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Fig.4 |Dustepisodes and their trendsin Europe during the period 2012-
2021. a-f,Mean number of days on which a dust exceedance occurs (a) and
trend (b), mean dust exceedance concentrations (c) and trend (d) and mean
dust concentrations during background (e) and trend (f). Concentrations
arereported for PM,, dust in pg m™and their corresponding trends in

pg m>year™?, whereas the number of exceedance days is reported as days,

approximately 110% between the pre-industrial period (1750-1850)
and the past decade (2010-2020) (Fig. 5a). The trend derived from
the three Colle Gnifetti cores is consistent with the multisite analysis
in Kok et al.'°, which reports a similar but less pronounced increase
over the twentieth century. On interannual scales, Ca*' concentra-
tions in the ice core are correlated with the NAO (Spearman’s rank
correlation coefficient (R,) = 0.48), consistent with the established
influence of NAO-related circulation variability on dust transport®2*%,
Also, the long-term trend in Ca®* exhibits a strong negative correlation
with the self-calibrating Palmer Drought Severity Index (PDSI)*5*°,
which characterizes hydroclimatic variability over the primary dust
source regions for the Swiss-Italian Alps, located in the northwest-
ern Sahara (32.15°-35.66° N; -7.14°-11.27° E, following Coen et al.*°).
Drier conditions—corresponding to lower PDSI values—are associated
with higher Ca* levelsin theice core (R,=-0.70). When restricting the
analysis to Moroccan dust sources, the correlation strengthens further
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with their corresponding trend reported as days year™. Atrend is defined as the
mean ofal00times-bootstrapped linear regression for the variable of interest
and shown onthe mapifthereis nosignchange betweenthe 25thand 75th
percentiles of thebootstrap results. Areasin which asign change occursare
denoted with white (for regional means considered zero), whereas areas in
whichnoland use dataexistare denotedingrey.

(R,=-0.78). These statistically robust associationsindicate that long-
term dust variability recorded in the Alpine archive is most strongly
linked with persistent aridification trends in North Africa and with
large-scale circulation variability, as represented by the NAO, which
modulates precipitation and surface conditions over key dust source
regions? (Fig. 5a,b and Supplementary Fig. 12).

In Fig. 5d-f, we examine how circulation-oriented climate indices
are statistically associated with dust inputs to Europe, alongside the
dryness of the Sahara (Fig. 5c), considering a broad source region
encompassing most of the Sahara (14.20°-30.17° N, —9.15°-32.52° E).
The Saharan Oscillation Index (SaOl) represents the pressure difference
betweenthe Azores (37.79° N,-25.5° E) and Niamey (13.51° N, 2.10° E)*,
whereas the Mediterranean Oscillation Index (MOI)* corresponds to
the normalized pressure difference between Algiers and Cairo. Both
indices are closely related to the NAO**2, During 2012-2021, dust con-
centrations were strongly correlated with the SaOland anticorrelated
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Fig.5|Long-term climatological trends and short-term variationsin dust.
a,b, Time series of Colle Gnifetti (CG) ice core Ca® concentrations (annual,
thinblueline; 20-year low-pass filtered, bold blue line) from 1750 to 2020 and
comparisonwith model results for the period 2012-2020 (inset) (a), 20-year
low-pass filtered Ca** concentrations (blue) and the PDSI in the main source
region of dust for the Swiss-Italian Alps in the northwestern Sahara (-7.14°-
11.27°E, 32.15°-35.66° N, green) and Morocco (-10°-0° E, 30°-35° N, brown)
(b), along with the spatiotemporal correlation between annual mean dust
concentrationsinthe period 2012-2021 and PDSlin the extended Sahara

area (14.2°-30.17° N, -9.15°-32.52°E) (c), NAO index (d), MOI (e) and SaOlI (f).

withthe MOI (Fig. 5e,f), exceptin western Europe, in which correlations
were weaker and occasionally of opposite sign. This pattern may reflect
the dualinfluence of the MOI: although low MOl values are associated
withenhanced westward dust transport, they also coincide with higher
precipitation over western Europe®?, probably offsetting increases
in surface dust concentrations through wet deposition. Increasing
SaOl values were most strongly correlated with enhanced Saharan
dust advection towards Europe, whereas declining MOl values were
associated with reduced eastward transport and a relative strength-
ening of dustinflow to central and southern Europe. These combined
circulationtendencies are most strongly linked to intensified southerly
winds from North Africa, consistent with the spatial dust patterns
showninFig. 4df.

Similarly, the NAO exhibits arobust statistical relationship with dust
transport. Positive NAO phases during 2012-2021 were associated with
stronger cyclonic activity and westward transport, corresponding to
higher dust levels over the Atlantic, France and Spain* (Fig. 5d), whereas
stronger westerlies under these conditions coincided with reduced
dust transport into central and eastern Europe. Over the Aegean Sea,
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Results for the correlations are presented as the mean ofa100 times-
bootstrapped linearregression for the variable of interest and RF results

and shown onthe mapifthereis nosignchange betweenthe 25thand 75th
percentiles of the bootstrap results. Areasin which asign change occursare
denoted with white (for regional means considered zero), whereas areasin
whichnoland use dataexistare denoted ingrey. This analysisis designed to
reveal statistically significant associations, not causal relationships; however,
therobustness of these correlations provides valuable insights into the drivers
ofthe short-term variability in dust over Europe. ppb, parts per billion.

increased dust concentrations during positive NAO phases are most
probably linked to intensified easterly winds in the far eastern Medi-
terranean®,

Overall, the observed dust variability across Europe is most strongly
correlated with concurrent trends in North African desertification
and regional circulation patterns, emphasizing the dual influence of
source region aridity and large-scale atmospheric dynamics on dust
transport towards Europe.

Implications

By 2021, our model shows that, in southern Europe, transported dust
alone already accounted for 31% of World Health Organization (WHO)>
annual mean PM,, guideline values (15 pg m™) and 25.8% (calculated
on the basis of observed PM, ;:PM,, elemental ratios) of PM, s guide-
line values (5 pg m™), substantially hindering these regions to comply
with regulations. Residents in the region experience 46 + 7.82 dust
episodes annually, with dust levels averaging 9.68 + 4.85 pg m= dur-
ing these events. We estimate that short-term exposure to such dust



concentrations would be associated with a 0.67% + 0.02% contribution
to daily mortality and a 0.73% + 0.04% contribution to daily respira-
tory hospitalizations during dust events among patients older than
15 years, as in Stafoggia et al.* (Methods; using global relative risk coef-
ficients leads to similar results presented in Supplementary Table 6).
Theimpact onyounger patients is even more pronounced, witha con-
tribution of2.47% + 0.07% in daily respiratory hospitalizations during
dust events, highlighting more severe impacts of dust on vulnerable
populations*. Although the increase in dust concentrations observed
during the10-year study period was not sufficient to cause substantial
changes in health outcomes, continued increases in dust levels could
exacerbate these health risks. We demonstrate that dust deposited
in the Alps has increased by 110% since pre-industrial times owing to
desertification, whereas shifts in synoptic circulation patterns have
intensified intrusions, raising the annual dust PM,, concentrations by
2.2+ 0.51pg m2inthesouth of Italy over the past decade. With climate
change accelerating desertification and altering atmospheric circula-
tion, dust pollution willincreasingly threaten public health and hinder
efforts to meet WHO and European Union air quality targets—adirect
feedback of climate change on air quality.
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Methods

Dataset and database construction

We compiled an extensive database of daily average measurements of
PM,,elementsrelated todust (Al, Ti,Si, Caand Fe) fromall over Europe,
to estimate dust concentrations. The bulk of the data was compiled
ad hoc for this study, whereas some were extracted from the EBAS
database®*. The most frequently measured metal that is prevalent in
mineral dust was aluminium; measurement data for other dust metals
found purely in dust such as silicon and titanium were much scarcer.
By contrast, local sources such as road dust as well as non-exhaust
traffic and construction emissions affect calcium and iron, making
themunsuitable for estimating transported dust in this study*°. Metal
concentrations were measured withboth offline filter-based techniques
(inductively coupled plasma (ICP), particle-induced X-ray emission
(PIXE) and offline X-ray fluorescence (XRF))* and online techniques
(online XRF X-ray induced acoustic computed tomography (XACT))*,
Al measurements from these techniques are directly comparable for
the purposes of trend analysis, as numerous inter-laboratory compari-
son studies have shown that these techniques yield highly consistent
results for particulate elemental concentrations® .. Also, grouping
model RF cross-validation results by training technique (XRF-based,
ICP-based or PIXE; Supplementary Fig. 13) does not indicate any inher-
ent biases between the techniques. Great care was taken in curating
the database by flagging data below detection limits and working with
dataproviders toensure high data quality. After datawere aggregated
fromall providers, various methods were used to ensure data quality.
Low concentration values at the detection limit were discarded. To that
end, concentration values below a detection cut-off of Al = 0.003 pg m™
were removed. Also, values that were repeated more than three times
insequence or repeated more than five times (at a third decimal preci-
sion) were interpreted as datathat were replaced by the detection limit.
Further data with a time resolution >1 day were discarded, whereas
hourly datawere aggregated to daily averages.

Uncertainty of elemental ratios and dust estimate

We quantified theimpact of uncertainty in the elemental ratios—defined
here as one standard deviation from the bootstrap results shown in
Fig.1b(Si:Al2.610 + 0.033, Ti:Al 0.068 + 0.003, Ca:Al1.580 + 0.099 and
Fe:Al0.890 + 0.052)—on the dust estimates using uncertainty propaga-
tionbased on the formula: 2.2A1 +2.49Si + 1.63Ca + 1.94Ti + 2.42Fe. This
resultsinatotal dust estimate of (13.5 + 0.377) x Al. Notably, the largest
contributionsto the overall uncertainty originate from Fe and Ca, which
are also influenced by substantial local sources. Zero-intercept fits
were used for element-element plots (for example, Ca concentration
versus Al concentration) to estimate dust phase mass-based elemental
ratios under the assumption that—after blank correctionand removal
of non-dust contributions—both analytes originate from the same dust
endmember. Inthat case, when the dust contribution vanishes (Al > 0),
the co-emitted element should also vanish (Ca > 0), implying a physi-
cally meaningful intercept of zero. Also, we tested a linear model with
anintercept using bootstrap analysis and found that zero lies within
onestandard deviation of the mean intercept (intercept  Ojercep), SUP-
porting the use of azero-intercept model. Given this result, along with
the physical consistency and practical advantages of a zero-intercept
regression—such as enabling the use of average ratios to estimate other
components—we opted for the zero-intercept model. Asummary of the
relevant statistics is provided in Supplementary Table 2.

Elemental ratios on days with low amounts of transported dust can
be substantially affected by local sources. With a rather high alumin-
ium concentration threshold of >1 ug m™ for determining the trans-
ported dust elemental ratios, we aimed at minimizing the impact of
local sources on the elemental ratios. Also, we performed a sensitivity
analysis varying the threshold, showing that the elemental ratios vary
with cut-offs above 0.5 pg m=for Ca:Aland 0.75 pg m=for Fe:Al within

onestandard deviation of the value obtained with a cut-offof 1 pg m=.
Further, weinvestigated model-driven criteria for dust episodesinstead
of usingastaticaluminium concentration cut-off using the DREAM and
optical depth values and only including data points that were higher
thanthe 90th percentilein those (each alone or both at the same time),
as a proxy for dust events. This approach resulted in similar values
(Fig. 1b and Supplementary Fig. 14).

The uncertainty 0,,.,, in modelled yearly mean dust concentrations
dust .., (including exceedance and background concentrations) is
estimated by accounting for two main components: (1) the uncertainty
inthe derived dust:Alratio (RE,,,;, = 0.377/13.5=2.7%) and (2) the relative
root mean square error of the modelled annual mean dust concentra-
tions (RRMSE,uai mean = 0.45; Supplementary Fig. 3a), as determined
through a leave-one-out performance analysis against chemically
derived dust concentrations fromin situ measurements (equation(1)).

Omean™ ’J(RRMSEannual mean x dUStmeam)2 + (REratio x dUStmean)2

@
= \/(RRMSEHHHUGI mean)2 + REl?atiO X dUStmean

The robustness of dust concentration trends over the 10-year
study period was evaluated by bootstrapping the linear regression
of annual dust concentration time series at each grid cell (100 boot-
strap resamples). The reported trend ¢, represents the mean of the
bootstrap-derived slopes, in which grid cells where the interquartile
range includes zero are masked in white (zero trends are assumed for
regional means in such cases). The overall uncertainty 0 cng conc in the
trend (equation (2)) includes both uncertainty in the dust:Al ratio and
thebootstrap-based variability in fitting the trend (RE,,,,, domainmean
relative uncertainty excluding grid cells with non-significant trends),
whereas the precisioninthe yearly dust predictionis already accounted
for by the latter (see equation (1)):

- 2 2
Otrend,conc = ’J(REratio X tdust) + (REboot X tdust)

2
= J(REratio)2 + (REboot)2 X Lgustr

With [(RE y0)> + (REpoo,)* €qual to 0.5,0.23 and 0.4 for the trend in
mean, exceedance and non-exceedance concentrations, respectively.

Analogously, we estimate the uncertainty o.4 of the number of
exceedance days and related trends. We use counting statistics to
describe the uncertainty of the number of days (RE; = 0.17 being the
domainmeanrelative uncertainty based on ./days /days) (equation (3)).

0.q=RE4+ days (3)

The domain mean relative uncertainty Gyenq, 4.y (€Xcluding grid cells
withnon-significant trends) inthe trend of exceedance days t,,, is esti-
mated by means of the bootstrap-based relative variability (REy, = 0.27)
infitting the trend (equation (4)), which also accounts for the precision
inthe yearly prediction in exceedance days (see equation (3)).

Otrend,day = RE g, x Lays “4)

Machine learning model

We created a dust predicting model using RF**3¢%°¢* whichis an ensem-
blelearning method that constructs several decision trees during train-
ingand outputs the mean prediction of allindividual trees. Each tree in
the RFis trained on abootstrapped subset of the data and node splits
occur onthebasis of arandomly selected number of features, leading
to areduction in overfitting and variance. RF was selected because it
provided abalance between bias and variance and owing toits robust-
ness to noisy data and feature correlation, especially given that alu-
minium concentrations canspan many orders of magnitude, fromafew
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nanograms to tens of micrograms. We use the sklearn Python package
RandomForestRegressor, whichis based on the Breiman implementa-
tion of RFs®*%, The model hyperparameters including the number
of trees (n_estimators), maximum depth (max_depth) and minimum
samples per split (min_samples_split) were tuned and optimized to
ensure the best possible validation (parameters used in this work
are n_estimators=150, max_depth=None, criterion="friedman_mse’,
bootstrap=True, random_state=66). RF also permits the derivation
oftheimportance of eachindividual feature, allowing for the physical
interpretation of the results.

Modelinputs
The most influential input that drives the machine learning model
are the daily transported dust fields provided by DREAM. DREAM is
an Eulerian model that resolves the equations for aeolian dust emis-
sion and dispersion. It includes all of the relevant processes for dust
emission and transport, from convection to deposition. A detailed
description of the model can be found in ref. 33. We used the surface
dust concentration model variable (SCONC_dust; pg m™) at amodel
resolution of 0.33° by 0.33°. As well as DREAM, other model inputs
included CERRA sub-daily regional reanalysis data for Europe, specifi-
cally surface level temperature, precipitation, wind speed and wind
direction®, along with satellite column integrated dust optical depth
(550 nm) from CAMS global reanalysis (EAC4)® for the years 2012-2021
(Supplementary Table 3). Finally, coordination of information on the
environment (CORINE) annual land-use data at 200 m resolution for
the whole of Europe were also used as RF model inputs for the training
dataset (thatis, stations), including the fractions of 14 land use types®®
(for example, urban fraction, natural green, agriculture and barren
land), population density®, altitude’ and road length and category™.
Vegetation is already accounted for in the model through the natural
green land use variable; however, seasonal vegetation changes were
notexplicitlyincluded. Acomprehensive list of variables can be found
in Supplementary Table 4. To improve spatial coverage, all data were
harmonized by cubic interpolation, to a 10 x 10 km-resolution grid
extending from the northern part of Tunisia to the edge of Norway, simi-
lartothegrid usedinref. 38. For grid cells with measurements over the
sea, allland-use categories are set to O and the water fractionissetto1.
Although RF is inherently resilient to potential collinearities™, to
evaluate potential redundancy between DREAM-modelled dust and
meteorological predictors, we examined the contribution of each
variable to the RF model performance using both Shapley Additive
Explanations (SHAP) values and variable importance metrics. DREAM
dustemerged as the single most influential predictor, accounting for
roughly 30% of the explained variance in model outputs, whereas indi-
vidualmeteorological variables (for example, wind speed) contributed
substantially less (<5% each). This dominance of DREAM dust in both
metrics, combined with the distinct physical meaning of this variable—
representing long-range dust emission and transport processes rather
than local meteorology—demonstrates that it provides independent
explanatory power rather than redundant information.

Model performance

The model was optimized by hyperparameter testing, with the
optimal parameters being n_estimators=150, max_depth=None,
criterion="friedman_mse’, bootstrap=True and random_state=66. The
criterion for picking the optimal model was the average Pearson rvalue
for all of the sites from the leave-one-station-out validation, thatis, the
model configuration that had the highest racross all sites. It was chosen
over other absolute metrics such asroot meansquare error owingtothe
measurements spanning many orders of magnitude (Supplementary
Figs.2and 3), which would lead tositesin the south with larger average
concentrations, overpowering sites in the north. Itis noteworthy that
all configurations attempted yielded very similar results, indicating
that the method was insensitive to the hyperparameters.

The RF model was trained using observations from 2013-2021,
whereas reconstructed dust concentrations cover the analysis period
2012-2021. The year 2012 therefore represents an out-of-sample predic-
tion. Notably, ‘year’ was notincluded as a predictor variable, prevent-
ing the model from learning or imposing artificial temporal trends.
Consequently, trends inreconstructed dust concentrations arise solely
from variations in the meteorological and environmental predictors
rather than from the model structure itself.

Aleave-one-year-out validation, thatis, removing anentire year from
the training dataset and predicting it, was also conducted, yielding
similar resultsto the leave-one-station-out validation, indicating that
the model carries noinherent spatiotemporal biases (Supplementary
Tables 5and 7 and Supplementary Figs. 7 and 15). To further validate
the model, and test its generalizability, we conducted a extra temporal
validation for the year 2012, whichwas notincluded in the training of the
model®. Also, these sites, with the exception of Athens and Finokalia,
were alsonotincluded in the training dataset, meaning that the spatial
and temporal predictive abilities of the model were tested at the same
time. The year was not used as a predictor variable, preventing the
model from learning or imposing artificial temporal trends. Model
performance for the unused year 2012 is very similar to that of the other
years used in training (Supplementary Table 7 and Supplementary
Fig.15), reinforcing the robustness of the model.

Model trainingis completed within less than 5 min, whereas produc-
ing dust fields for 10 years and for the entire domain takes 53 min on
60 processors (two cores per processor).

Dust event detection

For the detection of dust transport events, we determine for each
day and each grid cell a concentration threshold (C,,) describing an
upper concentration limit expected for background conditions. This
methodology is based on the working paper by the European Commis-
sionfor eventidentification**. When the observed dust concentration
exceeds this threshold concentration, the day in questionis classified
asatransportevent for this grid cell. This daily threshold concentration
foreachgrid cell of the domainis based on the rolling median of the 30
preceding and 30 following days (Cyeq 30 prec.» Cmed 30 fon.), along with their
median absolute deviation (MAD; ..., MAD; ). Specifically for an
exceedance to occur, the dust concentration needs to be higher than
athreshold value, defined as (equation (5)):

C[h= (CMed,30 prec.+ CMed,30 foll.) +3 (MADSO prec. + MAD30 foll.) . (5)
2 2

Healthimpacts from short-term exposure to dust

Toestimate the increase in mortality owing to short-term exposure to
dust, we first calculated the fractional increase in mortality resulting
from dust, based ontheincrease inrisk for all-cause mortality (denoted
IR) owing to acute dust exposure provided in ref. 4, per 10 pg m
increase indust exposure. The corresponding IRs were 0.65% + 0.02%
for all-cause mortality with a 0-11lag day, 0.70% + 0.02% for respira-
tory hospitalizations of the older than 15 years age group with 0-5
lag days and 2.47% + 0.07% for respiratory hospitalizations for the
0-14 years age group with 0-5 lag days. This increase is the popula-
tion weighted to account for the differences in population density.
Assuming an exponential dose-response function, the percentincrease
in mortality or hospitalizations for a given grid area then becomes
(equation (6)):

% increase in mortality
no. of points

_ o population of cell i
100% x ,:21 total population (6)

X - -
(l elRXexceedance concentration; j’



inwhich no. of pointsis equal to the total number of grid cellsin the area,
population of cell iis the total population within the grid cell, IR is the
increaseinrisk for all-cause mortality and exceedance concentration;
isthe average exceedance concentration over the decade for that grid
cell. For this calculation, the southis defined as all of the land surface of
Europe below, and including, Milan (45° N), for which we calculate an
increase of 0.67% + 0.02% in all-cause mortality for exceedance days,
a0.73% + 0.04% increase in daily respiratory hospitalizations among
theolderthan15 yearsage group and a2.55% + 0.07 rise in daily respira-
tory hospitalizations among the 0-14 years age group. The mortality
calculations were repeated using the IRs from ref. 73 and shown in
Supplementary Table 6.

Data availability

The full datasets shownin the figures and tables are publicly available
at https://doi.org/10.5281/zen0do.19236528 (ref. 74). Source data are
provided with this paper.

Code availability

The random forest model was builtin Python v3.9.10 using scikit-learn
(https://scikit-learn.org/stable/) and is publicly available at https://doi.
org/10.5281/zen0do.19236528 (ref. 74).

54. Torseth, K. et al. Introduction to the European Monitoring and Evaluation Programme
(EMEP) and observed atmospheric composition change during 1972-2009. Atmos. Chem.
Phys. 12, 5447-5481(2012).

55. Manousakas, M. et al. XRF characterization and source apportionment of PM10 samples
collected in a coastal city. X-Ray Spectrom. 47, 190-200 (2018).

56. Furger, M. et al. Elemental composition of ambient aerosols measured with high temporal
resolution using an online XRF spectrometer. Atmos. Meas. Tech. 10, 2061-2076 (2017).

57.  Gini, M. et al. Inter-laboratory comparison of ED-XRF/PIXE analytical techniques in the
elemental analysis of filter-deposited multi-elemental certified reference materials
representative of ambient particulate matter. Sci. Total Environ. 780, 146449 (2021).

58. Saitoh, K., Sera, K., Gotoh, T. & Nakamura, M. Comparison of elemental quantity by PIXE
and ICP-MS and/or ICP-AES for NIST standards. Nucl. Instrum. Methods Phys. Res. B189,
86-93 (2002).

59. Lucarelli, F. et al. Is PIXE still a useful technique for the analysis of atmospheric aerosols?
The LABEC experience. X-Ray Spectrom. 40, 162-167 (2011).

60. Chiari, M. et al. Comparison of PIXE and XRF analysis of airborne particulate matter
samples collected on Teflon and quartz fibre filters. Nucl. Instrum. Methods Phys. Res. B
417,128-132 (2018).

61. Cadeo, L. et al. Intercomparison of online and offline XRF spectrometers for determining
the PM,, elemental composition of ambient aerosol. Atmos. Meas. Tech. 18, 6435-6448
(2025).

62. Aryal, Y. Evaluation of machine-learning models for predicting aeolian dust: a case study
over the Southwestern USA. Climate 10, 78 (2022).

63. Wang, W., Samat, A., Abuduwaili, J., De Maeyer, P. & Van de Voorde, T. Machine learning-
based prediction of sand and dust storm sources in arid Central Asia. Int. J. Digit. Earth 16,
1530-1550 (2023).

64. Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

65. Breiman, L. Arcing classifiers. Ann. Stat. 26, 801-824 (1998).

66. Schimanke S. et al. CERRA Sub-Daily Regional Reanalysis Data for Europe on Model Levels
from 1984 to Present (Climate Data Store, accessed 12 September 2024); https://doi.org/
10.24381/cds.622a565a.

67. Inness, A. et al. The CAMS reanalysis of atmospheric composition. Atmos. Chem. Phys.
19, 3515-3556 (2019).

68. Copernicus Land Monitoring Service. CORINE Land Cover Dataset (Copernicus, accessed
12 September 2024); https://land.copernicus.eu/pan-european/corine-land-cover

69. Eurostat. Database - Population and Demography (Eurostat, accessed 31 October 2025);
https://ec.europa.eu/eurostat/web/population-demography/demography-population-
stock-balance/database.

70. CGIAR-CSI. STRM 90m DEM Digital Elevation Database (Consortium for Spatial Information,
accessed 29 May 2025); http://srtm.csi.cgiar.org/.

71.  OpenStreetMap https://www.openstreetmap.org/ (OpenStreetMap Foundation, 2026).

72. Tomaschek, F., Hendrix, P. & Baayen, R. H. Strategies for addressing collinearity in
multivariate linguistic data. J. Phon. 71, 249-267 (2018).

73. Pouri, N., Karimi, B., Kolivand, A. & Mirhoseini, S. H. Ambient dust pollution with all-cause,
cardiovascular and respiratory mortality: a systematic review and meta-analysis.
Sci. Total Environ. 912, 168945 (2024).

74. Vasilakos, P.N., ELHaddad, I., & Déllenbach, K. R., Code and data for 'Rising dust pollution
across Europe in a changing climate'. Zenodo https://doi.org/10.5281/zenodo.19236528
(2026).

Acknowledgements We would like to express our deep thanks to many people in the AASQA
France for the sampling of all of these samples and to people in several laboratories in France,
including IMT NE (under the coordination of L. Alleman) and IGE and the Air O Sol analytical
plateau for the ICP-MSMS analysis of these samples by S. Darfeuil. We also acknowledge

K. Styszko for filter collection during a previous project.

Author contributions P.N.V.,, |.E.-H. and K.R.D. designed and conceptualized the study. M.I.M.,
A.A., C.AA., B.B., BTB.,S. Castillo, C.C., S. Conil, K.D., A.E.,K.E., O.F, M.F, KG., S.KG. DCG,
C.H., J.-L.J., TM.J, JJ., EK,, F.L, PM., D.M., N.M., GM., R.L.M., A.N., P. Pokorna, P. Prati, N.P.-H.,
ASH.P,XQ.,CR,JDd.LR,MMS, JS,MS, AHT,RT, DT.B, MT, GU., RV, K.R.D,, L.LE.-H.,
C.M., J.D.A.,K.d.H., MV. and T.C. provided measured dust elemental data. P.N.V. and A.U.
conducted the database construction. P.N.V., A.U., E.K. and D.T.B. performed the model
development and modelling. P.N.V., AU, I.LE.-H., K.R.D., M.L.M., A.E., TM.J. and M.V. conducted
the data analysis. P.N.V., |.E.-H., K.R.D. and M.I.M. interpreted the results and wrote the
manuscript. All authors reviewed the manuscript and provided feedback.

Funding The publication was made possible with funding from the ARMOUR project provided
by the Swiss Federal Office for the Environment (BAFU); the SCENE project; the Swiss Data
Science Center (SDSC) collaborative projects grant (C20-08); the National Key Research and
Development Program of China (2023YFC3710400) and the National Natural Science
Foundation of China (42207122); CESAM by FCT (UID/50017/2025 (https://doi.org/10.54499/
UID/50017/2025) and LA/P/0094/2020 (https://doi.org/10.54499/LA/P/0094/2020)); the
PATOS project (Particolato Atmosferico in Toscana) financed by Tuscany Region; the KALOS
project financed by Calenzano (Florence) municipality. Samples in France were collected
within many research and air quality assessment programmes, including the programmes
CARA (financed by the Ministry of Environment within the LCSQA), DECOMBIO, CAMERA,
SOURCES and QAMECS (all financed by Ademe), QAMECS (financed by University Grenoble
Alpes), OPE - Andra (financed by Andra) and support from Atmo AuRA, Atmo Sud, Atmo Grand
Est, Atmo Haut de France and Atmo Normandie for the sampling and analyses. Samples in
Granada were collected within many research projects at the University of Granada and the
Spanish Ministry of Science and Innovation. The IDAEA-CSIC thanks the support from the
Spanish Ministry of Environment (MITERD), from MICIU through the AIRPHONEMA project
(PID2022-1421600B-100/MCIN/AEI/10.13039/501100011033/FEDER EU), from Generalitat de
Catalunya (Direccidé General de Qualitat Ambiental i Canvi Climatic and AGAUR, 2017 SGR41)
and from the Madrid Council. We also acknowledge support to the University of Huelva, by
grants PID2021-1269860B-100 and PID2024-1573550B-100, funded by MICIU/AEI/10.13039/
501100011033, and the Environmental Agency of the Andalusian Government. The research
leading to these results was supported by the Ministry of Education, Youth and Sports of the
Czech Republic as the Large Research Infrastructure Support Project - ACTRIS Participation of
the Czech Republic (ACTRIS-CZ, LM2023030). This research has been supported by the Marie
Sklodowska-Curie COFUND Postdoctoral Programme grant agreement No.101081355-SMASH,
the Slovenian Research and Innovation Agency (programme grants no. P1-0385, I-0033) and
the Municipality of Kanal ob Soci. The UK measurements were supported by the Natural
Environmental Research Council (NERC) through the Integrated Research Observation System
for Clean Air (OSCA) project (Manchester grant ref. NE/TO01984/1, London grant ref. NE/
TO01909/2), part of the Clean Air Strategic Priorities Fund. Open Access funding provided by
Lib4RI - Library for the Research Institutes within the ETH Domain: Eawag, Empa, PSI & WSL.

Competing interests The authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41586-026-10743-w.

Correspondence and requests for materials should be addressed to Petros N. Vasilakos,
Imad El-Haddad or Kaspar R. Daellenbach.

Peer review information Nature thanks Yves Balkanski, Xiao-Hui Bi and Yang Liu for their
contribution to the peer review of this work. Peer reviewer reports are available.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://doi.org/10.5281/zenodo.19236528
https://scikit-learn.org/stable/
https://doi.org/10.5281/zenodo.19236528
https://doi.org/10.5281/zenodo.19236528
https://doi.org/10.24381/cds.622a565a
https://doi.org/10.24381/cds.622a565a
https://land.copernicus.eu/pan-european/corine-land-cover
https://ec.europa.eu/eurostat/web/population-demography/demography-population-stock-balance/database
https://ec.europa.eu/eurostat/web/population-demography/demography-population-stock-balance/database
http://srtm.csi.cgiar.org/
https://www.openstreetmap.org/
https://doi.org/10.5281/zenodo.19236528
https://doi.org/10.54499/UID/50017/2025
https://doi.org/10.54499/UID/50017/2025
https://doi.org/10.54499/LA/P/0094/2020
https://doi.org/10.1038/s41586-026-10743-w
http://www.nature.com/reprints



