
S1 
 

Supplementary Information for 
 

Rising natural aerosols drive marine radiative 
forcing as pollution declines 
 
 
 

Vaios Moschos†*, Emmanuel Chevassus†, Kirsten N. Fossum†, Lu Lei†, Jakob B. 

Pernov§, Ruhi S. Humphries⊥, Melita D. Keywood⊥, Colin O’Dowd†, Darius Ceburnis†, 

and Jurgita Ovadnevaite†* 

 
† School of Natural Sciences, Ryan Institute’s Centre for Climate and Air Pollution Studies, University of Galway, Galway, 

Ireland 

§ School of Earth and Atmospheric Sciences, Queensland University of Technology, Brisbane, Australia 

⊥ Environment Research Unit, Commonwealth Scientific and Industrial Research Organisation (CSIRO), Melbourne, 

Victoria, Australia 

 

 

 

The SI includes: 

Figures S1 to S7 

Tables S1 to S2  

Supplementary Text 

SI References 

 

Number of pages: 24 

 

 

 

 

 

 

 

 

 

 

 

 



S2 
 

SI Figures 

 
Figure S1. Mass spectral profiles of OA factors identified via AMS-PMF analysis at MHD. The inset for each panel zooms in to the low-

intensity fragments at m/z > 60. 
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Figure S2. Decadal-scale evolution of yearly averaged speciated PM & OA at MHD from monthly values (years 2008 and 2019 are 

not shown here due to incomplete annual coverage). The pie charts represent the contribution of each species and PMF factor to the 

yearly average. 
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Figure S3. STL decomposition results for all aerosol components at MHD. The STL inputs (imputed, continuous time series) are shown 
as dashed lines in panels (a). In panels (d), some aerosol components exhibited no residual autocorrelation after STL; for these 
components, no autocorrelation correction (Text S3) was applied to the STL Residuals (panels d), and the dashed and solid lines 
overlap.  

ASa 

 

 

 

 

 

 

Peat-OA 

 



S5 
 

Oil_Petrol-OA 

 

 

 

 

 

 

 

OOAa 

 

  



S6 
 

BC 

 

 

 

 

 

 

 

 

AN 

 

  



S7 
 

BBOA 

 

 

 

 

 

 

MSA 

 

  



S8 
 

OOAb 

 

 

 

 

 

 

PMOA 

 

  



S9 
 

ASb 

 

 

 

 

 

 

SS 

 

 

 

 

 



S10 
 

Figure S4. MHD aerosol STL-Trend components’ QR τ-grid plots in ng/m3, or percent change, per year. 

ASa 

 

 

 

 

Peat-OA 

 



S11 
 

Oil/Petrol-OA 

 

 

 

 

 

OOAa 

 

  



S12 
 

BC 

 

 

 

 

 

AN 

 

  



S13 
 

BBOA 

 

 

 

 

 

MSA 

 

  



S14 
 

OOAb 

 

 

 

 

 

PMOA 

 

  



S15 
 

ASb 

 

 

 

 

SS 

 



S16 
 

 
Figure S5. Same as Figure 3a but showing relative trends in mass concentration change (% yr⁻¹) for MHD aerosol components. 

 

 

 

 

 

Figure S6.  Comparison of median trend slope estimates across methods (QR at τ=0.5; Theil–Sen; OLS) applied to different 

preprocessing levels. QR and Theil–Sen applied to the same STL-Trend components (i.e. deseasonalized, low-frequency signal) 

provide the most direct comparison. Theil–Sen and OLS applied to imputed monthly means (without STL) or to raw daily means retain 

strong seasonality and serial dependence; these cases are therefore included as a sensitivity illustration of how aggregation and 

unremoved seasonal autocorrelation can widen uncertainty and alter slope magnitudes. 
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Figure S7. Probability distributions of radiative forcing trends (in W m⁻² per decade) derived from Monte Carlo simulations for MHD, 

2008–2019 (STL Trends, QR τ=0.50 case shown here). Shown are (a) anthropogenic components (combined), (b) natural components 

(combined), (c) and net forcing (anthropogenic + natural). Histograms represent clear-sky (blue; no clouds) and all-sky (red; mixed 

clear and cloudy) conditions (Text S4). Vertical solid lines indicate median values, while dashed lines denote the 16th & 84th percentiles 

(≈68% confidence interval). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



S18 
 

SI Tables 

 

Table S1. QR slope estimates at τ=0.95 (in ng m-3) for STL Residuals of all aerosol components at MHD, along with ranges 

corresponding to 95% confidence intervals (CI). A positive or negative slope with a range that excludes zero indicates a statistically 

significant (SS) trend in extreme concentration events beyond the long-term and seasonal baseline. 

Aerosol component STL Residual Slope (τ=0.95) Range SS? 

ASa 1.5 [-76, 79] no 

Peat-OA 17.2 [-14, 48] no 

Oil/Petrol-OA -13.2 [-41, 15] no 

OOAa -16.2 [-46, 13] no 

BC -9.5 [-21, 2.5] no 

AN 96.8 [56.8, 137] yes 

BBOA 61.9 [4.7, 119] yes 

MSA 1.8 [-0.2, 3.8] no 

OOAb -0.9 [-3.4, 1.5] no 

PMOA 83.2 [13.3, 153] yes 

ASb 7.5 [-31, 46] no 

SS 11.0 [-14.5, 36] no 

 

 

 

 

Table S2. Monte-Carlo parameter ranges (min, central, max) for component-specific direct radiative forcing calculations. For BC 

(coated; lensing effect considered), we sampled MAC instead of MEE and combined with SSA to split absorption/scattering. Values 

are central/nominal, without ±20% stochastic perturbation or all-sky scaling. 

Component MEE₅₅₀,dry (m² g⁻¹) α (scat) f(RH, ~85%) AAE SSA₅₅₀ 

AS 2.0 / 3.0 / 4.0 1.6 / 2.0 / 2.4 1.6 / 1.9 / 2.3 0.5 / 1.0 / 1.5 0.995 / 0.999 / 1.0 

AN 2.0 / 3.0 / 4.0 1.6 / 2.0 / 2.4 1.6 / 1.9 / 2.3 0.5 / 1.0 / 1.5 0.995 / 0.999 / 1.0 

SS 2.0 / 3.5 / 6.0 0.7 / 1.0 / 1.3 2.5 / 3.1 / 3.8 0.5 / 1.0 / 1.5 0.995 / 0.999 / 1.0 

MSA 2.5 / 3.5 / 4.5 1.6 / 2.0 / 2.4 1.4 / 1.7 / 2.1 0.5 / 1.0 / 1.5 0.995 / 0.999 / 1.0 

PMOA 2.5 / 3.5 / 4.5 1.6 / 2.0 / 2.4 1.2 / 1.4 / 1.7 0.7 / 1.0 / 1.5 0.98 / 0.99 / 1.0 

OOAb 2.5 / 3.5 / 4.5 1.6 / 2.0 / 2.4 1.3 / 1.6 / 1.9 0.8 / 1.0 / 1.3 0.98 / 0.995 / 1.0 

OOAa 3.0 / 4.0 / 5.0 1.6 / 2.0 / 2.4 1.2 / 1.4 / 1.7 1.5 / 2.0 / 2.5 0.94 / 0.97 / 0.99 

BBOA 4.0 / 6.0 / 7.0 1.3 / 1.8 / 2.1 1.1 / 1.2 / 1.4 3.0 / 5.0 / 7.0 0.85 / 0.90 / 0.95 

Peat-OA 3.5 / 5.0 / 6.0 1.3 / 1.8 / 2.1 1.1 / 1.2 / 1.4 3.0 / 4.0 / 5.0 0.88 / 0.92 / 0.96 

Oil/Petrol-OA 2.5 / 3.0 / 4.0 1.2 / 1.3 / 1.4 1.1 / 1.15 / 1.3 1.0 / 1.5 / 2.0 0.97 / 0.98 / 0.995 

BC 7 / 11 / 15 (MAC) 0.8 / 1.2 / 1.6 1.4 / 1.7 / 2.1 0.8 / 1.1 / 1.4 0.3 / 0.45 / 0.6 
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Supplementary Text 

Text S1. HR-ToF-AMS Measurements and Processing 

An Aerodyne high-resolution time-of-flight aerosol mass spectrometer (HR-ToF-AMS, Billerica, MA) has been operating at Mace Head 

since December 2008 to measure non-refractory PM₁ components. In AMS, particles flow in through an inlet and are focused with an 

aerodynamic lens into a detection chamber where they are flash vaporized on a hot oven and ionised by a beam of electrons. They 

can then be detected and chemically characterised using mass spectrometry. The instrument operated in single-reflection V-mode 

(mass resolution up to 3000 m/Δm), using a tungsten vaporizer at 650 °C until 2019. In 2021, the system was upgraded to a capture 

vaporizer, which introduces significant changes in aerosol particle flash vaporization efficiency and ionisation behaviour (particularly 

for semi-volatile organics), potentially affecting direct comparability with the earlier dataset. 

To ensure methodological consistency and avoid artefacts in long-term trend estimation, we limited our analysis to the period 2008–

2019. This interval offers a continuous, methodologically homogeneous dataset suitable for STL decomposition, which requires 

temporally consistent time series with minimal discontinuities (no data are available between May 2019 and April 2021 due to instrument 

downtime and subsequent hardware upgrades). Exclusion of recent data therefore avoids conflating instrumental shifts with true 

atmospheric trends, thereby reducing the risk of bias in the decomposition results. The selected decadal period is also sufficiently long 

to detect robust trends.1 

We conducted high-resolution analysis of the 2008–2019 AMS data using SQUIRREL (SeQUential Igor data RetRiEvaL) v1.66G and 

PIKA (Peak Integration by Key Analysis) v1.26G in Igor Pro 9.02. For each tuning regime, we created separate Igor experiment files 

to reflect distinct ion optics and detector characteristics. We performed the HR analysis on each fitted m/z in the mass range 12–130 

m/z with ion fitting applied to the difference between open and closed spectra. We discarded from further analysis data corresponding 

to background, particle-free air measurements, maintenance periods, and short-term campaigns or experiments. 

We quantified MSA by upscaling the CH₃SO₂⁺ fragment using a coefficient determined based on calibrations and compared with the 

time series of the AMS-PMF-derived MSA-OA factor. We corrected interference of MSA on HR-SO₄ using: SO4,corr = HR-SO4 – (𝐶𝐻3𝑆𝑂2 

* 12.48) / RIESO4. Non-sea-salt sulfate (nssSO4) and sea-salt sulfate (ssSO4) can both contribute to the corrected SO4 concentrations; 

therefore, we evaluated the contribution of nssSO4 by subtracting the ssSO4 concentration (7.7% of sea-salt; see below)2 from the total 

SO4 concentration. We approximated the sea-salt (SS) mass concentration using the 23Na35Cl+ ion at m/z 57.96 and SS calibration 

scaling factors based on past comparisons with mono-disperse laboratory generated SS aerosol.2 We corrected the particle 

transmission and detection efficiency, expressed as the collection efficiency, for detection losses due to particle bounce and lens 

efficiency, by applying the composition-dependent collection efficiency to nss non-refractory components.3,4 

 
Text S2. PMF Setup/Evaluation and post-processing attribution 

To characterise source contributions to OA, we applied positive matrix factorization (PMF) to the MHD HR-ToF-AMS OA mass spectra 

using the SoFi v6.8.1 toolkit. We first performed an unconstrained (“free”) PMF on the year 2010 data at the native 10-min time 

resolution to establish a robust, physically interpretable factor set before extending the analysis to the full decadal record. Year 2010 

was selected as the initial training/identification period because it provides a sufficiently long, continuous and well-populated dataset 

spanning multiple seasons and air-mass regimes. Running PMF at raw 10-min resolution maximises temporal variability and source 

contrasts, which improves separability of primary and secondary OA types and reduces the risk that short-lived events (e.g. episodic 

combustion plumes or rapid marine bursts) are smoothed out during factor identification. This “identify-first, extend-second” approach 

yields a stable set of reference factor profiles that can then be applied consistently across years. 

Using free PMF on 2010 spectra, we identified six OA factors (Fig. S1): hydrocarbon-like OA from regional oil/petrol burning (Oil/Petrol-

OA), peat-combustion OA (Peat-OA), biomass-burning OA (BBOA), primary marine OA (PMOA), methanesulfonic-acid-related OA 

(MSA-OA), and oxygenated OA (OOA). A solution with an additional (7th) factor was explored but was not physically interpretable and 

did not provide meaningful separation beyond the six-factor case. Factor validation was largely based on spectral matching (cosine 

similarity) against established factor profiles from previous work, including MHD/Ireland studies (see below). 

After establishing and validating this six-factor set, we extended the analysis to the entire decadal dataset by averaging the HR OA 

mass spectra to hourly time resolution and performing a multi-year PMF analysis using the 2010-derived factors as constraints. The 

PMF input matrix consisted of the organic HR mass spectra time series (24–130 m/z), comprising 352 HR fragment ion intensities × 

60,298 hourly samples, after pre-filtering for data-quality flags, blank/background periods, and campaign/maintenance intervals. We 

calculated each hourly uncertainty in the error matrix by combining the individual 10-min errors in quadrature and dividing by the 

number of points contributing to the hour. We then ran the SoFi PMF module with rotational parameter a = 0.1, allowing moderate 

flexibility in long-term factor variability while maintaining consistent factor identity across years. 

The final constrained multi-year solution achieved Q/Qexp ≈ 1.5. The sum of the six OA factor masses strongly correlated with the PMF 

input (combined 352 HR fragments) OA mass for the decadal hourly samples (Pearson’s r = 0.994), demonstrating excellent mass 

closure (slope = 0.953). 

The calculated monthly MSA, by upscaling the CH₃SO₂⁺ fragment (Text S1), strongly correlated with the AMS-PMF-based MSA-OA 

factor time series (slope: 0.99; Pearson’s r: 0.93), and increased exponentially with solar irradiation (R2 = 0.50); we used PVGIS (v5) 

geo-temporal irradiation fields to provide a spatially consistent estimate of downwelling solar irradiance representative of the broader 

upwind marine sector influencing MHD, rather than relying on point measurements at the station (for consistency with the MSA time 

series, irradiation was extracted using the MHD coordinates). The MSA-OA factor MS profile is similar (cosine similarity: 0.882) to that 

obtained by Chevassus et al. (2025) from summer 2015 MHD HR-AMS data.5 The PMOA factor MS profile is highly similar (cosine 

similarity: 0.985) to that retrieved by Ovadnevaite et al. (2011) from August 2009 MHD HR-AMS data.6 The Oil/Petrol-OA factor MS 

profile is highly similar (cosine similarity: 0.978) to the HOA factor MS profile reported by Crippa et al. (2011).7 The BBOA factor MS 

profile is highly similar (cosine similarity: 0.964) to that reported by Lin et al. (2017)8 from wood burning experiments in Ireland, when 

excluding m/z 44 from the comparison; because our BBOA profile has a consistent fingerprint with the controlled experiments producing 

primary wood-burning emissions8 but has an elevated m/z 44 fragment intensity, we hypothesize that it largely represents aged biomass 

burning emissions that have been transported to MHD, from regional residential burning and/or gorse and grass fires. 
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BBOA represents a mixture of regional residential wood burning and wildfire emissions transported from surrounding uplands. Its 

classification with the natural/biogenic group reflects our focus on climate-sensitive biomass-burning processes and the strong 

association of upper-tail BBOA events with wildfire periods in western Ireland uplands but does not imply a purely natural origin. We 

therefore interpret our anthropogenic–natural split as “dominant influence” rather than a strict binary separation. In line with this, our 

radiative forcing conclusions are robust to reclassifying BBOA as anthropogenic, and key results and conclusions do not hinge on this 

categorical choice. 

In contrast to BBOA, the aethalometer BC record at MHD predominantly reflects anthropogenic combustion. BC peaks in late 

winter/early spring together with AN, Peat-OA and Oil/Petrol-OA (Fig. 1) and declines across quantiles over the decade (Fig. 3, S4–

S5) even as wildfire-linked BBOA extremes increase (Text S4). These features, combined with global assessments showing that the 

bulk of atmospheric BC arises from anthropogenic fossil-fuel and biofuel combustion,9 support classifying BC entirely within the 

anthropogenic(-dominated) group. Practically, our BC series therefore captures BC from all combustion sources but is interpreted as 

“anthropogenic BC” in the sense used for short-lived climate forcers in IPCC and emission-inventory frameworks. 

NH4 is usually neutralised in higher-concentration continental air masses; we determined the mass concentration of ammonium-nitrate 

(AN; predominantly anthropogenic) and ammonium-sulfate (AS) salts (as needed for radiative forcing trend calculations; Text S4) by 

multiplying NO3 by 1.291 and nssSO4 by 1.376, respectively. The calculated biogenic ammonium-sulfate (ASb) mass likely 

overestimates true marine biogenic nss-sulfate, as clean marine air masses typically have low ammonium levels and are often not fully 

neutralised (unlike continental air masses) resulting in acidic aerosols such as NH₄HSO₄ or even free H₂SO₄. 

A tracer- and wind-sector–based threshold attribution (rule-based, fuzzy-scored) with Gaussian-kernel temporal smoothing for AS and 

OAA anthropogenic vs. natural contributions apportionment: To differentiate biogenic and anthropogenic contributions to AS and OOA, 

we applied a criteria-based attribution method based on both tracer concentrations and meteorological parameters. We classified 

hourly data as biogenic if wind direction was between 190–300° (marine sector) and markers of combustion were negligible, i.e. BC < 

16.1 ng/m³, Peat-OA < 8.2 ng/m³, and Oil/Petrol-OA < 3.0 ng/m³; we determined these thresholds from the 25th percentile of the 

log₁₀(mass concentration) histograms. We assigned a biogenic fraction (0–1) to each hourly data point based on how many of these 

conditions were met and used that to partition AS and OOA accordingly. We applied Gaussian smoothing (σ = 2 h) to the resulting time 

series to ensure realistic temporal transitions. We enforced mass closure such that the sum of marine biogenic and continental 

anthropogenic contributions equalled the original total for each component. Overall, this approach attributed 21% of AS and 15% of 

OOA to natural (marine biogenic) sources. While this approach effectively identifies westerly marine derived AS and OOA, it may 

overlook biogenic inputs from easterly air masses that traverse Ireland. As a result, the calculated anthropogenic contributions likely 

represent an upper limit, though they likely remain predominantly anthropogenic. 

 
Text S3. Additional Information on STL & QR Analysis 

STL Parameterisation and Justification: We applied Seasonal-Trend decomposition via Loess (STL) to monthly-averaged aerosol 

time series to extract trend, seasonal, and residual components. To minimise bias due to data gaps, we imputed missing monthly 

values (e.g. from partial instrument downtime) using the median of the corresponding calendar month across all available years. This 

conservative infilling preserves the observed climatological seasonal cycle and avoids extrapolating from short-term anomalies, at the 

cost of slightly damping intra-annual variability. We further applied a monthly completeness criterion whereby months with <25% 

available hourly data were classified as unreliable and also imputed. We chose this threshold (20% of the total months were imputed) 

to avoid a situation in which a stricter requirement would flag most months as incomplete, leading to extensive imputation and an undue 

influence of model-based values on the results, thereby increasing the risk of bias.   

Besides the z-score-normalised climatological monthly profiles (Fig. 1), power spectral density analysis of the monthly time series 

confirmed a dominant frequency at ~0.083 month⁻¹ across variables, indicating an expected annual periodicity (12 months) for 

anthropogenic and natural aerosol components. Therefore, to ensure consistency across variables and avoid overfitting, we configured 

STL with a fixed periodicity of 12 months to reflect the annual cycle in the seasonal components. Further, we set the seasonal smoothing 

parameter value to 7 to balance fidelity to short-term seasonal variability and suppression of high-frequency noise, while also allowing 

for the seasonal amplitude to vary between years (as opposed to a fixed periodic setting). We set the trend smoothing parameter to 

23, derived from a Cleveland et al. (1990)10 empirical formula suggesting to set trend_window to the smallest odd integer exceeding 

1.5×period / [1−1.5/seasonal_window], where in our case period=12 and seasonal_window=7, as explained above. This parameter 

combination ensures clear separation between seasonal and trend components and avoids allocation of intermediate-frequency 

variance to the residual term. We executed STL with robust fitting enabled, down-weighting outliers such as those caused by extreme 

pollution events. 

Diagnostics of STL Residuals: To assess the suitability of STL decomposition and identify any remaining temporal structure in the 

STL-Residuals before upper-quantile analysis (τ=0.95), we applied the Ljung–Box test for autocorrelation across lags up to 24 months. 

Residual autocorrelation can persist when STL does not fully remove low-frequency variability (e.g. slowly evolving meteorology or 

emission regime shifts), and if left uncorrected it violates the independence assumption and can bias uncertainty and significance in 

subsequent quantile-based inference. Where residual autocorrelation was statistically significant (p < 0.05), we fitted autoregressive 

(AR) models to account for serial dependence. we tested AR(1) first; if inadequate, we selected the optimal AR(p) model (p = 1–10) 

using the minimum Akaike Information Criterion. 

Quantile Regression Methodology: We applied QR to the STL-derived Trend and Residual components to estimate trends across 

different parts of the distribution (τ=0.05 to 0.95, in 0.05 increments). This allows for identification of asymmetric changes in background 

levels (lower quantiles), central tendency (median), and extremes (upper quantiles). The method is particularly well-suited for 

atmospheric pollutant data, which often exhibit skewed and heavy-tailed distributions. We computed QR slopes using the statsmodels 

implementation in Python, and calculated confidence intervals (95%) using a heteroskedasticity- and autocorrelation-consistent 

covariance estimator. 

QR of Residuals and Extreme Events: We applied quantile regression on STL Residuals at τ=0.95 to quantify the temporal evolution 

of extreme pollution events, i.e. those that exceed expected seasonal and trend behaviour. This method isolates high-end deviations 

and enables identification of changing intensity or frequency of episodic pollution spikes, particularly relevant for naturally driven 

components such as wildfire-related OA or marine biogenic aerosol. The statistical significance and magnitude of residual trends at 

τ=0.95 are provided in Table S1. 
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Text S4. Additional Information on Radiative Forcing Calculations 

From concentration trends to column burdens: We converted surface concentration trends to column burden trends assuming 

surface observations are representative of the mixed marine boundary layer. We therefore treat H as an effective mixed-layer depth to 

translate near-surface mass trends to vertically integrated burdens. The component-specific (i) incremental change in vertically 

integrated burden (ΔBi, g m⁻² yr⁻¹) is: ΔBi=ΔCi⋅H⋅10−9  

where ΔC is the concentration trend (ng m⁻³ yr⁻¹), H is the mixed layer depth (m), and 10⁻⁹ converts ng to g. Boundary-layer depth was 

drawn uniformly from 500–1200 m, consistent with northeast Atlantic climatology.11,12  

Conversion to aerosol optical depth: We converted burden changes to aerosol optical depth increments (ΔAOD) using effective, 

relative humidity (RH)- and wavelength-dependent mass extinction efficiencies (MEE, m² g⁻¹) or mass absorption coefficients (MAC 

for BC): ΔAODi=ΔBi⋅Ei, where Ei is the spectrally integrated, humidified extinction efficiency for component i. 

Direct radiative forcing efficiency: For each realization and each component i, we parameterised the clear-sky top-of-atmosphere 

forcing efficiency εᵢ (W m⁻² per unit AOD₅₅₀) as a function of its single-scattering albedo at 550 nm (SSAᵢ). First, we sampled a “purely 

scattering” endpoint ε_scat from a triangular distribution spanning −60, −50, and −40 W m⁻² AOD⁻¹, corresponding to sulfate- and sea-

salt-dominated marine aerosol,13,14 to represent a bounded literature range with a most-likely value at the midpoint. We then sampled 

an absorbing black-carbon endpoint ε_abs from +70, +110, and +160 W m⁻² AOD⁻¹9 and a BC SSA from 0.3–0.6 (Table S2). We 

obtained εᵢ(SSAᵢ) by interpolating between these two physically bounded endpoints in SSA space, such that ε_scat applies at SSA = 1 

and ε_abs applies at the sampled BC SSA. An additional ±20% Gaussian perturbation was applied to account for unresolved variability 

in viewing geometry and surface albedo.  

Monte Carlo uncertainty propagation: We performed 50,000 Monte Carlo simulations to propagate uncertainties in ΔCi, H, extinction 

efficiency (Ei), and forcing efficiency (ε). For each realization: 

• ΔC (ng m⁻³ yr⁻¹): sampled from a normal distribution centered on the QR slope estimate, with the standard deviation taken as half 

the width of the QR confidence interval. 

• Column height (H): drawn from a uniform distribution between 500–1200 m. 

• Extinction efficiency (Ei) and spectral weighting: for each component i, we split 550 nm extinction into scattering and absorption, 

apply RH growth to the scattering part only, and then computed a spectrally weighted broadband extinction efficiency, Ei (m² g⁻¹). 

Scattering and absorption cross-sections were extrapolated from 550 nm using the scattering Ångström exponent (α) and 

absorption Ångström exponent (AAE), respectively. The resulting spectra were integrated from 300 nm to the end of the shortwave 

band using the ASTM G173-03 AM1.5G global-tilt reference spectrum as a wavelength-dependent weighting function. Thus, Ei 

represents a humidified, broadband shortwave extinction efficiency that is consistent with the solar spectrum at the surface. We 

sampled Ei from component-specific ranges (Table S2): 

o MEE (dry, 550 nm): 2.0–4.0 for AS/AN,15 2.5–5 for OOA,16 2.5–4.5 for PMOA,15 2.0–6.0 for submicron SS15,17 4–7 for 

BBOA, 3.5–6 for Peat OA, 2.5–4 for Oil/Petrol OA. Compared with non-absorbing OAs, we assigned higher typical MEEs 

to light-absorbing anthropogenic OA (brown-carbon-containing) components (BBOA>Peat-OA>OOA>Oil/Petrol_OA), due 

to their non-negligible absorption in addition to scattering.18-21 MEE denotes mass extinction efficiency (scattering + 

absorption). Component extinction is partitioned into scattering and absorption using the sampled SSA₅₅₀, i.e. σ_scat = 

SSA·σ_ext and σ_abs = (1−SSA)·σ_ext. 

o MAC for BC (coated, 550 nm): 7–15 m² g⁻¹;22,23 σ_abs is derived from MAC and σ_scat is represented implicitly via SSA₅₅₀. 

o f(RH) (scattering enhancement at ~85% RH)11,24-31: 1.6–2.3 for inorganics, 1.1–1.9 for OA (higher for biogenic oxygenated 

OA), 2.5–3.8 for SS, 1.4–2.1 for coated BC. 

o Scattering Ångström exponent (α)32-34: 1.6–2.4 for AS, AN, OOA, PMOA, 0.7–1.3 for SS, 1.3–2.1 for BBOA and Peat-

OA, 1.2–1.4 for fossil OA, 0.8–1.6 for BC. 

o Absorption Ångström exponent (AAE): 0.8-1.4 for BC,22,35-37 1–2 for fossil OA, 1.5–2.5 for anthropogenic OOA, 3–7 for 

BBOA,38 3–5 for Peat-OA.39 For nominally non-absorbing components (AS, AN, SS, MSA), absorption is constrained to be 

negligible via SSA₅₅₀ ≈ 1; the listed AAE values (Table S2) were therefore not used to create significant absorption but only 

provide a numerically consistent spectral extrapolation should any residual absorption arise. 

o SSA (550 nm)40,41: ~1.0 for inorganics/marine OA,42 0.85–0.95 for BBOA,38 0.88–0.96 for Peat-OA,43 0.97–0.995 for fossil 

OA,44,45 0.94–1.0 for OOA,44,45 and 0.3–0.6 for BC.9 

• Forcing efficiency (εi): calculated from SSA, α, and f(RH), with random variability (±20%). 

o ε_scat (clear-sky base): sampled from –40 to –60 W m⁻² AOD⁻¹ (mode –50).46-52 

o ε_abs (clear-sky base): sampled from +70 to +160 W m⁻² AOD⁻¹ (mode +110).9,52 

• Sky condition adjustment: all-sky scaling = 0.5 × clear-sky efficiency (range: 0.4 to 0.6) to represent cloud masking. 

 

All optical component-level ranges used here (MEE, α, f(RH), AAE, SSA) are based on size-resolved optical measurements at Mace 

Head and similar sites and are summarized in Table S2; thus, size-dependency of extinction and absorption is implicitly represented 

through these parameter distributions, i.e. we sampled a physically realistic size-dependent optical envelope. We used triangular 

distributions for optical parameters (E, ε), where we considered a minimum, most-likely (central), and maximum value from literature/site 

climatology. This clusters values around the most likely but allows excursions across the full plausible range. In the absence of strong 

constraints on covariance among these parameters, each was sampled within its literature-based uncertainty range as described 

above, so that the ensemble spans a plausible set of combinations of column burdens, optical properties, and forcing efficiencies 

consistent with prior knowledge. 

Throughout the direct RF calculations, inorganic aerosol was represented as ammonium-sulfate (AS) and ammonium-nitrate (AN), 

derived from AMS measured nssSO₄ and NO₃, because published optical and hygroscopic parameterisations are defined for these 

salts rather than for individual ions, and this avoids double-counting co-located SO₄ and NH₄ mass in the same particles. 

Aggregation and counterbalancing: For each realization: ΔFi= ΔCi⋅H⋅10−9⋅Ei⋅εi (units: ng m⁻³ yr⁻¹ · m · 10⁻⁹ → g m⁻² yr⁻¹; multiplied 

by m² g⁻¹ → AOD yr⁻¹; multiplied by W m⁻² AOD⁻¹ → W m⁻² yr⁻¹). 

We calculated group totals for anthropogenic vs. natural components: 

ΔFanthro = ∑i∈anthroΔFi; ΔFnat = ∑i∈natΔFi; ΔFnet = ΔFanthro + ΔFnat   

Results are reported as the median and 16th–84th percentiles of the Monte Carlo ensemble and annual forcing trends are expressed 

as W m⁻² per decade. This treatment is consistent with major assessments (e.g. IPCC), where RF uncertainty is reported as probability 

ranges from ensemble or Monte Carlo approaches rather than as formal confidence intervals derived from statistical trend estimation. 

 
Text S5. Assumptions and Limitations 
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Trend Analysis: While the timeseries used in this study (12 years) is robust for detecting long-term trends,1 it is the well below the 

conventional threshold for climate timescales (30 years). The length of the time series can influence the analysis outcome therefore 

the conclusions of this study are limited to recent decades. The time series not starting and ending with complete calendar years may 

also add uncertainty.1 Intra-annual variability can have an effect on the outcome of a trend analysis, especially for natural aerosol 

components, when dealing with a short time series.53 The STL method accounts for this by incorporating anomalous values into the 

residual component. Thus, the Trend component only considers low frequency changes and allows for robust trends to be estimated. 

The STL method requires a complete time series as input data, therefore an imputation method needs to be implemented due to 

missing data. While this may introduce some uncertainty, the imputation method employed in this study (median of the corresponding 

calendar month across all available years) provides a robust estimate that preserves seasonal cycles and levels and is considered 

favourable over a simple mean or median imputer. Imputation would mainly affect the upper and lower quantiles, as imputed values 

would be similar to the average. Other methods, which rely on exogenous variables, such as k-nearest neighbours, principal component 

analysis, or predictive mean matching, could be explored for future analysis. 

Discussion of ERFaci Effects: This study focuses on direct radiative forcing (DRF), excluding aerosol–cloud interactions (ERFaci). 

However, the latter typically dominates total aerosol forcing.13 Global assessments suggest that ERFaci is ~3–5× larger than DRF for 

sulfate and can range from −0.5 to −1.5 W m⁻² globally. If similar ratios apply to our marine biogenic sulfate increases, the total negative 

forcing trend associated with natural aerosols may exceed –0.2 W m⁻² per decade. However, ERFaci exhibits larger spatial and seasonal 

variability and is more challenging to constrain observationally.14 Quantifying its contribution with sufficient fidelity remains a key priority 

for model development and future measurement campaigns. 

Uncertainty in Monte Carlo Simulations: An important assumption in our Monte Carlo analysis is that extinction efficiency (Ei), single 

scattering albedo (SSA), RH dependence (f(RH)), and other optical parameters are sampled independently. These properties are often 

correlated (e.g. hygroscopic growth simultaneously increases extinction and modifies scattering phase function and absorption 

properties). Ignoring such covariance may either over- or underestimate the effective uncertainty in forcing distributions. Because most 

empirical studies report only separate (univariate) parameter ranges rather than their co-variation, we sample each parameter 

independently to span a realistic range of variability, but we cannot fully represent co-dependent uncertainties between optical 

properties. 

Uncertainty ranges reported for RF trends differ conceptually from the CIs shown for concentration trends. For aerosol mass 

concentrations, 95% CIs quantify the statistical uncertainty of QR slope estimates and are used to assess whether trends are 

statistically distinguishable from zero. In contrast, RF trends are derived from Monte Carlo propagation of physically based uncertainties 

in concentration trends, boundary-layer depth, optical properties, and forcing efficiencies. The resulting distributions therefore represent 

probabilistic uncertainty ranges rather than statistical confidence intervals on a fitted parameter. For RF, we report the median and 

16th–84th percentiles (≈1 standard deviation) of the Monte Carlo ensemble. This range captures the central, most probable spread of 

physically plausible forcing outcomes and facilitates comparison across components and sites. It is not intended to define statistical 

significance, and zero-crossing of this range should not be interpreted in the same manner as confidence-interval-based significance 

testing applied to concentration trends. 
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