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Abstract 25 
 
A major source of uncertainty in the effective radiative forcing due to aerosol-cloud interactions (ERFaci) arises from 

parameters that represent unresolved sub-grid-scale processes in global climate models. Constraining parametric uncertainty 

requires identifying parameters driving the largest spread in ERFaci. Perturbed parameter ensembles (PPE) address this by 

systematically varying parameters related to aerosol emission, cloud microphysics, and associated small-scale processes. We 30 
perform a global sensitivity analysis of the three components of ERFaci from liquid clouds, the Twomey effect, liquid water 

path (LWP), and cloud fraction (CF) adjustments, in a PPE with and without constraining to the model's present-day base 

state. Under uniform prior sampling, autoconversion parameters unrelated to aerosol activation counterintuitively dominate 

the Twomey effect. Only after constraining the base state are aerosol emission and activation parameters revealed as 

controlling parameters for the Twomey effect. The apparent control of autoconversion parameters over the Twomey effect 35 
arises because these parameters control the cloud base state, which in turn affects the strength of the Twomey effect. The 

dominant parameters for LWP and CF adjustments remain related to autoconversion before and after the constraint. 

Constraining to the base state is therefore essential to inferring the correct parameters and processes controlling the model’s 

climate responses. 

1 Introduction 40 

Anthropogenic perturbations in greenhouse gases and aerosols emission have generally warmed the climate. Work to 

constrain the estimate of effective radiative forcing is primarily focused on reducing the large uncertainty associated 

with aerosols interactions with clouds which partially offsets this warming (Watson-Parris 2025, Bellouin et al., 2020). Part 

of this large uncertainty in forcing comes from representation of aerosol-cloud interactions (ACI) in global climate models 

(GCMs) (Seinfeld et al., 2016; Mülmenstädt and Feingold 2018). GCMs utilize parameterizations to represent processes 45 
related to ACI including aerosol emission, cloud microphysics, radiation, and convection. These small-scale processes are 

not resolved due to the typical model grid size resolution of 1° longitude × 1° latitude and are represented using 

parameterizations derived from a combination of theory, higher resolution models and observations. Thus, these 

simplifications introduce uncertainties over and above the inherent structural uncertainties of the model (Regayre et al., 

2018, Morrison et al., 2020).  50 
 

The radiative effects of ACI arise from two components, an instantaneous cloud brightening (Twomey) radiative forcing and 

secondary adjustments that can either amplify or offset this initial forcing (Twomey, 1977). The Twomey effect occurs when 

anthropogenic aerosols serve as additional cloud condensation nuclei (CCN) and, assuming a fixed amount of cloud liquid 

water, leads to an increase in the cloud droplet number concentration (CDNC), reducing the effective radius of the cloud 55 
droplets (re). This increases the reflected shortwave radiation of the cloud and causes a cooling effect. Macrophysically, this 
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increase in CDNC can either lead to negative or positive adjustment to forcing. These adjustments can manifest as a change 

in the liquid water path (LWP) or cloud fraction (CF).  Precipitation suppression is one pathway where the smaller droplets 

lead to an increase in the cloud’s LWP and lifetime, causing a more negative ERFaci (cooling) (Albrecht, 1989; J. Quaas 

2009).  However, under different conditions, smaller cloud droplets can lead to enhanced above cloud evaporative cooling 60 
and an enhanced entrainment of dry air at cloud tops causing a decrease in LWP and cloud lifetime and leading to a less 

negative ERFaci (warming) (Ackerman et al., 2004; Bretherton et al., 2007; J. Quaas 2009; Chen et al. 2014). These 

competing adjustments make the net ERFaci highly uncertain.  

 

Studies that aim to understand ACI in GCMs increasingly use a perturbed parameter ensemble (PPE) to understand these 65 
competing effects and their relative contributions (Lee et al., 2011, 2013; Eidhammer et al., 2024; Gettelman et al., 2024; 

Song et al., 2024; Mikkelsen et al., 2025; Yang et al., 2025; Bhatti et al., 2026). In PPEs, parameters related to ACIs are 

varied throughout a large ensemble to produce a wide range of aerosol forcing estimates. Output from PPEs is used to 

explore parametric uncertainty, constrain aerosol forcing, and further understand key processes related to ACI in GCMs. 

Elsaesser et al. (2025) develop a calibrated physics ensemble (CPE) for the NASA Model-E and found that parameter-output 70 
relationships differ when parameter values are constrained by observations compared to the initial ensemble. In particular, 

they found that some cloud parameters that appeared unimportant in their initial PPE became important once calibrated to 

observations, while other parameters showed reduced influence. It is important to note that this is not only because the 

relative importance of key parameters are reduced, but also because of the non-linearities in the cloud system where 

parameter importances can vary across regions of parameter space. Given the non-linearities described above, such state 75 
dependence in the parameter sensitivities should also be present in aerosol processes related to ACI, but we are not aware of 

any previous studies that have explicitly quantified this.  

 

Our study uses a new PPE of the Community Atmosphere Model, version 6 (CAM6; Duran et al 2025a), which includes 

output for the Duran et al., (2025b) MODIS cloud radiative kernel method to decompose short wave (SW) ERFaci from 80 
liquid-topped clouds into the Twomey effect, LWP and CF adjustments. We investigate the parameter sensitivities of the 

three components of SW ERFaci while accounting for the model’s present-day (PD) cloud base state for liquid clouds. To do 

so, we restrict our analysis to parameter combinations that produce a climate defined by global mean LWP, ice water path 

(IWP), top of atmosphere (TOA) net SW flux, and the liquid CF of the CAM6 ensemble member with default parameter 

values (“control” ensemble member). We argue that accounting for the PD model base state is essential when exploring 85 
parametric uncertainty in a GCM. As we show in the following, allowing unrealistic cloud properties can distort the 

assessment of parameter sensitivity, leading to incorrect conclusions about parameter importance. 
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2 Results 

Figure 1 shows a global sensitivity analysis (Pianosi and Wagener, 2015) for each of the components of SW ERFaci from 

liquid clouds contributed by the global mean climatological Twomey effect, LWP adjustment and CF adjustment. A high 90 
sensitivity index indicates a parameter whose variation produces large changes in the output distribution. The Twomey effect 

exhibits a strong dependence on the model base state, with the dominant parameters differ markedly between the prior 

(uniform sampling) and posterior distributions. Under prior sampling, the most influential parameter is in the autoconversion 

scheme and represents the exponent on the cloud water mass mixing ratio (micro_mg_autocon_lwp_exp; Khairoutdinov and 

Kogan, 2000; KK2000). Variations in this parameter greatly impact the amount of cooling from the Twomey effect. The 95 
second most influential parameter is the scaling of aerosol activation to cloud droplet number (microp_aero_npccn_scale), 

followed by the size threshold for ice-to-snow conversion (micro_mg_dcs).  Other parameters that exhibit influence on the 

Twomey effect are related to the warm rain process (micro_mg_autcon_nd_exp, micro_mg_accre_enhan_fact) and sea salt 

emissions (seasalt_emis_scale).  

The posterior distribution is formed by retaining only parameter combinations from the prior that reproduce the PD global 100 
mean base state of the default model simulation. Global mean LWP, IWP, liquid CF, and TOA net SW flux were selected as 

constraints to represent the model's base state. Once constrained to the base state, the dominant parameters for the Twomey 

effect change, the most dominant parameter in the prior (micro_mg_autocon_lwp_exp) massively decreases in importance 

and the most sensitive parameters emerge as related to emission and activation of aerosols. These parameters include 

seasalt_emis_scale, microp_aero_npccn_scale, as well as the parameter controlling the scaling of sub grid cell velocity for 105 
liquid activation of aerosols (microp_aero_wsub_scale).The dominant parameters for both the LWP and the CF adjustment 

do not change when we constrain to the base state, both parameters are exponents in the KK2000 autoconversion 

parameterization (micro_mg_autcon_nd_exp, micro_mg_autcon_lwp_exp) and remain the most important for both 

adjustments.  

 110 
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Figure 1. Histograms of parameter sensitivity indices for the liquid cloud decomposed SW ERFaci forcing. Light blue represents 115 
the sensitivity of each parameter when sampling from the uniform prior distribution. Dark blue represents the sensitivity of each 
parameter when sampling from the posterior distribution that represents the model base state. Only the 9 most influential 
parameters are shown.  
 

Figure 2 shows which parameters are most important locally for the Twomey effect. The Twomey effect is strongest in areas 120 
of high pollution such as Southeast Asia, and Eastern North America, but is also important in stratocumulus regions such as 

the Southeast Pacific and Southeast Atlantic. Prior inputs show both dominant parameters to be members of the autoconversion 

scheme for warm rain and snow. The posterior distribution reveals the parametric sensitivity of the Twomey effect when the 

base state is fixed. The dominant parameters show a clear regime-like geographic structure. Over land and in regions of high 

pollution, the dominant parameter is microp_aero_wsub_scale. Increasing this parameter activates a greater fraction of 125 
available aerosols as CCN by increasing updraft speeds, which produces more numerous but smaller cloud droplets, amplifying 

the Twomey effect. In coastal regions, microp_aero_npccn_scale is dominant. In the central North Pacific seasalt_emis_scale 

emerges as the most dominant parameter, highlighting the importance of natural emissions in remote environments. 

Micro_mg_autcon_lwp_exp remains dominant over the Southeast Pacific, where lower anthropogenic aerosol loading reduces 

sensitivity to activation processes, leaving the background cloud liquid water state as the primary control on the Twomey 130 
effect.  These regional contrasts distinguish updraft-limited polluted regimes, where aerosol activation is the limiting factor, 
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from aerosol-limited pristine regimes, where the background cloud state and natural emissions govern susceptibility to aerosol 

perturbations. 
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Figure 2. Parameter sensitivity of the climatological mean liquid cloud Twomey effect resolved spatially. (a) The Twomey effect (W 
m⁻²) for the base state default ensemble member. (b, c) The dominant parameter at each grid cell under the prior and posterior input 
distributions, respectively. The dominant parameter is identified as the one with the highest sensitivity index at each grid cell. In b 
and c only grid cells where the local Twomey effect magnitude exceeds 1.5 times the global median Twomey effect forcing are shown; 140 
all other regions are masked in grey.  

3 Discussion 

Our analysis uncovers the parameter sensitivities for the Twomey effect and macrophysical cloud adjustments for liquid clouds 

in CAM6. The Twomey effect exhibits the greatest dependence on base cloud state, as the most dominant parameter 

micro_mg_autcon_lwp_exp, decreases in sensitivity by 77% when the base state is constrained. For the Twomey effect, 145 
parameters related to aerosol emission and updraft activation are shown to be the most important when constrained to a realistic 

state of the model. Micro_mg_autcon_lwp_exp, which controls the condensate retention capacity of the clouds, is a false 

positive as it largely controls the background cloud state and adjustment behaviour. There is robust evidence that the present-

day cloud base state can be a key determinant of the total ERFaci (Douglas and L’Ecuyer 2019, Mülmenstädt et al., 2020, Wall 

et al., 2022, Song et al., 2024). Uniform sampling obscures the true sensitivity of the processes of interest by instead capturing 150 
sensitivity to the climate state and permits sampling of unrealistic climate scenarios. As an extreme example, in an environment 

with no clouds, increasing aerosol emission and activation would not lead to any cloud brightening via the Twomey effect. 

Our analysis also shows that accounting for ice water path is important for understanding liquid cloud behavior in models: 

without controlling for IWP, the parameter that governs the ice-to-snow conversion process (microp_mg_dcs) appeared to be 

the most important parameter for the Twomey effect, likely because ice clouds can obscure low-level liquid clouds. Through 155 
fixing PD IWP, microp_mg_dcs becomes much less important for determining the liquid Twomey effect. Regionally, our 

analysis of the Twomey effect shows liquid activation of cloud droplets to be important near and on land and sources of 

pollution. The dominant parameters for the global mean cloud adjustments remain the same after constraining to the model 

base state, both of which appear as exponents in the autoconversion parameterization. Our results are similar to those of 

Gettelman et al. (2024), who also analyse a CAM6 perturbed parameter ensemble and use linear regression to identify 160 
important parameters related to ACI and find parameters in the cloud microphysics scheme, 

including micro_mg_autocon_lwp_exp to be important. Additionally, Mikkelsen et al. (2025) found that the posterior 

distributions of both micro_mg_autocon_lwp_exp, and micro_mg_autocon_nd_exp were constrained relative to a uniform 

prior when comparing to observations based off precipitation, liquid water path, and CDNC. Though a difference in posterior 

in comparison to a uniform prior distribution does not correspond to parameter sensitivity, it does show that these two 165 
parameters produce a variety of climates throughout the sampling space. The autoconversion parameterization controls the 

rain-rate in warm clouds. Altering the rain rate of clouds, is a proven mechanism for LWP and cloud fraction adjustments 

(Albrecht, 1989). Our analysis cements the notion that aerosol emission and activation parameters control the Twomey effect, 
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while the autoconversion parameters play a key role in how the liquid water in the cloud evolves after CDNC has been 

modified.   170 

We also performed further analysis constraining a posterior distribution using PD satellite observations (see supplement). 

This included global mean net SW TOA flux, outgoing long-wave radiation (OLR), SW cloud radiative effect (CRE), and 

LWP from CERES EBAF satellite observations, (Elsaesser et al., 2025, Loeb et al., 2018, 2020). We found that these 

variables alone do not constrain micro_mg_dcs for the Twomey effect, likely due to the omission of IWP. It was found that 

microp_aero_npccn_scale was the second most dominant parameter for the liquid Twomey effect after micro_mg_dcs, with 175 
the other dominant parameters both exponents in the autoconversion equation. For the cloud adjustments, the two most 

dominant parameters remained the autoconversion exponents. Thus, constraining to the observed climate state, rather than 

the model base state, does not qualitatively affect the results and continues to display the importance of activation-related 

parameters for the Twomey effect, and the autoconversion parameters for the liquid cloud adjustments.  

 180 
4 Conclusion 

PPE studies are important for understanding the effective radiative forcing of aerosol cloud interactions and quantifying the 

uncertainties in their representations in GCMs. Our analysis demonstrates that accounting for the PD model base state is 

essential when interpreting PPE output. Allowing unrealistic cloud properties can distort the assessment of parameter 

importance and lead to incorrect conclusions about process sensitivity. By constraining to the base state, the parameter 185 
dependence in our PPE changed substantially. Under uniform prior sampling, autoconversion parameterizations for liquid 

and ice clouds appeared to drive the liquid cloud Twomey effect. After applying constraints on the base state, parameters 

related to aerosols and activation become the primary controls on the Twomey effect. In contrast, the dominant parameters 

for the LWP and CF adjustments, the exponents in the autoconversion parameterization, remain consistent before and after 

rejection sampling, indicating that these adjustments are less sensitive to the model's base state. Spatially, parameter 190 
sensitivities for the Twomey effect show a regime-dependent structure where aerosol emission and activation parameters 

dominate over polluted land regions and background cloud water content controls the response in pristine regions. We also 

find that controlling for IWP is critical for isolating liquid cloud behavior, as ice clouds can obscure the sensitivity of liquid 

cloud processes. We note that these results are specific to CAM6 and uncertainties are introduced in the emulators used as 

well as the choice of constraining variables; while we selected global mean LWP, IWP, TOA net SW flux, and liquid CF to 195 
represent a coherent PD cloud state, other constraints or mean climates could alter parameter importance. Despite these 

limitations, this analysis outlines a computationally inexpensive, model-agnostic method that can be easily adopted across all 

PPE output to produce more physically meaningful parameter sensitivities. Further research should address the local 

distribution of cloud regimes created by parameter dominance maps to understand how different regions respond to aerosol 

across the globe.  200 
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Appendix A: Methods 

A.1 PPE 

Our analysis uses data from a PPE using CAM6 outlined in Duran et al., (2025a). The ensemble consists of 162 atmosphere-

only simulations, where 19 aerosol and microphysics parameters are simultaneously varied using a Latin hypercube 

sampling technique (Eidhammer et al., 2024). Varied parameters and their respective ranges can be found in Table B1. 1 of 205 
the 162 members retains the CAM6 default parameter values: this simulation represents the base state of the model.  For 

each ensemble member, pairs of simulations were run to represent pre-industrial (PI) and present-day (PD) climates where 

only the aerosol precursors and emissions are changed. PI aerosol emissions represent emissions from the year 1850 (Hoesly 

et al., 2018), while PD aerosol emissions are chosen to be a climatological average over the 2006–2014 period. Sea surface 

temperature and sea ice cover are prescribed to climatological averages over 2005–2015. Horizontal winds are nudged above 210 
the boundary layer to Modern-Era Retrospective analysis for Research Applications, Version 2 (MERRA2; Koster et al,. 

2015) reanalysis fields from 2010-2011. Each ensemble member outputs joint histograms of re and LWP for liquid-topped 

clouds, which serve as input to the ERFaci decomposition described in Section A.2 

 

A.2 MODIS Cloud Radiative Kernel Decomposition  215 
The SW ERFaci is decomposed into contributions from the Twomey effect, LWP adjustments, and CF adjustments 

following the method outlined in Duran et al. (2025b). This method combines the MODIS satellite instrument simulator 

component with a shortwave cloud radiative kernel to decompose the SW ERFaci from liquid clouds. Joint-histograms of re 

and liquid water path for liquid-topped clouds are partitioned by the MODIS satellite instrument simulator component. The 

RRTMG radiative transfer model (Clough et al., 2005) is used to compute the SW cloud radiative kernels. Each kernel 220 
represents the sensitivity of SW radiative flux at the TOA given by a unit increase in liquid CF for each joint-histogram bin. 

The SW cloud radiative kernel is linearly interpolated into latitude-longitude space to decompose the SW radiative flux 

anomaly at the top of the atmosphere induced by changes in liquid-topped clouds into contributions from changes in re, 

LWP, and CF. More detailed information about the method can be found in Duran et al. (2025b). 

 225 
 

A.3 Emulation and Sensitivity Analysis 

To constrain the parameter space to match the PD model base state, Gaussian Process (GP) emulators were built using the 

ESEm package (Watson-Parris et al., 2021). Output from the PPE was used as the training and testing data for each PD 

global mean base state variable, as well as for the global mean and local liquid cloud Twomey effect and the global mean of 230 
each macrophysical adjustment diagnosed from the MODIS CRK method. GP emulators can capture complex non-linear 

relationships between the parameters and the selected output and were selected by systematically choosing the best kernel 

and noise combination via R2 score. Using each emulator for the predictor variables, LWP, IWP, MODIS liquid CF, and 
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TOA net SW flux over 1e9 samples were drawn from the uniform prior parameter space. A rejection sampling technique was 

then applied to create a posterior cumulative distribution function for each input parameter (Eidhammer et al., 2024). The 235 
posterior distribution was formed by retaining samples in the prior input space that matched the global mean model base 

state across all four PD variables. Applying the posterior distribution to the emulators for the Twomey Effect, LWP and CF 

adjustments we were able to run a global sensitivity analysis using the PAWN method (Pianosi and Wagener, 2015, Herman 

and Usher 2017, Iwanaga et al., 2022). PAWN is a distribution-based global sensitivity analysis method that measures the 

influence of input parameters by quantifying changes in the output cumulative distribution function. PAWN produces 240 
sensitivity indices that rank parameters according to their influence on the full output distribution. Unlike linear regression, 

which assumes a linear relationship between inputs and outs, PAWN can learn nonlinear responses within the model. This 

results in indices that quantify the influence of each parameter within the physically constrained posterior parameter space. 

The same sensitivity analysis was also applied to the full prior distribution to allow direct comparison of parameter 

importance before and after the base state constraint. 245 
 
B.1 Parameter Key 

 
TABLE B1. A description of the parameters perturbed in the PPE and their ranges. 

Parameter Description Default Min Max Units 
micro_mg_accre_enhan_fact Accretion enhancing factor 1 0.1 10 – 

micro_mg_autocon_fact Autoconversion factor 0.01 5e-3 0.2 – 

micro_mg_autocon_lwp_exp KK2000 LWP exponent 2.47 1.8 3.6 – 

micro_mg_autocon_nd_exp KK2000 autoconversion factor -1.1 -2.5 0 – 

micro_mg_berg_eff_factor Bergeron efficiency factor 1 0.1 1 – 

micro_mg_dcs Autoconversion size threshold ice-snow 5e-4 5e-5 1e-3 m 

micro_mg_effi_factor Scale effective radius for optics calculation 1 0.1 2 – 

micro_mg_homog_size Homogeneous freezing ice particle size 2.5e-5 1e-5 2e-4 m 

micro_mg_iaccr_factor Scaling ice/snow accretion 1 0.2 1 – 

micro_mg_max_nicons Max ice number concentration 1e8 1e5 1e10 # kg-1 

micro_mg_vtrmi_factor Ice fall speed scaling 1 0.2 5 m s-1 

seasalt_emis_scale Sea salt emission scaling factor 1 0.5 2.5 – 

microp_aero_npccn_scale Scale activated liquid number 1 0.33 3 – 

microp_aero_wsub_min Min sub grid velocity for liquid activation 0.2 0 0.5 m s-1 

microp_aero_wsubi_min Min sub grid velocity for ice activation 1e-3 0 0.2 m s-1 

microp_aero_wsub_scale Sub grid cell velocity for liquid activation scaling 1 0.1 5 – 

microp_aero_wsubi_scale Sub grid cell velocity for ice activation scaling 1 0.1 5 – 

dust_emis_fact Dust emissions scaling factor 0.7 0.1 1.2 – 

sol_facti_cloud_borne In-cloud scavenging of cloud-borne modal aerosols 1 0.5 1 – 
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