosol water can largely amplify light scattering, enhancing aerosol

cooling effects and reducing visibility”®.

Despite its abundance and importance, aerosol water is not routinely measured in field studies due to
the lack of direct measurement techniques. Instead, several studies have estimated
aerosol liquid water content (ALWC) indirectly based on aerosol hygroscopicity and particle number
size distributions (PNSD) "  or retrieve it from optical measurements such as light scattering
enhancement'""'? and lidar measurements'®. Another indirect method involves using thermodynamic
models such as ISORROPIA-II'*, which rely on the inputs of aerosol component concentrations and
meteorological conditions. However, field-based studies have typically been limited to short-term and
location-specific measurements, while ALWC levels can vary largely across times or locations'*'®. To
estimate ALWC at broader spatial and temporal scales, chemical transport models (CTMs), such as
CMAQ or GEOS-Chem, have been employed'”", However, biases in simulated aerosol composition
could propagate into errors in simulated ALWC'*°, More recently, studies have utilized machine

learning (ML) techniques to fuse model simulations, observations, and satellite data to generate aerosol
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mass” ", components~~" and meteorological data=°, with reduced bias and high spatial resolution.
However, those datasets are often limited to daily (for meteorological data) or even annual temporal
resolution (for aerosol components), which hinders their ability to directly estimate ALWC that is
dependent on variability at finer temporal scales. For instance, Pan et al. >’ showed that neglecting
diurnal variations in temperature and RH led to underestimation of particle-phase partitioning and thus

ALWC (see their Figures S21 and S22).

In this study, we developed a high spatiotemporal resolution dataset of ALWC for the contiguous US
(CONUS) at a 1 km x 1 km daily resolution spanning 2000 to 2019. This dataset was generated by
integrating high-spatial-resolution datasets of PM» s mass, composition, meteorological conditions, and
GEOS-Chem simulations using ML approaches. The ML models were trained using ALWC calculated
within GEOS-Chem under a thermodynamic equilibrium assumption, based on simulated aerosol
composition and meteorological conditions. While biases in GEOS-Chem simulated ALWC primarily
arise from biases in simulated aerosol inputs, the underlying thermodynamic relationships linking
ALWC to aerosol composition and meteorology are physically based. By learning the physically based
relationship between ALWC and related variables, the ML models were applied to higher-resolution

and less-biased inputs to generate spatially continuous ALWC estimates.

We validated the ALWC dataset by comparing it with estimates derived from field-measured aerosol

composition and benchmarking it against GEOS-Chem simulations. Subsequently, we analyzed the



spatial and temporal variations of ALWC and identified its key controlling factors. Finally, we illustrate
the importance and potential applications of the ALWC dataset by examining its role in aerosol iron
solubility from both theoretical and observational perspectives, and by discussing implications for

future studies.
Results
Machine learning model performance

We selected daily median ALWC as the ML prediction output, rather than daily mean values (see
Methods), because ALWC increases exponentially with RH, especially when RH exceeds 80%'2*.
Consequently, daily mean values can be disproportionately influenced by short periods of very high RH,
often occurring at night, whereas the median provides a more stable and representative measure of
overall daily ALWC. However, daily median ALWC can still be influenced by sustained periods of high
RH. For instance, GEOS-Chem simulates daily median ALWC values exceeding 100 pg/m® under
certain conditions (Figure S1), primarily when RH remains above 95% for more than 12 hours within
a day. Such extreme cases account for ~1% of the total dataset and therefore have limited impact on

overall ALWC estimates.

For training, all input variables and training targets were derived from GEOS-Chem simulations at 0.5°
% 0.625° resolution, as direct observations remain too sparse for direct ML training. The ML models
were trained to learn the physically based thermodynamic relationship between ALWC, aerosol
composition, and meteorology, as represented by ISORROPIA-II calculations in GEOS-Chem. For
prediction, bias-corrected, high-spatial-resolution predictors with coarser temporal resolution (Figure
la; Table S1) were used as inputs, with simulated daily median ALWC as the prediction target. During
training, hourly GEOS-Chem outputs were temporally aggregated to match the resolution of the
available high-resolution input datasets used in prediction, reflecting practical data limitations rather
than a modeling choice. Although sub-daily meteorological variability and seasonal variability in PMa.s
composition are not explicitly resolved in the inputs, their effects are implicitly encoded in the GEOS-
Chem-derived targets. This framework enables the ML models to recover unresolved temporal
variability from daily and annual predictors, while partially accounting for sub-daily temperature

variability via daily maximum and minimum temperatures.

Three tree-based ML models including random forest (RF), extreme gradient boosting (XGB), and light
gradient boosting machine (lightGBM) were trained and cross-validated using 80% of the GEOS-Chem
simulations for the selected years (i.e., 2000, 2005, 2010, 2015, 2020), and additional out-of-sample
validation was performed using the remaining 20% from each year as the testing set (Methods). Among
all models tested, the RF model performed slightly better, achieving the highest correlation coefficient
(R?), lowest root mean square error (RMSE) and mean absolute error (MAE) in both cross-validation
and out-of-sample validation (Table S2, Figure S1). The XGB model and the LightGBM model show
slightly lower R? and higher RMSE and MAE. To examine the potential influence of data imbalance in



the training dataset, we further evaluate model performance across the ALWC distribution. Specifically,
we divide the testing set into four percentile-based groups and calculate the normalized RMSE (nRMSE)
and normalized MAE (nMAE) for each group. Similar levels of nRMSE and nMAE across groups in
all ML model results suggest that, even if the target distribution is uneven, model performance remains
consistent across different ALWC levels (Table S2). These results together demonstrate that ML models

can reasonably capture the relationship between daily median ALWC and the selected input variables.

Feature importance calculated for each ML model indicates that daily mean PM 5 concentrations and
RH are the primary contributors to ALWC predictions across all three ML models, followed by the daily
maximum temperature (Figure S2). The relatively minor contribution of individual PM» s components
(i.e., SO4*, NO5, NH," and OC) is likely attributable to their coarse temporal resolution, as only annual
high-resolution data were available for these species. Nevertheless, their influence is indirectly reflected
in the overall importance of total PM; 5 levels. While other features contributed less, they still played a
role in the predictions. In this study, we primarily focus on the RF model results due to its better

performance.

Once trained, the ML model offers a computationally efficient alternative that produces results in near
real-time given the required inputs. We applied the trained RF model to the best-available high-spatial-
resolution datasets at 1 km x 1 km resolution (Figure 1b) to generate the final prediction. These input
datasets, largely developed in previous studies (Table S1), incorporate extensive observational
constraints to reduce biases and achieve higher spatial resolution, resulting in less-biased and finer-scale
ALWC predictions that are largely independent of the model-driven and biased GEOS-Chem-simulated
ALWC. The final output (i.e., a 1 km x 1 km, daily ALWC dataset) was further validated using the
“observed” ALWC, derived from ISORROPIA-II for the inorganic fractions and k-Kohler theory for

the organic fractions with measured aerosol component concentrations as inputs (see Methods).

To evaluate our ALWC dataset, we compared it with three datasets of “observed ALWC” (Methods).
The first dataset is from the Southeastern Aerosol Research and Characterization (SEARCH) network®*-
31 which provides daily ALWC estimates at eight sites in the southeastern US from 2001 to 2016. As a
benchmark, we also compared GEOS-Chem simulated ALWC with observed ALWC for the years when
GEOS-Chem simulations were available (i.e., 2005, 2010, 2015). Although the correlation with
observations on daily basis remains relatively week, both GEOS-Chem simulations and ML predictions
captured the overall ALWC variations, with scatter points broadly distributed around the 1:1 line (Figure
S3). The ML model achieved lower errors, as indicated by smaller RMSE values. For years without
GEOS-Chem simulations, the ML model maintained similar performance, with stable R* and RMSE
values (Figure S4). While correlations at the daily scale remain relatively weak, broader agreement
becomes more apparent in long-term trends. Observed annual mean ALWC values show a declining
trend after 2005, which is captured by both GEOS-Chem simulations and ML model predictions (Figure
S5). From 2000 to 2005, both models suggest an increasing trend, although the sparse observational
data during this period (fewer than 100 available days out of 365 annually) make it challenging to



calculate annual averages and confirm this trend. Throughout the study period, GEOS-Chem tends to
underestimate ALWC levels at most sites, especially in the early years, whereas the ML model
consistently predicts higher ALWC levels that are closer to observations (Figure S5). However, the
SEARCH sites exhibit limited spatial variability in ALWC, with no substantial contrast observed
between urban-influenced locations (e.g., JST, BHM) and more remote sites (e.g., CTR, OAK, OLF).
This may reflect the large contribution of regionally homogeneous biogenic aerosols in the southeastern
US*. Consequently, this dataset provides limited opportunity to assess the benefits of the ML model’s

higher spatial resolution.

To extend the validation to a broader spatial scale, we compared our ML results with a second dataset
consisting of 23 field campaign observations distributed across the CONUS (Table S3, Figure S6b).
Since most campaigns lasted only one to five weeks, we focused on comparing daily variations and
overall distributions. Compared with GEOS-Chem simulations, the ALWC distributions predicted by
ML were closer to observed values in 17 out of 23 campaigns (Figure s6a). In addition, while GEOS-
Chem simulations showed moderate correlations with observed daily ALWC at three campaigns in the
west coastal and southern US, ML predictions achieved higher correlations and lower RMSE values for
the same campaign. Moreover, ML results demonstrated moderate to high correlation at all sites across
all periods, suggesting the capability in capturing the daily variations across different regions (Figure
S6 c-d). Note that on several days during the campaigns, observations indicate extremely high ALWC
levels while ML predictions suggest more moderate levels, or vice versa. These discrepancies are
primarily due to differences in the RH datasets used: MERRA2 (used for calculating observed ALWC,
as it provides hourly-scale RH; see Methods) versus PRISM (used for ML predictions). Such
mismatches are particularly pronounced when one dataset reports RH > 95% while the other indicates
more moderate values. ALWC estimates on these high-RH days are subject to greater uncertainty, and
caution is warranted when interpreting them. Nevertheless, these instances are relatively rare, and both
MERRA2 and PRISM show overall good agreement with RH measurements from ground-based

weather monitoring stations across the contiguous United States (Table S4).

The second dataset provided validation for sites at different locations; however, its spatial coverage
remained sparse, and the campaigns only captured intermittent periods within our study timeframe. To
further evaluate ALWC over broader spatial and temporal scales, we utilized a third dataset consisting
of aerosol composition measurements compiled from multiple national air quality monitoring
networks®’. Although this dataset has coarser spatial (~50km) and temporal (biweekly) resolution than
the previous two datasets, it is well suited for validating long-term ALWC trends across a wider
geographic area. As shown in Figure S7, sites in all regions except Western US exhibit good correlations
with observations. More importantly, ML predictions demonstrate substantially reduced biases
compared with GEOS-Chem simulations, particularly at sites in the Midwestern and eastern US where
ALWC levels are high, as indicated by lower RMSE values. While this dataset captures ALWC

contributions from inorganic species only, whereas the ML predictions account for both inorganic and



organic species, the organic contribution is relatively minor and insufficient to explain the discrepancy
between GEOS-Chem results and observations (Figure S7b). Instead, the large discrepancies are
primarily driven by biases in GEOS-Chem-simulated aerosol species, which are effectively reduced in
ML predictions (Figure S7c). ML predictions in the western US exhibit lower R? and higher RMSE,
suggesting greater uncertainty at lower ALWC level cases. Despite this, ML results successfully capture

the long-term ALWC trend when compared with observations, as shown in Figure S7e.

The reduced bias in the ML results relative to GEOS-Chem simulations could be attributed to the use
of less-biased SNA aerosol (i.e., SO4*, NO3,, NH,") and total PM, s mass in ML models inputs (Figures
S8-S9). When GEOS-Chem overestimates SNA aerosols, leading to overestimates of ALWC, the ML
results typically show lower levels of ALWC than GEOS-Chem simulations (i.e., more points falling
into the lower left quadrant compared with upper left quadrant in Figure S10). Conversely, when GEOS-
Chem underestimates SNA aerosols and thus underestimates ALWC, ML results tend to produce higher
ALWC (more points in the upper right quadrant compared with the lower right in Figure S10). These
results imply the ML results can potentially correct bias in GEOS-Chem simulated ALWC that were
caused by inaccuracies in the simulated aerosol components, through the use of observation-constrained,

less-biased datasets as inputs (Figures S8-S9).
Spatial distributions

Figure 2(a) shows the spatial distribution of predicted ALWC averaged from 2000 to 2019, with spatial
distributions for individual years presented in Figures S11-S13. Overall, ALWC in the CONUS exhibits
a consistent east-middle-west gradient through the study period. The highest ALWC values are observed
in the midwestern US, with elevated levels also occurring in the northeastern and southern US. In
contrast, lower levels are observed in the west coastal US, with localized hotspots in California and the
Pacific Northwest, and the lowest levels occurring in the interior western US. This spatial pattern largely
reflects aerosol mass concentrations, resulting in similar spatial distributions between ALWC and PM s
(Figure S14). However, while PM, s levels are comparable across eastern US, ALWC levels are higher
in the north than in the south. This discrepancy is primarily driven by the differences in RH, with
regional-averaged RH differing by approximately 4% annually and larger on a daily scale (Figure S15).
Aerosol composition also plays a role by affecting the aerosol hygroscopicity, as the Midwest and
northern regions contain a higher fraction of hygroscopic sulfate and nitrate aerosols, whereas the

southern regions has a greater proportion of less-hygroscopic organic aerosols (Figure S16).

To further examine the spatial distributions of ALWC on a finer scale, we plotted ALWC and its driving
factors in six metropolitan statistical areas (MSAs; Figure 2b-g). The high-resolution dataset reveals
heterogeneities between densely populated urban cores and the less populated surrounding areas, with
differences reaching as large as 4-5 pg/m® within the selected MSAs. These contrasts are partially driven
by elevated PM; s concentrations in urban cores due to higher population density and emission intensity.
However, ALWC spatial distributions within MSAs do not always mirror PM; 5 patterns, as they are

also strongly modulated by RH and temperature. For example, in addition to urban cores, coastal regions



such as Seattle (Figure 2b), Houston (Figure 2f), and Los Angeles (Figure 2g) also exhibit higher ALWC
levels due to proximity to the ocean and associated higher RH. The high-resolution data also capture
urban heat island (UHI) effects, where urban cores experience higher temperatures and consequently
lower RH. For example, in the Pittsburgh MSA (Figure 2d) and St. Louis MSA (Figure 2e), urban
temperatures are approximately 1 K higher than surrounding areas, resulting in a 2% difference in
annual RH. As a result, the highest ALWC levels within an MSA do not always occur in urban cores
but may instead be found in suburban areas, where PM, s levels are slightly lower, but temperatures are
cooler and RH is higher. This pattern aligns with previous studies of UHI effects, which have reported
similar contrasts between urban and suburban ALWC levels **. Overall, ALWC distribution is jointly
shaped by aerosol mass concentrations, hygroscopicity, and meteorological conditions, with influences

spanning regional to local scales.
Long-term trends and their driving factors

ALWC levels across CONUS showed an overall decreasing trend during the study period, dropping
from 6.02 pg/m’ in 2000 to 3.37 pug/m’ in 2019. Urban areas exhibit a more pronounced decline
compared to non-urban areas. The decreasing rate remains relatively stable annually and across different
seasons, though with greater interannual variability in winter during the first decade of the study (Figure
3). The large decrease in ALWC is likely driven by the decreasing trend of sulfate, which is highly
hygroscopic and a major contributor to both aerosol dry mass** and ALWC'?. Mean sulfate levels across
the CONUS decreased from 2.23 pg/m? in 2000 to 0.73 pg/m* in 2019, similar to the decreasing rate of
ALWC, while other key aerosol components (i.e., NO3™ and OC) showed relatively smaller declines
(Figure 3 c-d). Temperature and RH during the study period showed slightly increasing trends of ~1K
and ~2% over the 21 years, respectively, which likely had limited effects on the ALWC levels (Figure

3e-f).

To further analyze the long-term trend of ALWC and its driving factors, we performed grid-cell-wise
linear regressions over the study period and characterized trends using the regression slope, which is
less sensitive to year-to-year variabilities than simple differences. For aerosol species (SO4*, NOs™ and
OC) available only as annual means, regression was applied to annual values (20 data points). For
variables available at daily resolution (ALWC, temperature, and RH), monthly mean anomalies were
used. Monthly climatologies were calculated over 2000-2019 and subtracted from monthly means prior
to regression, thereby removing the seasonal cycle and isolating long-term trends. As shown in Figure
S17, ALWC levels show a robust decreasing trend in the Midwestern US, eastern, and southern US, and
some regions in California, with decline rates reaching up to ~0.6 ug/m*/a in some areas such as Indiana,
Ohio and southern Michigan. ALWC shows weak increasing trends in some regions of the northwestern
and western US; however, these trends are not statistically significant (R?<0.4, p~0.05), indicating large

interannual variability.

When averaged across the CONUS, RH and temperature exhibit only minor increasing trends (Figure

3), despite being statistically significance at the grid scale (Figure S17). However, the small magnitude



of these changes, together with the observation that larger meteorological trends tend to occur in regions
with less pronounced ALWC decreases, suggests that meteorological conditions are unlikely to be the
primary drivers of the long-term decline in ALWC. In contrast, SNA aerosols show robust decreasing
trends, especially in regions with pronounced ALWC declines (Figures S17). SOs* decreased
significantly across most of the CONUS, with the largest reduction in the eastern US, consistent with
large SO, emission reduction from power plants*>. NO;  exhibits less pronounced decline, reflecting
the competing effects of reduced NOx emissions versus lower aerosol acidity and higher NH3 emission,
which favor the partition of nitrate into the particle phase®®. OC exhibits a moderate decline in the
southeastern US, driven primarily by the decrease of anthropogenic emissions such as vehicle emissions
and residential fuel burning, while emissions from natural sources such as wildfire and biogenic
processes remain relatively stable’’. Overall, the largest reductions in ALWC occurred in regions with
large decreases in SO4> and NOs’, particularly in the eastern US and California. These results highlight
the critical role of inorganic species in driving ALWC declines in these areas, consistent with findings

from previous studies™®.
Implications on aerosol iron solubility

Metal-containing particles, such as iron (Fe), have been linked to adverse health outcomes**'. Across
the CONUS, mineral dust is the dominant source of Fe, although contributions from fossil fuel
combustion and biomass burning are non-negligible in certain regions***. Previous studies have
reconstructed high-spatial-resolution Fe datasets based on fusing ground measurements, satellite data,
reanalysis data and other relating variables using machine learning models*, enabling detailed
assessments of Fe exposure in epidemiological studies. However, subsequent epidemiological analyses
have not identified clear or consistent associations between total Fe and health outcomes such as
cardiovascular or respiratory diseases**°. This lack of robust associations does not necessarily imply
low toxicity of Fe. One plausible explanation is that existing datasets represent total Fe mass, whereas
the health-relevant fraction (i.e., soluble or bioavailable Fe) typically constitutes only a small proportion

(often less than 10%).

Extensive studies have demonstrated that Fe solubility is strongly influenced by aerosol acidity "4,

suggesting that acid-promoted dissolution is an important pathway for converting total Fe into soluble
Fe. However, there are currently no observationally constrained datasets that characterize soluble Fe
variability across large spatial or temporal scales. Moreover, several studies have suggested that even
when acid-promoted dissolution dominates, aerosol pH alone may be insufficient to explain observed
variability in Fe solubility, and that ALWC may play an additional and important role °. Here we
illustrate the importance of ALWC and the potential application of our dataset through additional
analysis. We first present a qualitative discussion on how ALWC influences Fe solubility from a
theoretical perspective, and then exam the potential impact of ALWC using a previously published

t50

observational dataset’. This dataset represents the only high-quality observational dataset with

sufficient detail available for this purpose. Additional information about the observational campaign is



provided in Text S1, and full methodological details can be found in the original publication®’. Finally,
we discuss how the ALWC dataset developed in this study can be applied in future investigations of Fe

solubility and related health impact studies.

For practical purposes in large-scale modeling or interpretation of observational data, a simplified first-
order approximation is commonly used to estimate water-soluble Fe (WS-Fe) formation rate through
the acid-promoted dissolution pathway.

= [WS = Fe] o Rpe X [Feysor) % K(T) X a[H*]™ X A X [Fegpsor] (1)
where Rp, represents the dissolution rate, which depends approximately linearly on the temperature-
dependent dissolution rate coefficient K(T), proton activity a[H]™ and aerosol surface area A;
Proton activity is typically approximated as 107P# by assuming unity of activity coefficient *'. The
empirical reaction order m generally ranges from 0.1 to 1, depending on the mineralogy of the Fe-
containing particles’’. [Fe;ns01] represents the concentration of insoluble Fe in aerosol particles.
Because the soluble fraction of aerosol Fe is typically less than ~10%, the depletion of insoluble Fe

during dissolution is small, and [Fej,so1] can be treated as approximately constant.

The atmospheric concentration of WS-Fe produced through this pathway can therefore be estimated as

the time-integrated formation minus removal by deposition:
[WS — Fel = [ Rge X [Feinsor]dt — Loss )

In this framework, ALWC only has a secondary influence on WS-Fe production through its effect on
aerosol pH, since pH depends logarithmically on ALWC and is often buffered by semi-volatile species
such as NH3-NH," system. A more important role of ALWC is to provide the aqueous medium required
for acid-promoted Fe dissolution, thereby regulating whether and how long the reaction can proceed.
As aresult, variations in ALWC can significantly modulate WS-Fe formation even under similar aerosol

pH conditions®.

Observational data further indicates that aerosol pH alone, although well-established control on Fe
solubility, cannot fully explain the large variability observed in ambient measurements. For example,
when aerosol pH falls in the range of 1-2, measured Fe solubility spans from ~0.04 to 0.4. The solubility
variability decreases with increasing pH (Figure S18). In contrast, ALWC shows a relatively strong
linear correlation with Fe solubility, particularly within the pH 1-2 regime, and the correlation remains
evident, albeit with a lower slope, at pH 2-3 (Figure S19). Since aerosol pH <3 is representative of most
regions in the contiguous US*?, this suggests that ALWC can be a major driver of the variability in Fe
solubility under prevailing atmospheric conditions. This behavior is consistent with the role of ALWC
in providing the aqueous medium required for acid-promoted dissolution, while pH, which reflects a

buffered thermodynamic state, varies relatively weakly on short timescales.

While the above analysis mainly focuses on the acid-promoted pathway, ligand-promoted dissolution



pathway represents another important mechanism™>. Laboratory and field studies, particularly in marine
environments where aerosol pH is relatively higher (i.e., 3—6), have shown that ligands (e.g., oxalate)
can enhance Fe solubility ***°. However, over continental regions such as the contiguous US, where
aerosol pH tends to be lower, acid-promoted dissolution is likely the dominant pathway. Observational
studies over land (e.g., in Canada) that simultaneously measured pH, oxalate, and Fe concentrations
indicate that the two pathways may operate together in complex ways, but current data are insufficient

to disentangle their individual contributions at scale®.

Our ALWC dataset provides an important missing constraint for understanding the spatial and temporal
variability in Fe solubility. For example, if ALWC is accounted for, soluble Fe levels may differ between
regions with different ALWC levels, even when total Fe concentrations are similar. Likewise, long-term
declines in soluble Fe observed in some regions may be driven by reductions in ALWC, despite
relatively stable aerosol pH conditions®’. These examples suggest that relying solely on aerosol pH may
underestimate the true spatiotemporal variability in Fe solubility. Additional observations across a wider
range of environmental conditions are needed to further investigate these relationships and to improve

predictive models.

We emphasize that current observations remain too limited to fully resolve the mechanistic relationship
between aerosol pH, ALWC, and Fe solubility. A robust quantitative model linking these variables is
not yet available. However, the high-resolution ALWC dataset developed here is a valuable step forward.
It enables more physical informed interpretation of observed Fe solubility patterns and offers a
mechanistically relevant variable that can be incorporated into epidemiological studies to examine the
interactions between metal solubility and health outcomes. The dataset can also serve as input for future
numerical modeling and machine learning efforts aimed at estimating soluble Fe concentrations. Similar
reasoning may apply to other redox-active metals, such as copper (Cu), which also undergo aqueous-
phase processing and may respond to variations in ALWC. While ligand-promoted dissolution pathways
may also be important, further coordinated observations are needed to constrain their role alongside

acid-promoted dissolution.

Discussion

To our knowledge, this study represents the first effort to construct high-resolution ALWC dataset across
the CONUS at 1 km x 1 km daily resolution. Although we leveraged all available observations to
validate our dataset both directly (by comparing with “observed ALWC”) and indirectly (by comparing
with input datasets such as PM, s and aerosol components, such as Figure S8), the overall observational
coverage remains limited. Expanding ALWC measurements across a wider range of regions and seasons
would strengthen the validation process and improve understanding of large-scale spatial variability,

urban-suburban contrasts, and diurnal to seasonal patterns.

Beyond the dataset itself, this study demonstrates a generalizable framework for leveraging ML models



to learn non-linear physical and chemical processes, as well as unresolved temporal variations from
CTM output. By incorporating high-spatial-resolution, observation-constrained input data, this method
allows for effective bias correction and enhanced spatial resolution in the predicted ALWC. In addition,
once trained, the ML model can be readily applied to generate ALWC under small perturbations of the
input data at minimal computational cost, making it suitable for rapid sensitivity analysis. The method
can be readily extended to reconstruct other sparsely observed variables, such as aerosol pH, for which
direct ML training is not feasible. Future work to develop high-resolution aerosol pH datasets can
further improve predictions of WS-Fe and other trace metals in aerosols. Ultimately, these studies will
help better understand the solubility and bioavailability of trace metals and enable robust assessments
of their health effects on human populations. More broadly, the implications of this work extend beyond
iron solubility, as ALWC plays a central role in governing aerosol scattering and aqueous-phase

reactions in fine particulate matter, with relevance to aerosol composition, toxicity, and climate effects.



Methods
Method overview

The methodological framework is designed to learn the relationship between ALWC and its related
variables from chemical transport model simulations and then apply the relationships to higher-
resolution and less-biased input data to generate final ALWC predictions. The key assumption
underlying this approach is that biases in simulated ALWC are primarily driven by biases in simulated
aerosol species concentrations. Meteorological variables are taken from reanalysis products that
assimilate extensive climate observations and therefore generally agree well with observations,

allowing them to be treated as relatively unbiased.

The relationship between ALWC, aerosol composition, and meteorology is physically based, as ALWC
is calculated using the thermodynamic equilibrium model ISORROPIA-II'. This model is widely
applied both within GEOS-Chem and in observational analyses based on field measurements to estimate
ALWC from aerosol composition and meteorological conditions. We therefore assume that this
thermodynamic relationship remains unchanged across GEOS-Chem simulations, observational
applications, and the trained ML model. Consequently, during the prediction process, improvements in
ALWC estimates arise from the use of improved input datasets with higher spatial resolution and

reduced biases relative to chemical transport model simulations.
ML models

The training dataset is from simulations performed with the GEOS-Chem model (version 12.9.3, 0.5°

x 0.625° spatial resolution; https://zenodo.org/records/3974569, last access: June 21, 2024). The target

variable is daily median ALWC (calculated based on hourly data). We trained three tree-based ML
models, including random forest (RF), extreme gradient boosting (XGB), and light gradient boosting
machine (lightGBM) due to their capability of handling large dataset efficiently and delivering robust
performance. A schematic diagram of the model training and prediction processes can be found in

Figure 1.

The input features for the ML models include variables related to time and location, daily
meteorological conditions, daily or annual species concentrations (listed in Figure 1a and Table S1).
While our goal was to predict daily ALWC, some input features were only available on an annual scale.
The ML models learned daily ALWC variations from the features with daily resolution, while also using
the annual-scale variables to capture spatial differences. The target of the ML models was the sum of
daily median ALWC contributed by inorganic species (ALW Cinorg, calculated by ISORROPIA-II'*) and
organic species (ALWC,y, calculated by Equation 3 based on k-Kéhler theory ®).

ALWC,yy = 222822 5 Lors_ 3)

1
Porg (ﬁ_ 1)

Where M, is the mass concentration of organic matter (OM); p,, and p,rg4 are the density of water



or OM, assumed to be 1g/cm® or 1.3g/cm?, respectively; RH is the relative humidity, and Korg 1s the
hygroscopicity parameter of OM. In this study, we assumed a value of 0.1, consistent with that used in

the GEOS-Chem model*’, and supported by chamber experiments >%606!

as well as field campaigns
conducted across various regions worldwide®**. We expect that the choice of K,y has limited
influence on ALWC simulations in GEOS-Chem and ML models, given the relatively low
hygroscopicity of organic matter compared to inorganic components and its generally low mass
fractions across most of the contiguous US. Sensitivity tests using GEOS-Chem simulations also

suggest that organic compounds contribute only marginally to total ALWC (Figure S7b).

We ran the GEOS-Chem nested grid simulation over North America for five years covering the study
period (2000, 2005, 2010, 2015, and 2020). We randomly selected 80% of the dataset for each year and
combined them as the training dataset. We performed 10-fold cross-validation to test the robustness of
the ML models with the selected hyperparameters. The remaining 20% of the data for each year were
used separately to perform an out-of-sample test to further evaluate the performance of the final model
trained on the entire training dataset. We report the average and the standard deviation of R?, RMSE,
and MAE as evaluation metrics (Table S2). To assess the impact of data imbalance on model
performance, we evaluated the trained ML models across different ranges of ALWC values. Specifically,
we divided the test dataset into four quantile-based ranges (i.e., 0%-25%, 25%-50%, 50%-75%, 75%-
100%), and calculate the normalized RMSE and MAE for each range. Comparing performance across

ranges allows us to assess model behavior at different ALWC levels.

We implemented the RF algorithm using the RandomForestRegressor function from the python package
sci-kit learn, the XGB algorithm with XGBRegressor function from the python package xgboost, and
the lightGBM algorithm with LGBMRegressor function from the python package lightgbm.
Hyperparameters for each model were optimized through grid search using the function GridSearchCV
from sci-kit learn. The optimal hyperparameters were as follows: for the RF model, the best
configuration was a number of trees =10 with no limitations on the tree depth, further increase the
number of trees result in an exponential increase in runtime with nearly the same model performance;
for the XGB model, the best configuration was a number of trees=100, tree depth=5, and learning
rate=0.1; for the LGBM model, the best configuration was a number of trees=500, tree depth=5,
learning rate=0.1. Feature importance for each algorithm was calculated using the build-in functions

provided by the respective Python packages.
ALWC predictions

High-resolution input variables from multiple datasets were applied to the trained ML models to predict
ALWC at a 1km x 1km resolution for the period 2000-2019 (Figure 1b). Daily maximum temperature
(Tmax) and daily maximum temperature difference (Tqir, calculated as the difference between Tmax and
daily minimum temperature Tmin) from 2000 to 2019 were obtained from Daymet Version 4R1 at a 1km
x 1km spatial resolution’?®, derived primarily by interpolating and extrapolating ground-based

observations using statistical modeling techniques. Both Tmax and Tmin from Daymet show good



agreement with observations (Tables S5-S6). Although empirical equations are available to derive high-
resolution daily mean RH (RHmean) for the Daymet dataset (Equations 4-5), this method did not yield
reliable estimates when compared with observations, resulting in correlation coefficient (r) values of
0.43-0.72 and slopes of 0.74-0.83 (Table S4). Instead, we used RHmean calculated from the Parameter-
elevation Relationships on Independent Slope Model (PRISM) ®°, which provides daily mean dew point
temperature (TDmean) and daily mean temperature (Tmean) at a 4km x 4km resolution. PRISM derives
these data by spatially interpolating meteorological observations through a regression model that applies
spatial weighting to account for climatically important landscape features®. RHmean calculated from
PRISM using Equation 6 exhibited improved agreement with observations compared to Daymet, with
r values 0f 0.71-0.91 and slopes of 0.87-0.99 (Table S4). We linearly interpolated the PRISM data from
its original 4 km x 4 km resolution to 1 km % 1 km resolution to match the spatial scale of the other

input features.

Tmean(Daymet) = 0.606 x Tmax + 0-394’Tmin (4)

vp
RHyean (Daymet) = 100% x b2xTmean )
by xeP3*+Tmean

a2XTDmean
a;xe3+tTDmean

RHpean (prismy = 100% X a2xTmean (©)
a,xe3*tTmean

Where VP represents the water vapor pressure in Daymet (pa); empirical constants for calculating
Daymet RHpean are b;=610.78Pa, b,=17.269, b3=237.3°C; the empirical constants for calculating
PRISM RHiean are a1=610.94Pa, a,=17.625, a;=243.04°C*".

Daily mean concentrations of PM, 5*%® from 2000 to 2019, NO,**”°, and daily maximum 8-hour O3’"7?
from 2000 to 2016 at 1 km x 1 km spatial resolution were from ensemble ML model predictions from
previous studies. In short, independent ML models were trained with various input features including
satellite and ground-based measurements, land-use terms, chemical transport model simulations, and
meteorological variables, and the results were combined by a geographically weighted generalized
additive model to obtain the final predictions. Due to lack of more recent data, NO, and O; data from
2016 were used as inputs for ALWC predictions in 2017 to 2019. Annual mean concentrations of PM s
components (SO4*, NO5,, NHs" and OC) from 2000-2019 were predicted using super learning and
ensemble weighted averaging of ML models at a spatial resolution of 50m in urban areas and 1km in
non-urban area from previous studies*"*. The model fused PM, s component measurements from 987
monitoring sites and hundreds of other predictors, including satellite-derived measurements, chemical
transport model simulations, meteorological conditions, land-use data, and other variables. We

regridded the dataset to 1 km x 1 km resolution as the input of our ML models.
Observational records

We compiled the best available aerosol component measurements from various ground-based



observations, including monitoring networks and intensive field campaigns, to estimate ALWC and
validate our datasets. ALWC contributed by inorganic species were estimated using ISORROPIA-II in
reverse mode, due to lack of gas-phase measurements at most sites. ALWC contributed by organics (if
measurements of organic species were available) was estimated using Equation 3, assuming «=0.1 and
porg=1.3g/cm3. If RH and temperature data were not available at the measurements of aerosol
components, we used values from the MERRA?2 reanalysis. We defined the calculated ALWC from
measured aerosol components and measured or MERRA2-based meteorology as “observed ALWC”
and compared them with ML predictions at each site for validation, although direct measurement

techniques for ALWC are currently not available.

The first dataset consists of long-term continuous measurements of PM, s components at an hourly scale
obtained from the SEARCH network, covering the period from 2001 to 2016. This network contains
data from eight stations across the southeastern US, including Jefferson Street in Atlanta, Georgia (JST,
33.776°N, 84.413°W), Yorkville in Georgia (YRK, 33.931°N, 85.046°W), North Birmingham in
Alabama (BHM, 33.553°N, 86.815°W), Centreville in Alabama (CTR, 32.902°N, 87.250°W), Gulfport
in Mississippi (GRP, 30.391°N, 89.050°W), Oak Grove in Mississippi (OAK, 30.985°N, 88.932°W),
Pensacola in Florida (PNS, 30.437°N, 87.256°W), and Outlying Landing Field #8 in Florida (OLF,
30.551°N, 87.376°W). The details of each site’s condition are discussed in Hansen et al*' and the details
of the continuous measurements of PM, s components are discussed in Edgerton **. We calculated hourly
ALWC values and converted them to daily medians, referred to as the “observed ALWC”. The
primary strength of this dataset is its long duration and high temporal resolution, enabling validation of
both daily ALWC variations and long-term trends. However, its main limitation is its restricted spatial

coverage, as it is limited to the southeastern US.

The second dataset includes hourly measurements of major aerosol components (i.e., S04+, NOs", NHy4",
and OC) from 23 field campaigns measured by Aerosol Mass Spectrometers (AMS) and Aerosol
Chemical Speciation Monitors (ACSM). This includes 15 campaigns compiled by the Aerosol Mass
Spectrometer Global Database’, one from the Southern Oxidant and Aerosol Study (SOAS), and seven
from the Southeastern Center for Air Pollution and Epidemiology (SCAPE) 7. The details of these
campaigns are provided in Table S3 and the corresponding references. For most of the campaigns, only
aerosol species concentrations were measured, with limited or no simultaneous measurements of RH
and temperature. To address this, we used hourly temperature and RH data from MERRA?2 in the ALWC
calculations. This dataset provides high temporal resolution due to hourly measurements, making it
useful for evaluating daily ALWC variations. Additionally, the sites are not limited to the southeastern
US, allowing for insights into spatial variations in ALWC. However, most campaigns lasted only a few

weeks, limiting its ability to validate the long-term trends.

The third dataset is a compilation of measurements of gaseous and aerosol composition from monitoring
networks across the US?. This dataset integrates observations from multiple networks including the

Clean Air Status and Trends Network (CASTNET), the Interagency Monitoring of Protected Visual



Environments (IMPROVE) network, the US EPA’s PM, s Chemical Speciation Monitoring Network
(CSN) and the Ammonia Monitoring Network (AMoN). Because some sites from different networks
are located in close proximity, observations within a 50 km radius were averaged to minimize
inconsistencies arising from differences in sample collection and measurement methods. The dataset
includes measurements of gaseous species (HNO;3 and NH3) and aerosol species (SO4>, NO3,, NH4",
CI, and other non-volatile cations). To ensure consistency in temporal resolution, all observations were
averaged to a biweekly timescale to match the lowest sampling frequency from AMoN. ALWC levels
were calculated at hourly scale, with temperature and RH from MERRA2 while keeping species
concentrations fixed at the biweekly averages. A previous study has demonstrated that ISORROPIA-II
provides reliable estimates of aerosol phase partitioning, supporting its application for ALWC
estimation®’. This dataset provides the broadest spatial coverage among the three, making it valuable
for assessing ALWC levels across different regions as well as long-term trends. However, its spatial
resolution is lower, as observations within 50 km are averaged, and its temporal resolution is also
reduced, as biweekly-averaged aerosol composition was used, meaning that diurnal variations in ALWC
are driven solely by meteorological conditions rather than changes in aerosol composition. In addition,
this dataset does not include measurements of organic species due to limited measurements available,
thus the calculated ALWC reflects contributions from inorganic species only. For comparison with this
dataset, data from the exact grid of GEOS-Chem simulations are used, as the spatial resolution (0.5° x

0.625°) is similar to a 50 km window, while ML predictions are averaged over a 25 km radius.



Data availability

Daily mean PM2.5, 8-hour maximum ozone, and NO, datasets at 1kmx1km resolution are publicly
available from NASA Earthdata (PM_s: https://doi.org/10.7927/22n9-calo; Os:
https://doi.org/10.7927/5tht-jg22; NO,: https://doi.org/10.7927/rz28-p167). Annual mean aerosol
composition data, including SOs*, NOs;, NH;’, and OC, are publicly available at

https://dx.doi.org/10.7927/7wj3-en73; Daily maximum and minimum temperatures are from Daymet
(Daily Surface Weather Data on a 1-km Grid for North America, Version 4 RI):
https://doi.org/10.3334/ORNLDAAC/2129. Daily mean RH on a 4kmx4km grid are from PRISM (the

Parameter-elevation Relationships on Independent Slope Model, https://prism.oregonstate.edu); The

lkm daily ALWC data generated in this study will be made publicly available upon publication of the

work.
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Figures

Figure 1. Schematic diagram of the ML model training (a) and prediction (b) processes used in
this study. The full names and data sources of each input variable are listed in Table S1.

Figure 2. Maps of ALWC and its driving forces from 2000 to 2019. (a) Averaged ALWC across CONUS.
(bl-g4) Averaged ALWC, PM s, temperature, and relative humidity (RH) in six metropolitan statistical
arecas (MSAs). bl-b4: Seattle-Tacoma-Bellevue, WA; cl-c4: Denver-Aurora-Lakewood, CO; d1-d4:
Pittsburgh, PA; el-e4: St. Louis, MO-IL; f1-f4: Houston-The Woodlands-Sugar Land, TX; gl-g4: Los
Angeles-Long Beach-Anaheim, CA. Note that color scales differ across subplots.

Figure 3. Time series of annual mean ALWC, sulfate (SO4%), nitrate (NO5"), organic carbon (OC),

temperature and RH in 2000-2019 in urban and non-urban areas.
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