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Abstract 23 

Asian sulfate aerosols substantially affect regional summer precipitation, yet 24 

whether and how their effects vary with the background climate state remains unclear. 25 

This study investigates the impact of Asian sulfate aerosols on regional summer 26 

extreme precipitationthese impacts under both pre-industrial and pre-industrial +1K 27 

climate states, using the reduced-complexity climate model Fast Ocean Rapid 28 

Troposphere Experiment version 2 (FORTE2) with the Systematic Regional Aerosol 29 

Perturbations simulations. Results show that increased Asian sulfate aerosols reduce 30 

extreme precipitation, characterized by lower the summer mean and frequency and 31 

weaker intensityextreme precipitation over East and South Asia in both climates, but 32 

with the stronger suppression is more pronounced over northern India in the +1K 33 

climate. The aAtmospheric energy budget analysis reveals that this is primarily due to 34 

enhanced dynamic effects in the warmer climate. When aerosols are added to the pre-35 

industrial climate state, an the increased horizontal dry static energy (DSE) gradient 36 

partially offsets the aerosol-induced dynamic suppression over northern India. Under 37 

the +1K climate, higher atmospheric static stability weakens the local meridional 38 

circulation induced by aerosol forcing, thereby reducing the meridional temperature 39 

gradient and thus diminishing the offsetting effect, making the dynamic suppression 40 

more dominant. Further analysis indicates that this difference in precipitation responses 41 

between the two climates results from the nonlinear interactioneffect between the 42 

aerosol-radiation and aerosol-cloud interactions under the +1K climate, whereas the 43 

two effects combine approximately linearly under the pre-industrial climate. This study 44 

suggests that the reduction in continued global warming alone will exacerbate Asian 45 

sulfate aerosols’ weakening of precipitation, including extremes, over northern India 46 

caused by Asian sulfate aerosols is amplified under a warmer climate background. This 47 

implies that future reductions in aerosol emissions reductions may unmask or amplify 48 

extreme precipitation increases in this region. 49 

  50 
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1. Introduction 51 

Extreme precipitation and its associated hydrometeorological and geological 52 

disasters, such as flooding, landslides, and debris flows, pose a serious threat to natural 53 

ecosystems and the safety of people’s lives and property. This threat is exacerbated by 54 

global warming, which has increased the intensity and frequency of extreme 55 

precipitation on the global scale (IPCC, 2021). Anthropogenic aerosols, as a key driver 56 

of climate change, significantly influence extreme precipitation events, with effects 57 

comparable to, or even stronger than, those of greenhouse gases and internal variability 58 

in certain regions, including Asia (Lin et al., 2016; Samset et al., 2018; Guo et al., 2023; 59 

Iles et al., 2024). 60 

Since the 1970s, anthropogenic aerosol emissions have increased substantially 61 

over East and South Asia due to rapid economic development,. These emissions have 62 

significantly impacted impacting the spatiotemporal changes in Asian summer 63 

monsoon rainfall through aerosol-radiation interactions (ARI) and aerosol-cloud 64 

interactions (ACI), as well as through associated large-scale circulation changes (e.g., 65 

Bollasina et al., 2011; Li et al., 2016; Tian et al., 2018; Luo et al., 2018; Dong et al., 66 

2019; Wilcox et al., 2020; Monerie et al., 2022; Lang et al., 2025; Yang et al., 2026). 67 

During the rapid industrialization periodFurther, the aerosol emissions contributed to a 68 

reduction in heavy precipitation over China, partially offsetting the greenhouse gas-69 

induced increase resulting from enhanced atmospheric water vapor holding capacity  70 

(Ma et al., 2017; Bai et al., 2024). However, aerosol impacts exhibit marked regional 71 

differences and uncertainties. Lin et al. (2018) attributed the reduced extreme 72 

precipitation over North China and India mainly to ACI effect, while Guo et al. (2023) 73 

shown that aerosol forcing dominates the increase in summer extreme precipitation over 74 

Northwest China, primarily through the dynamic enhancement of moisture flux 75 

convergence. More recently, the sharp reduction in aerosol emissions over China has 76 

markedly accelerated the increase in extreme precipitation, primarily by increasing 77 

cloud droplet size and promoting more efficient coalescence (Zou et al., 2025), and 78 

further reductions are expected to intensify extreme precipitation over the Asian 79 
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monsoon region in the future (Zhao et al., 2019; Wang et al., 2023). However, the 80 

impacts of aerosols exhibit marked regional differences and uncertainties. For instance, 81 

Lin et al. (2018) have found that anthropogenic aerosols are a primary cause of reduced 82 

extreme precipitation over North China and India, mainly through ACI, which 83 

decreases cloud droplet effective radius and increases cloud droplet number 84 

concentration, thereby enhancing cloud albedo and cloud lifetime. This subsequently 85 

reduces surface solar radiation and temperature, weakening the land-sea thermal 86 

contrast and moisture transport. Guo et al. (2023) have shown that anthropogenic 87 

aerosol forcing is the dominant driver of increased summer extreme precipitation 88 

intensity and frequency in Northwest China, primarily through the dynamic 89 

enhancement of moisture flux convergence. 90 

 91 

In recent decades, the sharp reduction in aerosol emissions over China has 92 

markedly accelerated the increase in extreme precipitation, primarily by increasing 93 

cloud droplet size and promoting more efficient droplet coalescence and 94 

precipitation (Zou et al., 2025). Under future scenarios, further aerosol emission 95 

reductions are expected to increase the extreme precipitation over the Asian monsoon 96 

region (Zhao et al., 2019; Wang et al., 2023). Among anthropogenic aerosol species, 97 

sulfate is of foremost importance in Asian summer monsoon rainfall, where it 98 

constitutes the dominant fraction of the regional aerosol burden and exerts strong 99 

cooling effects through both ARI and ACI (Liu et al., 2009; Guo et al., 2013; Westervelt 100 

et al., 2020; Xie et al., 2022; Fang et al., 2023). Given that sulfate dominates the aerosol 101 

loading and the ACI effects, the aforementioned aerosol effects on extreme 102 

precipitation are likely largely attributable to sulfate. While its role in mean 103 

precipitation is well documented, its impacts on extreme precipitation over Asia have 104 

rarely been quantified. Moreover, gGlobal warming alters is expected to alter 105 

atmospheric water vapour, static stability, and cloud properties, all of which may 106 

influence the efficiency of aerosolsulfate-climate interactions. Hence, the sulfate effect 107 

on extreme precipitation may differ across climate backgrounds. Yet, wHowever, 108 
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whether and how the this effect influence of anthropogenic aerosols on Asian extreme 109 

precipitation varies under different global warming levels with different climate 110 

backgrounds remains unclear, hindering our ability to project future regional climate 111 

risks associated with sulfate emission changes. Understanding this question is helpful 112 

for more accurately projecting the future impact of anthropogenic aerosols on climate.  113 

In this study, we address this question by comparing idealized simulations of the 114 

same Asian anthropogenic sulfate aerosol perturbations under two distinct climate 115 

states using the coupled climate model FORTE2 (Fast Ocean Rapid Troposphere 116 

Experiment version 2). This model is of reduced complexity and well-suited for 117 

aerosol-climate studies, as it incorporates all the key mechanisms of aerosol-climate 118 

interactions and can efficiently run long simulations at low computational cost (Herbert 119 

et al., 2022; Stjern et al., 2024; Luo et al., 2025). 120 

The rest of the paper is organized as follows. Section 2 describes the models and 121 

simulations, datasets, extreme precipitation indices, and analysis methods. Section 3 122 

first evaluates the model skill in simulating extreme precipitation and large-scale 123 

circulations, then examines the precipitation responses to Asian sulfate aerosol 124 

perturbations and the underlying mechanisms, and finally compares the differences 125 

between the two climate states and investigates the potential reasons. Sections 4 and 5 126 

provides a summary and discussion and conclusion. 127 

2. ModelsModels, Simulations simulations and analysis methods 128 

2.1 The FORTE2 model and simulations 129 

FORTE2 was  developed as an intermediate-complexity coupled atmosphere-130 

ocean general circulation model (Blaker et al., 2021). Its atmospheric module, the 131 

Intermediate General Circulation Model 4, operates at a T42 spectral resolution 132 

corresponding to roughly 2.8° horizontally, with 35 sigma vertical levels extending up 133 

to 0.1 hPa (Joshi et al., 2015). This atmospheric component integrates full physical 134 

parameterizations for radiation, land-surface properties, convection, precipitation, and 135 

clouds schemes (Zhong and Haigh, 1995; Betts and Miller, 1993). For the oceanic 136 

component, the Modular Ocean Model-Array is adopted (Webb, 1996), featuring a 137 
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2°×2° horizontal grid with 15 vertical z-levels whose thickness increases with depth, 138 

ranging from 30 m at the sea surface to 800 m at the model bottom (Webb, 1996), with 139 

a total ocean depth of 5000 m (Stjern et al., 2024). Within the model system, sea ice 140 

functions as a thermal barrier restricting heat exchange between the ocean and 141 

atmosphere, and the coupled system runs without any flux adjustments terms. 142 

Building on the FORTE2 platform, Stjern et al. (2024) designed and implemented 143 

a suite of Systematic Regional Aerosol Perturbations experiments., For brevity, 144 

hereafter hereafter we refer to these simulations collectively as FORTE2.referred to as 145 

SyRAP-FORTE2. This experimental framework supports systematic investigation of 146 

climate impacts driven by aerosols from distinct geographic regions and of different 147 

chemical compositions, across various background climate scenarios. It also enables 148 

quantitative comparison between ARI and ACI effects, facilitating assessment of their 149 

respective contributions and potential interactive mechanisms. Instead of using aerosol 150 

emission or concentration fields as forcing inputs, a standard practice in most CMIP6 151 

models including those participating in the Precipitation Driver and Response Model 152 

Intercomparison Project (PDRMIP) (Myhre et al., 2017), the SyRAP-FORTE2 153 

simulations are forced by global gridded monthly aerosol optical depth (AOD) products 154 

with explicit vertical profiles, derived from the Copernicus Atmosphere Monitoring 155 

Service Reanalysis (CAMSRA) dataset (Inness et al., 2019).  156 

Within the CAMSRA dataset, anthropogenic emissions for BC, organic carbon, 157 

and sulfur dioxide are sourced from the MACCity emission inventory for the 2003-158 

2010 period, and switch to the Representative Concentration Pathway 8.5 emission 159 

scenarios from 2010 onward (Granier et al., 2011; Riahi et al., 2011). In the model setup, 160 

aerosols are assigned a vertically uniform distribution spanning from the second-lowest 161 

model layer, where σ (the ratio of grid pressure to surface pressure) equals 162 

approximately 0.88, corresponding to an altitude of around 950 m above the surface, 163 

upward to a defined upper pressure boundary referred to as pmin. For each individual 164 

grid cell, the value of pmin is calculated from CAMSRA data as the lower of two 165 

thresholds: 850 hPa, or the lowest pressure level at which the 2003–2021 average 166 
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mixing ratio of the combined BC, OC, and SO₄ mixture drops below 5 × 10-⁹ kg kg⁻¹. 167 

In areas with complex terrain, , additional constraints are enforced to avoid unrealistic 168 

aerosol vertical distributions, with ensure σmin constrained toremains below 0.75 and 169 

pmin tostays above 300 hPa (Stjern et al., 2024). To generate the regional AOD 170 

perturbation fields, monthly speciated AOD and three-dimensional mass mixing ratio 171 

data from CAMSRA (2003–2021) are first interpolated to match the T42 model 172 

resolution. Monthly climatologies are then computed for three AOD categories at each 173 

grid point: total anthropogenic aerosols (BC, OC, and SO₄), absorbing aerosols (BC 174 

and OC), and scattering aerosols (SO₄). These constructed idealized aerosol vertical 175 

profiles are subsequently input into FORTE2’s radiation calculation scheme. Notably, 176 

FORTE2 does not include aerosol transport processes in its simulation configuration. A 177 

more detailed description of the aerosol implementation methodology in SyRAP-178 

FORTE2 simulations is available in Stjern et al. (2024). 179 

The SyRAP-FORTE2 experiments simulations used in this study are summarized 180 

in include (Table 1).: They include (1) two baseline simulations without aerosol forcing: 181 

one with CO2 concentrations at pre-industrial levels (piC, 280 ppmv), and one with 182 

elevated CO2 at a level (p1K, 500 ppmv). In this model, the p1K simulationat yields a 183 

global-mean warming of approximately 1K relative to pre-industrial conditions in this 184 

modelpiC.; In addition,(2) six perturbation simulations were performed with SO4 AOD 185 

forcing added over Asia (Fig. 1a)., encompassing These comprise combined (ARI and+ 186 

ACI effects (ARI+ACI)), ARI-only and ACI-only effects, all each conducted run under 187 

both the piC and p1K background climate states. All simulations were carried out over 188 

a total 200-year period, with the first 50 years discarded as spin-up, and the remaining 189 

150 years (model years 51- through 200) used for the analysis. For the climate response, 190 

Subtracting subtracting each baseline from its corresponding perturbation (e.g., 191 

SO4_p1K-p1K or SO4_piC-piC) isolates the climate effects of sulfate aerosol relative 192 

to a no-aerosol state, including the total (ARI+ACI) effect as well as the separate 193 

contributions from ARI and ACI. The impact of the background climate is then 194 

estimated by comparing these effects between the p1K and piC backgrounds, i.e., 195 
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(SO4_p1K-p1K) -(SO4_piC-piC), which reveals how a warmer, higher-CO₂ climate 196 

modulates the sulfate-aerosol-induced responses examined here. 197 

For ARI, the prescribed SO4 AOD and vertical profiles are input into the FORTE2 198 

radiation scheme. The ACI parameterization for sulfate perturbations is applied 199 

exclusively within the Asian study domain, which spans 60°–140° E and 0°–53° N 200 

(marked by the white box in Fig. 1a). The ACI effect is triggered once the local AOD 201 

value surpasses a threshold of 0.07. This threshold was selected based on observed 202 

relationships between AOD variations and cloud top effective radius changes reported 203 

in Dong et al. (2019). To represent the magnitude of ACI effects, the effective radius of 204 

cloud droplets is reduced from 15 μm to 10 μm across low-level clouds, mid-level 205 

clouds, and shallow convective clouds. The 5 μm reduction in droplet radius falls within 206 

the range of values simulated by the majority of CMIP5 models for this cloud property 207 

(Wilcox et al., 2015). 208 

In this experimental design, both the sulfate AOD magnitude and its vertical 209 

profile are prescribed as fixed monthly climatologies, meaning they do not evolve or 210 

adjust in response to simulated climate variations. This idealized approach means that 211 

no feedbacks exist between the climate response and aerosol distribution (e.g., 212 

enhanced precipitation does not lead to increased aerosol removal), and also excludes 213 

any interactive atmospheric chemistry changes. As a result, any observed differences in 214 

sulfate-induced climate response between the p1K and piC backgrounds can be 215 

attributed entirely to differences in the background climate state (such as warmer 216 

temperatures, higher atmospheric water vapor content, and altered large-scale 217 

circulation patterns), rather than to variations in the strength or distribution of the 218 

aerosol forcing itself. 219 

2.2 PDRMIP simulations 220 

We also qualitatively compare the FORTE2 results with simulations from the 221 

PDRMIP (Myhre et al., 2017). The PDRMIP models are fully coupled earth system 222 

models and are substantially more comprehensive than the FORTE2 framework. 223 

Specifically, we use experiments from five global climate models (CESM1-CAM5, 224 



9 

 

GISS-E2-R, HadGEM3, MIROC-SPRINTARS, and NorESM1; Table 2). In the 225 

perturbation simulations, 10× present-day Asian SO4 emissions/concentrations are set 226 

to ten times their year-2000 levels, while greenhouse gases are fixed at year-2000 levels. 227 

experiments from five global climate models (CESM1-CAM5, GISS-E2-R, HadGEM3, 228 

MIROC-SPRINTARS, and NorESM1; Table 2), each Each is compared against the 229 

corresponding model’s its own year-2000 baseline experiment simulation with year-230 

2000present-day aerosols and greenhouse gases. The climate response to sulfate 231 

aerosols is quantified as the difference between the perturbation and baseline 232 

simulations. The PDRMIP models are fully coupled earth system models and are 233 

substantially more comprehensive than the FORTE2 framework. Two important 234 

caveatsIt should be noted that. First, the PDRMIP simulations prescribe a much  a 235 

much stronger Asian SO₄ perturbation than FORTE2, with a regional summer multi-236 

model mean (MMM) AOD of ~2.5 over East Asia and South Asia, compared to ~0.23 237 

in FORTE2 SO₄ perturbation, with a regional summer multi-model mean (MMM) AOD 238 

value of ~2.5 over East Asia and South Asia compared to ~0.23 in FORTE2 (Fig. 1). 239 

Despite this difference in magnitude, the spatial pattern of the prescribed perturbation 240 

is similar between the two experiments (Fig. 1). Therefore, the comparison between 241 

PDRMIP and FORTE2 onlyfocuses on the sign and spatial pattern of the responses, 242 

rather than  not their magnitudes, in the subsequent analysis, of the responses should 243 

be compared, which would support the robustness of the FORTE2 results. SecondIn 244 

addition, the PDRMIP experiments are conducted under a single background climate 245 

state and therefore cannot assess the influence of a warmer background climate, which 246 

is the central focus of the present study. 247 

2.3 Reanalysis data and extreme precipitation index 248 

To support observational comparison, daily precipitation records, monthly sea 249 

level pressure (SLP) fields, as well as monthly horizontal and vertical wind components 250 

were obtained from the fifth-generation ECMWF atmospheric reanalysis (ERA5). The 251 

dataset has a uniform horizontal grid spacing of 0.25° × 0.25° and covers the period 252 

from 1981 through 2010 (Hersbach et al., 2023a, b). 253 
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Following the standardized indicator framework put forward by the Expert Team 254 

on Climate Change Detection and Indices (ETCCDI), we derived four precipitation 255 

metrics for subsequent analysis. PRCPTOT (unit: mm) represents the cumulative 256 

precipitation sum across all wet days within the target season. R95p (unit: mm) denotes 257 

the total precipitation amount recorded exclusively on extremely wet days. R95d (unit: 258 

days) counts the total number of extremely wet days, and R95int (unit: 259 

mm/day) characterizes the average precipitation intensity of extreme events, calculated 260 

as the quotient of R95p divided by R95d. A wet day was defined as its daily 261 

precipitation reaches or exceeds 1 mm (Zhang et al., 2011). The 95th percentile of wet-262 

day daily precipitation is adopted as the threshold for extremely wet days, with separate 263 

baseline references for different data sources: for FORTE2 and PDRMIP simulations, 264 

the percentile threshold is computed from their corresponding baseline simulations; for 265 

the ERA5 reanalysis, the 1981–2010 period is used as the reference baseline to derive 266 

the threshold. All analyses in this study focus on boreal summer (June-August, JJA). 267 

2.4 Atmospheric energy budget 268 

To uncover the physical mechanisms driving precipitation changes, we employ an 269 

atmospheric column energy budget framework, which partitions precipitation-related 270 

energy variations into a thermodynamic component (denoted Q) and a dynamic 271 

component (denoted H) (Muller and O’Gorman, 2011; Richardson et al., 2016; Liu et 272 

al., 2018). In this framework, the latent heat release associated with precipitation 273 

changes (LcδP) is balanced by changes in net atmospheric diabatic cooling (δQ) and 274 

dry static energy (DSE) flux divergence (δH), as expressed in Eq. (1): 275 

LcδP = δQ + δH (1) 276 

where Lc is the latent heat of condensation, P stands for precipitation, and δ denotes 277 

the change relative to the reference baseline simulation. The term δQ is calculated by 278 

summing variations in three factors: atmospheric longwave cooling, atmospheric 279 

shortwave absorption, and surface sensible heat flux. Correspondingly, δH is derived 280 

as the residual value obtained by subtracting δQ from LcδP. 281 

The total DSE flux divergence anomaly δH is further divided into a time-mean 282 
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component (δHm) and a transient eddy component (δHtrans), as shown in Eq. (2): δH =283 

δHm + δHtrans (2) 284 

δHm can be broken down into four distinct terms, which correspond to the dynamic 285 

and thermodynamic effects on vertical and horizontal DSE advection respectively. The 286 

full decomposition is presented in Eq. (3): 287 

δHm = δHDy_v + δHTh_v + δHDy_h + δHTh_h 288 

                                    = ∫ δω
∂s

∂p

dp

g
+ ∫ ωδ(

∂s

∂p
)

dp

g
+ ∫ δu • ∇s

dp

g
+ ∫ u • δ(∇s)

dp

g
 (3) 289 

where ω  is vertical velocity (Pa s-1), s is DSE (J kg-1), p is pressure (Pa), g is the 290 

gravitational acceleration (m s-2), u is horizontal wind vector (m s-1), ∇  is the 291 

horizontal gradient, and an overbar indicates climatological monthly means. Physically, 292 

δHDy_v reflects the dynamic effect arising from changes in vertical velocity; δHTh_v 293 

corresponds to the thermodynamic effect induced by changes in vertical DSE gradients; 294 

δ HDy_h represents the dynamic effect caused by changes in horizontal wind fields; 295 

δ HTh_h captures the thermodynamic effect related to changes in horizontal DSE 296 

gradients. Finally, δHtrans is calculated as a residual between δH and δHm. 297 

3. Results 298 

3.1 Model evaluation 299 

To understand whether the models produce reasonable the ability of the models to 300 

simulate precipitation patterns and physically plausible large-scale circulation, we 301 

compare the FORTE2 p1K baseline and the PDRMIP year-2000 baseline simulations 302 

with ERA5 (1981–2010). It is important to note that the background forcing differs 303 

among these datasets: the FORTE2 p1K simulation has no aerosol forcing and the CO2 304 

concentration that is slightly higher than present-day levels, whereas the aerosol and 305 

greenhouse gas forcing in PDRMIP is representative of year-2000 conditions. Given 306 

these idealized and differing forcing configurations, the comparison is intended as a 307 

sanity check of whether the models produce reasonable background climate states, 308 

rather than as a validation of the models’ ability to reproduce the absolute observed 309 

climate. We therefore emphasize the spatial structures of precipitation and circulation 310 

over the exact magnitudes of the climatological fields. 311 
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In ERA5, R95p shows a spatial pattern similar to PRCPTOT, with maxima over 312 

northern India, Southeast Asia and South China (Fig. 2a and 2b). R95d is generally 313 

higher characterized by approximately five extremely wet days in the tropics thanal 314 

regions at, and three in mid- to high-latitudes, with a local maximumma over Northwest 315 

China (Fig. 2c). The highest R95int shows its highest valuesvalues are concentrated 316 

over the Asian summer monsoon region (Fig. 2d). The PDRMIP MMM reasonably 317 

reproduces the observed spatial patterns of PRCPTOT and extreme precipitation, with 318 

pattern correlation coefficients exceeding 0.85 (Fig. 2e–h). AllThe individual PDRMIP 319 

models show pattern correlations above 0.6 for these indices, with indicating reasonable 320 

agreement with the observed spatial patternsvalues ranging from 0.70 (GISS-E2-R) to 321 

0.85 (HadGEM3) for PRCPTOT, 0.69 to 0.82 for R95p, 0.69 to 0.89 for R95d, and 0.64 322 

to 0.80 for R95int, all of which are, as expected, lower than the MMM skill. FORTE2 323 

also reasonably simulates these precipitation indices, although its pattern correlations 324 

are generally exhibits relatively lower than those of the PDRMIP MMM, with values 325 

of 0.56 for PRCPTOT and 0.63 for R95p (Fig. 2i-j). Notable dry biases are also evident 326 

over India for PRCPTOT and R95p, a feature common among many CMIP5/6 models 327 

(Wilcox et al., 2020). The correlation is lower pattern correlation coefficients for 328 

PRCPTOT (0.56) and R95p (0.63), with notable dry biases over India (Fig. 2i and 2j). 329 

FORTE2 also shows a low pattern correlation coefficient of 0.39 for R95d (0.39), 330 

largely associated with its relatively low values in the tropics, while , particularly in 331 

tropical regions (Fig. 2k). For R95int shows a comparatively higher correlation of 0.68, 332 

FORTE2 achieves a pattern correlation coefficient of 0.68 (Fig. 2k-l)., indicating a 333 

reasonable representation of the spatial structure. These systematic discrepancies in 334 

FORTE2, particularly the dry biases and low spatial correlation for extreme wet days 335 

in the tropics, are likely due to the convective parameterization scheme employed in 336 

the model. However, it should be noted that Tsome of these discrepancies may reflect 337 

bothstem from the differing prescribed external forcingbackground climate states 338 

among the three datasets and limitations in the model’s convective parameterization 339 

scheme. The p1K simulation in FORTE2 has no aerosol and the CO2 concentration 340 
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slightly higher than present-day levels, whereas the aerosol and greenhouse gas forcing 341 

in PDRMIP is close to observation. 342 

The simulated precipitation structures are further supported by the representation 343 

of the associated large-scale summer circulation. Both the PDRMIP MMM and 344 

FORTE2 reasonably simulate the basic summer atmospheric circulation features 345 

relevant to the Asian summer monsoonpatterns compared to ERA5, includingcapturing 346 

the land-sea pressure gradiengradient, the continental low, the western North Pacific 347 

Subtropical High,t and the associateddistributions of horizontal and vertical wind fields 348 

(Fig. 3). However, FORTE2 differs from both the PDRMIP MMM and ERA5 349 

simulatesin the intensity and spatial extent of some circulation features, most notably a 350 

much stronger continental low and a weaker western North Pacific Subtropical High  351 

relative to both the PDRMIP MMM and ERA5 (Fig. 3a-c). This difference likely 352 

reflects the strength of the trade winds, Hadley and Walker circulations in the model, 353 

which are closely tied to the untuned convective parameterizations and their coupling 354 

with SST. The simulated horizontal windsand vertical wind fields also show regional 355 

differences, particularly over the tropical Pacific, the Tibetan Plateau, and the tropical 356 

Indian Ocean (Fig. 3d-f). in FORTE2 show an excessive eastward extension of the 357 

westerlies over the western tropical Pacific and weakened easterlies over the tropical 358 

Pacific. Compared to ERA5, both the PDRMIP MMM and FORTE2 underestimate 359 

upward motion over the western tropical Pacific. Unlike ERA5 and the PDRMIP MMM, 360 

FORTE2 overestimates upward motion over the eastern Tibetan Plateau, corresponding 361 

to its wet precipitation biases in the region (Fig. 3d-f). Additionally, FORTE2 fails to 362 

simulate the upward motion over the tropical Indian Ocean seen in ERA5 and the 363 

PDRMIP MMM.  364 

These biases in the FORTE2 p1K simulation mirror those found in its piC 365 

simulation (Luo et al., 2025).Overall, the comparison suggests that, while the models 366 

differ from ERA5 in the magnitude and regional details of their climatological fields, 367 

they capture the key spatial structures of precipitation and large-scale circulation. 368 

Moreover, these precipitation and circulation characteristics in the FORTE2 p1K 369 
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simulation mirror those found in its piC simulation (Fig. S1), suggesting that their basic 370 

spatial structures remain robust across the two forcing conditions. 371 

3.2 Responses to Asian sulfate aerosols and associated physical processes 372 

The spatial patterns of precipitation indices in response to increased Asian sulfate 373 

aerosols are illustrated in figure 4 for the PDRMIP MMM and the SO4_p1K and 374 

SO4_piC simulations in FORTE2. To intuitively reflect the magnitude of regional 375 

precipitation responses, relative changes in PRCPTOT, R95p and R95int with respect 376 

to the respective baseline simulations are shown in Figs. 4, 7-8, 11 and 13here. It should 377 

be kept in mind that the sulfate perturbation in PDRMIP is roughly an order of 378 

magnitude stronger than the FORTE2 perturbation. Hence, the response magnitudes are 379 

expected to differ considerably between the two datasets. The PDRMIP MMM and the 380 

two FORTE2 simulations show significant reductions in PRCPTOT and R95p over East 381 

China and India, and enhancements over northwestern India (Fig. 4a-b, e-f, i-j-j), in 382 

response to increased sulphate, consistent with previous work (Liu et al., 2018). R95p 383 

exhibits a stronger response than PRCPTOT, suggesting that extreme precipitation is 384 

more sensitive to sulfate forcing than mean precipitation, consistent with Samset et al. 385 

(2018). The responses of R95d and R95int are similar to those of R95p, indicating that 386 

the reduction in R95p is characterized by a lower frequency and weaker intensity (Fig. 387 

4c-l-d, g-h, k-l). While FORTE2 is a model of lower complexity, its broadly reproduces 388 

the key regional sign patterns of results show high agreement with the five PDRMIP 389 

models, particularly drying over East Asia and South Asia and wetting over 390 

northwestern India.. 391 

In general, the changes in extreme precipitation are consistent with those in total 392 

precipitation, despite differences in magnitude, suggesting that the decreases in mean 393 

and extreme precipitation share some common drivers, such as large-scale circulation 394 

changes. To the extent that this holds, understanding the mechanisms behind mean 395 

precipitation changes can shed light on those driving extreme precipitation changes. 396 

Figure 5 shows the area-averaged atmospheric column energy budget terms (see Eq. 1 397 

-3) for East Asia and South Asia (red and purple boxes in Fig. 4a, respectively). In both 398 
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regions, the responses of LcδP are nearly equal to the responses of δH in the PDRMIP 399 

MMM and FORTE2 simulations, a result that is consistent across the five PDRMIP 400 

models. δQ is relatively small compared to δH  and remains close to zero in the 401 

PDRMIP MMM. Hence, the dynamic effects induced by Asian sulfate forcing play a 402 

dominant role in decreasing summer precipitation over East Asia and South Asia. 403 

Further, δH can be decomposed into δHm and δHtrans . δHm comprises four 404 

terms:  δHDy_v ,  δHDy_h , δHTh_v , and δHTh_h , which represent dynamic and 405 

thermodynamic contributions to vertical and horizontal DSE advection, respectively. 406 

For the PDRMIP MMM (gray bars in Fig. 5),  δHDy_v shows relatively larger negative 407 

changes than the other terms over both regions, and thus serves as the primary 408 

contributor to δH. Over East Asia, δHTh_h and δHtrans exhibit negative changes and 409 

contribute to δH, whereas  δHDy_h provides a partial offset (Fig. 5a). Over South Asia, 410 

δHTh_v  and  δHDy_h  act as negative contributors to δH, while δHtrans  partially 411 

counteracts this reduction (Fig. 4b). However, some differences exist among the 412 

PDRMIP models. For instance, the contribution of δHtrans in NorESM1 (green asterisk) 413 

exceeds that of δHm over East China, which is opposite to the results in the other two 414 

models (purple triangle and blue cross) (Fig. 5a). 415 

3D atmospheric outputs from FORTE2 were archived at three pressure levels (250 416 

hPa, 500 hPa, and 850 hPa), allowing identification of the leading term within δHm. In 417 

the FORTE2 simulations (blue and green bars in Fig. 5), the remaining three terms are 418 

consistently smaller in magnitude than δHDy_v  in both simulations, a finding 419 

that aligns with the PDRMIP MMM results. Hence, the dynamic effect of vertical 420 

circulation (δHDy_v) is the dominant driver of the precipitation reduction over both East 421 

China and India. 422 

Figure 6 shows the spatial patterns of summer responses for the relevant variables 423 

in the PDRMIP MMM and in the SO4_p1K and SO4_piC simulations of FORTE2. The 424 

decrease in δHDy_v is associated with anomalous descent (Fig. 6a-c), accompanied by 425 
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high-pressure SLP anomalies (Fig. 6d-f). These SLP anomalies result from surface 426 

cooling induced by enhanced AOD forcing (Fig. 6g-i), which reduces incoming 427 

shortwave radiation (SW) (Fig. 6j-l). The reduced SW partly results from direct 428 

scattering of SW through ARI, and partly from low cloud changes through ACI (Fig. 429 

6m-n). The above analysis indicates that the responses to Asian sulfate forcing, along 430 

with the related physical processes simulated by FORTE2, agree with those of the 431 

PDRMIP models. The robustness of these responses confirms that FORTE2 provides a 432 

suitable tool for investigating precipitation responses under contrasting climate 433 

backgrounds. 434 

3.3 Differences between the p1K and piC climate conditions and their potential 435 

causes 436 

3.3.1 Both the ARI and ACI effects 437 

Figure 7 presents the spatial patterns of the differences in summer precipitation 438 

responses to Asian sulfate forcing between the p1K and piC climate states. Over East 439 

Asia, no significant difference in PRCPTOT is seen between the two climate conditions, 440 

whereas over northern India and northwestern China, sulfate forcing under p1K 441 

conditions produces a significantly stronger suppression of precipitation (Fig. 7a). The 442 

differences in R95p and R95int closely resemble those in PRCPTOT, but R95d exhibits 443 

no statistically significant change (Fig. 7b-d). 444 

Figure 8 quantifies these differences over East Asia and South Asia. The 445 

precipitation responses to Asian sulfate forcing, in terms of both their spatial patterns 446 

and associated physical mechanisms, are consistent between the SO4_p1K and SO4_piC 447 

simulations (Fig. 4-6). Nevertheless, some differences in the magnitude of the response 448 

can be found between the two climate states. Specifically, no significant difference in 449 

PRCPTOT is seen between the response to sulfate in p1K and piC climate conditions 450 

over East Asia, whereas a significantly stronger suppression of precipitation is evident 451 

over northern India and northwestern China under the p1K conditions (Fig. 7a). The 452 

differences in R95p and R95int closely resemble those in PRCPTOT, but R95d exhibits 453 

no statistically significant change (Fig. 7b-d). Quantitatively,T the response over East 454 
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Asia is slightly weaker under the p1K climate than under the piC climate, though these 455 

differences do not attain 90% statistical significance (Fig. 8a). Over South Asia, the 456 

increased Asian sulfate AOD forcing under the p1K conditions induces a substantially 457 

stronger fractional reduction than the equivalent forcing under the pre-industrial 458 

conditions, with differences of 14.5% for PRCPTOT, 20% for R95p, and 12.1% for 459 

R95int (Fig. 8b). The differences in PRCPTOT, R95p, and R95int are statistically 460 

significant at the 95% confidence level. For R95d, the reduction is 0.1 day greater under 461 

p1K than under piC, though this difference is not statistically significant. This suggests 462 

that the differences in total precipitation result primarily from changes in extreme 463 

precipitation over northern India, manifesting as a pronounced reduction in intensity 464 

and a negligible reduction in frequency. 465 

The precipitation responses to Asian sulfate forcing, in terms of both their spatial 466 

patterns and associated physical mechanisms, are consistent between the SO4_p1K and 467 

SO4_piC simulations (Fig. 4-6). Nevertheless, the magnitude differences over northern 468 

India motivate a closer examination of the underlying mechanisms. 469 

The atmospheric energy budget is diagnosed for the used to investigate the 470 

potential mechanisms underlying the differing precipitation responses over northern 471 

India region (65°-95°E, 20°-30°N; black box in Fig. 9b). Figure 9a presents the 472 

decomposition of the energy budget terms.As shown in figure 9a The results show that, 473 

differences in the dynamic effect (δH) are the primary cause of the corresponding 474 

precipitation differences. Furthermore, the greater reduction of δH in SO4_p1K relative 475 

to SO4_piC is largely attributable to an enhanced the horizontal DSE gradient (δHTh_h) 476 

in SO4_piC, which partially offsets the decreases in the other three terms. In contrast, 477 

SO4_p1K exhibits a slight decrease in δHTh_h, thereby contributing, albeit weakly, to 478 

the overall precipitation reduction. The other three terms show no significant 479 

differences between the two climate states. This contrast is further illustrated by the 480 

spatial distribution (Fig. 9b and c). In SO4_piC, an amplified increase in δHTh_h over 481 

northern India and a marked decrease over northwestern India are observed (Fig. 9c), 482 

whereas these features are considerably weaker in SO4_p1K (Fig. 9b), consistent with 483 
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the significant precipitation differences over northern India between the two 484 

experiments (Fig. 7a). 485 

Next, we examine the processes responsible for the contrasting behavior of 486 

δHTh_h  between the two climate states. In SO4_piC, the enhanced δHTh_h  over 487 

northern India is associated with the north – south surface temperature gradient, 488 

featuring warm anomalies over southern India and cold anomalies over northern India 489 

(Fig. 610ha). The warm anomalies over southern India are induced by decreased 490 

precipitation and subsidence (Fig. 10b), while the cold anomalies over northern India 491 

result from reduced surface SW caused by the increased sulfate AOD forcing and 492 

enhanced convective cloud cover over northwestern India (Fig. 10c-d). The increased 493 

convection is linked to ascent triggered by the subsidence over southern India (Fig. 10c-494 

d). Relative to the response in SO4_piC, the response in SO4_p1K exhibits significant 495 

weaker coldwarm anomalies over northern India (Fig. 10a), corresponding to the 496 

weaker north–south surface temperature gradient (Fig. 10e) and δHTh_h in SO4_p1K 497 

(Fig. 6h and 9b). These weaker coldwarm anomalies are consistent withdriven by 498 

reduced increased surface SW dimming, which results from weaker ascent, and 499 

diminished convective cloud cover and stronger descent over northwestern India (Fig. 500 

10f-hb-d), indicating a dampened local meridional circulation in SO4_p1K (Fig. 6b and 501 

6c). This attenuation results from the increased lower troposphere stability in p1K 502 

compared to that in piC (Fig. 1010ei). 503 

3.3.2 The respective roles of ARI and ACI effects and linearity 504 

Figure 11 shows the spatial patterns of precipitation response to Asian sulfate AOD 505 

forcing in the ARI-only and ACI-only simulations under the two climate states, as well 506 

as their differences between these states. In the ARI-only simulations, no significant 507 

precipitation responses are evident over India for PRCPTOT and R95p, except for a 508 

localized enhancement over northwestern India (Fig. 11a-b and 11d-e). Differences 509 

between the two climate states are also limited, except for a reductionAlthough the ARI 510 

effect exerts a negligible influence on the Indian summer precipitation, it nonetheless 511 

induces a discernible difference in the response between the two climate states, marked 512 
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by a reduction, especially in R95p over northern India in p1K relative to piC (Fig. 11c 513 

and 11f). 514 

In both climate states, the ACI effect suppresses total and extreme precipitation 515 

over most of India by increasing cloud albedo and lifetime (Fig. 11g-h and 11j-k), which 516 

is consistent with a previous study (Guo et al., 2015). The difference between the two 517 

climate states shows significantly more rainfall over northern India (Fig. 11i), 518 

indicating that tThis suppression caused by the ACI effect is significantly weaker over 519 

northern India in p1K compared to piC (Fig. 11i). This weakened suppression is also 520 

evident in extreme precipitation, where it exhibits an even stronger response than 521 

PRCPTOT (Fig. 11l). Hence, the precipitation response to ACI is significantly 522 

weakened over northern India under a warmer and wetter background climate in 523 

FORTE2.  524 

Figure 12 provides insight into the possible causes of this weakened ACI-induced 525 

suppression. There are maximum centers ofThis may be because abundant increased 526 

moisture andor deep convection over northern India under the p1K state (Fig. 12a-b), 527 

which may enhances collision-coalescence efficiency or convective invigoration, 528 

promoting precipitation and offsetting the suppression (Rosenfeld et al., 2008; Chavez 529 

and Barros, 2023; Zhao et al., 2025). Besides, the surface SW response to Asian sulfate 530 

AOD does not differ significantly between the two climate states (Fig. 12c), indicating 531 

that the weakened precipitation suppression in p1K is not due to a weaker radiative 532 

forcing, but rather to the modulating effect of the warmer and wetter background 533 

climate. 534 

To explore whether the ARI and ACI effects combine linearly, we compare their 535 

sum with the combined simulation under the two background states (Fig. 13). Under 536 

the piC state, this sum exhibits a decrease in precipitation over India and an increase 537 

over northwestern India (Fig. 13a). This spatial pattern resembles that of the combined 538 

simulation (Fig. 13b), and the differences between the sum and the combined 539 

simulation are insignificant (Fig. 13c), suggesting that the ARI and ACI effects combine 540 

approximately linearly in this case. In contrast, under the p1K state, the sum shows an 541 
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increase over northern India and a decrease over central India (Fig. 13d). The combined 542 

simulation shows a decrease over India (Fig. 13e). Consequently, tHere, the differences 543 

relative to the combined simulation reveal a significant decrease over northeastern India 544 

(Fig. 13e), indicating a notable nonlinear interaction between ARI and ACI under this 545 

background state (Fig. 13f). The nonlinearity may arise because the ARI effect induces 546 

surface cooling, which reduces moisture water vapor through weakened evaporation, 547 

and reduces the Indian summer monsoon due to the weakened land–sea thermal contrast. 548 

These drier conditions may, in turn, favor the precipitation suppression by ACI. These 549 

mechanisms remainsremain hypotheses that warrant further exploration. 550 

Consequently, the precipitation difference between the two climate states derived 551 

from the sum of the individual effects (Fig. 13a and 13b) is of opposite sign to the 552 

difference seen in the combined simulation (Fig. 7ba). This disparity indicates the 553 

critical role of the nonlinear interaction between the ARI and ACI effects under the p1K 554 

state, in shaping the net precipitation differences between the two climate states. 555 

4. Discussion 556 

This study underscores the strong dependence of sulfate aerosol–precipitation 557 

relationships over northern India on the background climate state. Across the PDRMIP 558 

models and the FORTE2 simulations, the additional Asian sulfate aerosols generally 559 

suppress both summer mean and extreme precipitation over East and South Asia, 560 

consistent with previous studies (Liu et al., 2009; Guo et al., 2013; Westervelt et al., 561 

2020). Furthermore, the FORTE2 experiments show that, under the same Asian sulfate 562 

AOD forcing, precipitation suppression over northern India is considerably stronger in 563 

the warmer p1K climate than in the piC climate. This finding extends the conventional 564 

view of aerosol–precipitation interactions, which has primarily emphasized the 565 

magnitude and characteristics of aerosol forcing, by demonstrating that the background 566 

climate can substantially modulate the precipitation response. 567 

The stronger precipitation suppression under p1K can be understood from changes 568 

in the background thermodynamic and dynamical state. The warmer p1K climate is 569 

characterized by increased lower-tropospheric stability and a weakened north–south 570 
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temperature gradient over northern India. These changes reduce the compensating 571 

contribution of horizontal thermal advection to the aerosol-induced precipitation 572 

response, allowing the dynamic vertical suppression to exert a stronger control on 573 

precipitation. Thus, the enhanced response under p1K does not simply reflect a stronger 574 

sensitivity to the same aerosol forcing, but rather results from the interaction between 575 

the aerosol-induced circulation response and the background thermodynamic state. This 576 

provides a physical explanation for why identical aerosol forcing can produce 577 

substantially different precipitation responses under contrasting climate states. 578 

The dependence on the background climate state is further reflected in the 579 

interaction between ARI and ACI effects. ACI consistently contributes to precipitation 580 

suppression over India, but its contribution is weaker under the warmer and wetter p1K 581 

climate. More importantly, the combined ARI and ACI responses behave approximately 582 

linear under piC but become nonlinear under p1K. This indicates that the climate-state 583 

dependence cannot be explained simply by a change in the strength of an individual 584 

aerosol process. Instead, the warming alters the interaction between ARI and ACI, such 585 

that their combined effect is no longer adequately represented by the sum of their 586 

individual contributions. The transition from an approximately linear to a nonlinear 587 

ARI–ACI relationship therefore suggests that aerosol–climate interactions may change 588 

qualitatively as the background climate evolves, rather than simply scaling with aerosol 589 

forcing. 590 

The comparison with PDRMIP places the mechanistic interpretation from 591 

FORTE2 in a broader multi-model context. Although the PDRMIP experiments cannot 592 

directly isolate the effect of background warming because they are conducted under a 593 

single climate state, their energy-budget responses support the importance of dynamical 594 

vertical suppression identified in FORTE2. At the same time, differences among the 595 

PDRMIP models in the relative contributions of individual terms indicate that the 596 

detailed attribution of the precipitation response remains model dependent. Such 597 

differences may arise from variations in atmospheric resolution, circulation 598 

characteristics, physical parameterizations, and aerosol process representations. 599 
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Several limitations should be considered. FORTE2 does not include interactive 600 

wet deposition feedbacks, which may somewhat amplify the precipitation response to 601 

aerosols. In addition, the model exhibits a dry bias in climatological summer 602 

precipitation over India. Nevertheless, the consistency of the dominant response and 603 

dynamical mechanism with the PDRMIP models and previous sulfate aerosol 604 

perturbation studies supports the robustness of the major findings. The FORTE2 605 

experiments also provide a useful framework for isolating the influence of background 606 

climate state, which cannot be directly assessed from the single-background-state 607 

PDRMIP experiments. 608 

The stronger aerosol-induced precipitation suppression under the warmer p1K 609 

climate may have implications for precipitation changes associated with the observed 610 

ongoing decline in sulfate aerosol emissions over East Asia (Samset et al., 2019). If the 611 

response to aerosol reduction is approximately symmetric with and opposite to the 612 

response to aerosol addition, a warmer background climate could enhance the 613 

precipitation increase over northern India. However, this reversibility has not been 614 

directly tested in the present study, and this implication should therefore be regarded as 615 

a hypothesis rather than a direct projection. Further experiments with aerosol reduction 616 

and different background warming levels would be valuable for testing this hypothesis 617 

and determining whether the climate-state dependence identified here also applies to 618 

aerosol reductions. 619 

4.5.Conclusion 620 

In this study, we have examined the responses of Asian summer mean and extreme 621 

precipitation to adding the additional Asian sulfate aerosols using both the FORTE2 622 

simulations and PDRMIP multi-model simulations., Using the FORTE2 simulations, 623 

weand further investigated how the precipitation responses differdifferences in 624 

responses between the pre-industrial +1K (p1K) and pre-industrial (piC) climate 625 

conditions and explored the associated physical mechanisms, using both the SyRAP 626 

simulations based on the reduced-complexity climate model FORTE2 and PDRMIP 627 

multi-model simulations. 628 
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T he model evaluation indicates that both the PDRMIP models and FORTE2 629 

reasonably reproduce the observed spatial patterns of precipitation and large-scale 630 

atmospheric circulation. IOur main findings are summarized as follows. 631 

A comparison with the PDRMIP multi-model simulations demonstrates that 632 

FORTE2 reasonably reproduces the response of summer mean and extreme 633 

precipitation over Asia to regional sulfate forcing and its underlying physical processes. 634 

Increased Asian sulfate forcing significantly reduces summer mean and extreme 635 

precipitation  the frequency and intensity of summer extreme precipitation over East 636 

Asia and South Asia, with reductions in the frequency and intensity of. While the spatial 637 

patterns of these changes are consistent with those of mean precipitation, the magnitude 638 

of the response in extreme precipitation, and with extreme precipitation showing a 639 

stronger response than mean precipitation.R95p is considerably larger, suggesting that 640 

extreme precipitation exhibits heightened sensitivity to sulfate forcing relative to mean 641 

precipitation. TEnergy budget analysis reveals that precipitation hese precipitation 642 

reductions over East Asia and South Asia are driven predominantly by changes in DSE 643 

flux divergence (δH), with the dynamic vertical suppressionadvection induced by 644 

aerosol-related surface cooling and the resulting circulation changes term (δHDy_v ) 645 

identified as the leading contributor in both the PDRMIP MMM and FORTE2 646 

simulations. Physically, this reflects anomalous descent associated with surface high-647 

pressure anomalies induced by surface cooling via ARI and ACI effects. FORTE2 is 648 

qualitatively consistent with the PDRMIP models in the major regional response 649 

characteristics and the dominant physical mechanism, supporting the robustness of the 650 

simulated aerosol-precipitation response. Although there is high agreement across the 651 

models, some differences exist, especially for changes in horizontal winds (δHDy_h) and 652 

the transient term (δHtrans) . These differences may be related to the horizontal and 653 

vertical resolutions in the PDRMIP models. 654 

Under the same Asian sulfate AOD forcing, The the precipitation responses to 655 

same Asian sulfate AOD forcing exhibit consistent spatial patterns but divergent 656 

magnitudes between p1K and piC climates, with significantly stronger suppression over 657 
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northern India is significantly stronger under p1K conditions than under piC (14.5% for 658 

PRCPTOT, 20% for R95p). The difference manifests as a pronounced reduction in 659 

intensity (12.1% for R95int) but a negligible reduction in frequency. This enhanced 660 

response over northern Indiadifference stems from a weakened differences in the 661 

dynamic response, specifically the horizontal DSE gradient term (δHTh_h). In SO4_piC, 662 

a stronger north–south temperature gradient due to increased lower-tropospheric 663 

stability  in the p1K stateamplifies δHTh_h  over northern India, which reduces the 664 

counteracting effect of horizontal thermal advection on the vertical dynamical 665 

suppression, thereby allowing the latter to dominate more effectively.thereby partially 666 

offsetting the precipitation reduction. Additionally, the combined  However, under 667 

SO4_p1K, increased lower-tropospheric stability weakens the local meridional 668 

circulation and diminishes this offset, yielding a larger net reduction in precipitation. 669 

The findings further reveal distinct roles of ARI and ACI under the two climate 670 

states. The ARI-only effect negligibly influences Indian summer precipitation, whereas 671 

the ACI-only effect consistently suppresses it. Notably, this ACI-induced suppression 672 

weakens significantly over northern India under the warmer, wetter p1K state relative 673 

to the cooler piC state, likely due to the more abundant moisture or stronger deep 674 

convection in the p1K state. Critically, ARI and ACI responses are approximately linear 675 

under piC but become nonlinear under p1K, indicating that the interaction between 676 

these aerosol processes also depends on the background climate state.these two effects 677 

combine linearly under piC but nonlinearly under p1K, suggesting a change in the ARI-678 

ACI interaction under the background climate. Consequently, the precipitation 679 

difference between the two climate states derived from summing the individual ARI 680 

and ACI effects is of opposite sign to that obtained from the combined ARI and ACI 681 

simulation. 682 

5. Discussion 683 

These results findings suggestindicate that the precipitation response to sulfate 684 

aerosols is influenced not only by the magnitude of aerosol forcing but also by the 685 

background climate state in which the forcing occurs. Whether this climate-state 686 
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dependence is reversible under aerosol reductions remains unresolved and warrants 687 

further investigation using aerosol reduction experiments under different background 688 

warming levels. Further studies using more comprehensive models would also be 689 

valuable for examining whether the climate-state dependence identified here is robust 690 

across different model frameworks.under global warming, the background climate 691 

amplifies suppression of precipitation, including extreme events, by Asian sulfate 692 

aerosols over northern India through its influence on atmospheric stability and 693 

circulation strength. This amplification is independent of changes in the aerosol burden 694 

itself. If this modulating effect also holds for sulfate aerosol reductions and is 695 

approximately linear, northern India is likely to experience more severe extreme heavy 696 

precipitation events in the future. This is because ongoing reductions in sulfate aerosol 697 

emissions from air quality measures, particularly in East Asia, directly enhance 698 

precipitation, and continued global warming both intensifies precipitation directly and 699 

amplifies the precipitation increase driven by aerosol reductions. 700 

This study underscores the strong dependence of aerosol–precipitation 701 

relationships on the background climate. However, FORTE2 is a simplified climate 702 

model, while it includes most of the key processes, certain limitations remain, such as 703 

the lack of wet deposition feedbacks, and biases in simulating the Indian summer 704 

precipitation. The findings reported here should therefore be tested with more 705 

comprehensive models to establish their robustness. 706 
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Table 1. Summary of SyRAP-FORTE2 simulations used in the study 897 

Experiment Name 
Aerosol (aerosol effects 

included) 
GHG 

Baseline piC No aerosol 

Pre-industrial climate 

conditions (280 ppmv, piC) Perturbationa 

SO4_piC Asianb SO4 AOD (ACI+ARI)c 

ARI_piC Asian SO4 AOD (ARI-only) 

ACI_piC Asian SO4 AOD (ACI-only) 

Baseline p1K No aerosol 
Pre-industrial +1K 

climate conditions (500 

ppmv, p1K) 
Perturbation 

SO4_ p1K Asian SO4 AOD (ACI+ARI) 

ARI_ p1K Asian SO4 AOD (ARI-only) 

ACI_ p1K Asian SO4 AOD (ACI-only) 

a. All of the perturbation simulations are forced by observationally constrained 898 

(CAMSRA) repeating monthly sulfate AOD climatologies from 2003-2021 899 

b. 60°-140°E, 0°-53°N 900 

c. ACI: aerosol-cloud interactions; ARI: aerosol-radiation interactions  901 
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Table 2. Details of the five models in PDRMIP 902 

Model 
Resolution 

(lon × lat) 
Level Aerosol setup 

CESM1-CAM5 2.5° × 1.9° 30 levels CMIP5 Emissions (year 2005) 

GISS-E2-R 2.5° × 2° 40 levels AeroCom Phase II concentrations 

HadGEM3 1.875° × 1.25° 85 levels AeroCom Phase II concentrations 

MIROC-SPRINTARS 1.4° × 1.4° 40 levels HTAP2 emissions (year 2010) 

NorESM1 2.5° × 1.9° 26 levels AeroCom Phase II concentrations 

 903 

904 
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 905 

Figure 1. Summer (June-August) sulfate AOD spatial patterns in (a) FORTE2 and (b) 906 

PDRMIP MMM. The white box marks the Asian region (60°-140°E, 0°-53°N), over 907 

which ACI is parameterized for sulfate perturbations in FORTE2. 908 

  909 
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 910 

Figure 2. Comparison of climatological summer (June-August) PRCPTOT (mm), 911 

R95p (mm), R95d (day) and R95int (mm/day) from (a-d) ERA5 (1981–2010), (e-h) the 912 

PDRMIP MMM baseline simulation and (i-l) the FORTE2 p1K baseline simulation. 913 

The numbers in the upper right corner represent the spatial correlation coefficients 914 

between the models and ERA5. 915 

  916 
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 917 

Figure 3. Comparison of climatological summer (a-c) SLP (hPa), 850 hPa horizontal 918 

winds (m s-1) and (d-f) 500 hPa vertical winds (ω) (Pa s-1) from ERA5 (1981–2010), 919 

the PDRMIP MMM baseline simulation and the FORTE2 p1K baseline simulation. 920 

  921 
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922 
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 923 

Figure 4. Spatial patterns of summer PRCPTOT (%), R95p (%), R95d (day) and R95int 924 

(%) responses to Asian SO4 aerosol forcing, for (a-d) MMM, (e-h) SO4_p1K, and (i-l) 925 

SO4_piC. Green Black dots in MMM denote signals where at least three models agree. 926 

Green Black grid lines in (e-l) indicate regions where responses are statistically 927 

significant above the 90% level based on a two-tailed Student’s t test. The red and purple 928 

boxes in (a) delineate East Asia (EAS: 95°E–133°E, 20°N–53°N) and South Asia (SAS: 929 

65°E–95°E, 5°N–30°N), respectively. 930 

  931 
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 932 

Figure 5. Summer area-averaged responses of the atmospheric energy budget terms 933 

over (a) East Asia (EAS) and (b) South Asia (SAS) for the MMM (gray bars), SO4_p1K 934 

(blue bars), and SO4_piC (green bars). The symbols indicate the individual results from 935 

the five PDRMIP models. Note that only three of the five models are used for the 936 

decomposition analysis of δH (Eq. 2) due to data availability. Unit: W m-2 937 

  938 
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 939 

Figure 6. Summer spatial patterns of responses to Asian SO4 aerosol forcing for the 940 

MMM, SO4_p1K, and SO4_piC: (a–c) ω at 500 hPa (Pa s⁻¹), (d–f) sea level pressure 941 

(SLP; hPa) and 850-hPa horizontal wind (m s⁻¹), (g–i) surface temperature (Tₛ; K), (j–942 

l) net surface shortwave radiation (W m⁻²), and (m–n) low cloud cover (%) for 943 

SO4_p1K and SO4_piC only. Green dots in the MMM panels denote signals where at 944 

least three models agree. Green grid lines indicate regions where the responses are 945 

statistically significant above the 90% confidence level based on a two-tailed Student's 946 

t-test. 947 

  948 
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949 

 950 

Figure 7. Spatial patterns of summer differences in responses to Asian SO4 aerosol 951 

forcing between the p1K and piC climate states for (a) PRCPTOT (%), (b) R95p (%), 952 

(c) R95d (day), and (d) R95int (%). For PRCPTOT, R95p, and R95int, the difference is 953 

calculated as the relative response under p1K minus that under piC, i.e., [(SO₄_p1K − 954 

p1K)/p1K − (SO₄_piC − piC)/piC]; for R95d, the difference is the absolute response 955 
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under p1K minus that under piC, i.e., (SO₄_p1K − p1K) − (SO₄_piC − piC). Green 956 

Black grid lines indicate regions where the differences are statistically significant above 957 

the 90% confidence level based on a two‑tailed Student's t‑test. 958 
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 960 

Figure 8. Summer area-averaged responses of PRCPTOT (%), R95p (%), R95d (day), 961 

and R95int (%) over (a) East Asia (EAS) and (b) South Asia (SAS) to Asian SO4 aerosol 962 

forcing, shown for SO4_p1K (blue bars) and SO4_piC (green bars). 963 
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 965 

 966 

Figure 9. (a) Summer area-averaged responses of the atmospheric energy budget terms 967 

over northern India for SO4_p1K (blue bars) and SO4_piC (green bars). (b-c) Summer 968 

spatial patterns of responses in thermodynamic components with changes in horizontal 969 

DSE gradients (δHTh_h ) for (b) SO4_p1K and (c) SO4_piC. The black box in (b) 970 

delineate northern India (65°E–95°E, 20°N–30°N). Units: W m-2 971 
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 974 

Figure 10. Summer spatial patterns of the difference in the responses to Asian SO₄ 975 

aerosol forcing between the p1K and piC climate states, defined as (SO4_p1K-p1K) -976 

( SO4_piC-piC)responses to Asian SO4 aerosol forcing for SO4_p1K, and SO4_piC: (a, 977 

e) Ts (K), (b,f) net surface SW (W m⁻²), (c, g) convective cloud cover (%) ω at 500 hPa 978 

(Pa s⁻¹), and (d, h) ω at 500 hPa (Pa s⁻¹) convective cloud cover (%). (ie) Differences in 979 

lower tropospheric stability (θ850-θsfc, where θ is potential temperature; K) between p1K 980 

and piC (p1K- piC). Green grid lines indicate regions where the responses are 981 

statistically significant above the 90% confidence level based on a two-tailed Student's 982 

t-test. 983 

 984 

  985 
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 986 

987 
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 988 

Figure 11. Spatial patterns of summer responses in (a, b, g, h) PRCPTOT and (d, e, j, 989 

k) R95p (%) to Asian SO₄ aerosol forcing [e.g., (ARI_p1K – p1K)/p1K, expressed as a 990 

percentage], and (c, f, i, l) the difference in these responses between the p1K and piC 991 

climate statesSpatial patterns of summer responses of (a–c) PRCPTOT and (d–f) R95p 992 

(%) for ARI_p1K (a, d), ARI_piC (b, e), and the difference in responses between the 993 

p1K and piC climate states [e.g., (ARI_p1K-p1K)/p1K-(ARI_piC-piC)/piC] (c, f).; (a, 994 

d) ARI_p1K; (b, e) ARI_piC; (c, f) difference between (ARI_p1K-p1K)/p1K and 995 

(ARI_piC-piC)/piC. (g, j) ACI_p1K; (h, k) ACI_piC; (i, l) difference between 996 

(ACI_p1K-p1K)/p1K and (ACI_piC-piC)/piC. and for ACI_p1K (g, j), ACI_piC (h, k), 997 
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and the difference in responses between the present-day and pre-industrial climate 998 

[(ARI_p1K-p1K)/p1K-(ARI_piC-piC)/piC] (i, l). Green Black grid lines indicate 999 

regions where the responses or their differences are statistically significant above the 1000 

90% level based on a two-tailed Student’s t test. 1001 
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 1003 

Figure 12. Spatial patterns of summer differences between p1K and piC (p1K- piC) for 1004 

(a) Convective cloud cover (%) and (b) surface specific humidity (g/kg). (c) Difference 1005 

in the net surface shortwave radiation (SW) response to Asian SO₄ aerosol forcing 1006 

between the two climate states (SO₄_p1K − p1K) − (SO₄_piC − piC) (W/m2). Green 1007 

grid lines indicate regions where the differences are statistically significant above the 1008 

90% confidence level based on a two‑tailed Student's t‑test. 1009 
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1011 

 1012 

Figure 13. Spatial patterns of summer R95p responses to Asian SO₄ aerosol forcing for 1013 

the piC (top) and p1K (bottom) climate states: (a, d) sum of the responses from the 1014 

individual ARI_only and ACI_only simulations, (b, e) response from the combined 1015 

ARI+ACI simulation, and (c, f) difference between the two [(b, e) minus (a, d)], 1016 

quantifying the nonlinearity. Green Black grid lines indicate regions where the 1017 

differences are statistically significant above the 90% confidence level based on a 1018 

two‑tailed Student's t‑test. 1019 
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