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Abstract.

Marine low-level clouds substantially cool the climate and are sensitive to aerosols. Observations suggest strong cooling

from cloud fraction (CF) adjustments, yet global climate models (GCMs) may underestimate this process. We apply explain-

able machine-learning with SHapley Additive exPlanations (SHAP) to the ICOsahedral Nonhydrostatic atmosphere model

coupled with the Hamburg Aerosol Module (ICON-HAM) to quantify CF sensitivity to cloud droplet number concentra-5

tion (Nd). We analyze six experiments combining two cloud cover parameterizations, an RH-only scheme (CC–RH) and a

cloud-water-dependent scheme (CC–RH–LWC), with three prescribed lower bounds for Nd (Nd,min = 10, 40, 100 cm−3).

The lnNd–CF relationships in ICON–HAM are more nonlinear than in satellite observations and exhibit saturation. We quan-

tify sensitivities using piecewise linear regression (PLR) separating low- and high-Nd regimes. Sensitivities are stronger in

the low-Nd regime, while inter-scheme and inter-Nd,min differences are negligible at high Nd. Unexpectedly, CC-RH-LWC10

shows weaker sensitivity than CC-RH at high Nd,min, despite explicit CF–cloud water coupling. We attribute this to a “head-

room effect”: higher Nd,min suppresses autoconversion and enhances liquid water path in both schemes, but CC-RH-LWC

converts this into higher mean CF, limiting headroom for aerosol-induced CF increases. These findings are robust across three

PLR breakpoint strategies. Our results demonstrate that GCM CF responses are state-dependent and strongly influenced by

model configuration choices, which can pre-saturate cloud cover responses and true CF adjustment magnitudes. We suggest15

that model–observation comparisons should account for baseline mean CF to avoid misinterpretation.
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1 Introduction

More than 23 % of the Earth’s ocean surface is covered by marine low-level clouds (MLCs) (Wood, 2012). Due to the small

temperature difference between MLC tops and the ocean surface, their impact on outgoing longwave radiation is limited.20

However, MLCs greatly reflect incoming shortwave radiation and thus exert a strong net cooling effect on the climate system

(Hartmann et al., 1992). Because they are so widespread over the dark ocean surface, MLCs are extremely important for the

Earth’s radiative balance (Wood, 2012; Chen et al., 2014). Anthropogenic aerosols modify the radiative effect of MLCs by

acting as cloud condensation nuclei (CCN), thus influencing the coverage and properties of clouds. Compared to continental

clouds and other marine cloud types, MLCs tend to be particularly responsive to aerosol perturbations (Wood et al., 2015)25

owing to their large areal coverage, the prevalence of relatively optically thin clouds (optical depth <3) (Leahy et al., 2012),

and their development in relatively clean regions with less anthropogenic aerosol influence (Platnick and Twomey, 1994).

Cloud droplet number concentration (Nd) increases with more atmospheric aerosols, leading to smaller cloud droplet effec-

tive radii, assuming a constant liquid water path (LWP), thus leads to brighter clouds and an instantaneous negative top-of-

atmosphere (TOA) radiation change (Twomey effect, (Twomey, 1977)). Subsequently, the reduced collision and coalescence30

efficiency of the smaller-sized droplets delays precipitation and prolongs the lifetime of clouds, ultimately resulting in a greater

cloud fraction (CF) and LWP (Albrecht, 1989). However, particularly in non-precipitating clouds, reducing droplet sizes can

also reduce CF and LWP by enhancing cloud-top entrainment, either via shorter evaporation timescales (Wang et al., 2003;

Small et al., 2009) or via decreased sedimentation, which can retain liquid water in the entrainment zone (Ackerman et al.,

2004; Bretherton et al., 2007). These cloud processes that exert influence independent of surface air temperature changes35

are referred to as cloud adjustments (Boucher et al., 2013; Sherwood et al., 2015), including CF and LWP adjustments. The

instantaneous effect of aerosols on the TOA radiation balance due to changes in Nd, and the subsequent CF and LWP adjust-

ments together are known as effective radiative forcing from aerosol-cloud interactions (ACI), contributing to a large source of

uncertainty in the quantification of climate change (Forster et al., 2021; Watson-Parris and Smith, 2022).

Over the past decade, systematic differences in the magnitude of cloud adjustments have been found between models and40

observations (Gryspeerdt et al., 2020; Quaas et al., 2024). In the most recent two eras of the Coupled Model Intercomparison

Project (CMIP5 and CMIP6) in particular, GCMs consistently show strong cooling driven by the Twomey effect and LWP

adjustments (Smith et al., 2020; Zelinka et al., 2023). By comparision, observational studies generally find a weak or ambiguous

LWP response to aerosol perturbations (Malavelle et al., 2017; Bender et al., 2019; Toll et al., 2019).

For the CF adjustment, observational studies agree on the sign while disagree on the magnitude of the CF sensitivity to45

aerosol (proxies) or resulting negative forcing (Gryspeerdt et al., 2016; Andersen et al., 2017; Fuchs et al., 2018; Rosenfeld

et al., 2019; Wall et al., 2022; Jia et al., 2024). GCMs agree with observational studies in terms of the positive relationship

between cloud cover and aerosols and therefore a negative radiative forcing from the CF adjustment (Zelinka et al., 2014;

Forster et al., 2021), as autoconversion parameterizations in many of these models allow aerosols and thus Nd to suppress

precipitation and thereby prolong cloud lifetime (Bellouin et al., 2020). However, while models agree on the sign of the CF50
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adjustment, they diverge on the magnitude and relative importance of the Twomey effect, the LWP adjustment and the CF

adjustment.

GCMs simulate a minimal or negligible CF contribution relative to the Twomey effect and LWP adjustment (Smith et al.,

2020; Zelinka et al., 2023). Even when diagnosed using a consistent cloud radiative kernel method, multiple CMIP6 models

suggest a CF adjustment being weaker than both the Twomey effect and LWP adjustment (Duran et al., 2025), whereas the same55

framework applied to satellite observations indicates that the CF adjustment outweighs both (Wall et al., 2023). Consistent with

this, a recent model–observation comparison (Wang et al., 2025) showed that multiple GCMs failed to reproduce the strong

aerosol-induced increase in cloud cover associated with the Holuhraun volcanic eruption documented by Chen et al. (2022).

Taken together, the discrepancies in the magnitudes and relative importance of LWP and CF adjustments suggest that LWP

adjustments are likely overestimated and CF adjustments are underestimated in GCMs. In particular, recent observational60

evidence increasingly highlights the CF adjustment as potentially the largest contributor to effective radiative forcing due

to ACI (e.g. Chen et al., 2022; Yuan et al., 2023; Wall et al., 2023; Chen et al., 2024), providing a key motivation for this

present work. Moreover, the CF response to aerosols may saturate under already polluted conditions, further complicating its

quantification. For example, Wang et al. (2024) found over high-latitude oceans that the CF responses saturate once Nd exceeds

around 60 cm−3, suggesting that background cloud conditions influence the CF adjustment.65

The challenge comes from the fact that observational constraints on the CF adjustment often rely on opportunistic experi-

ments, such as ship tracks and volcanic events, which can rule out confounding meteorological covariates. However, ship tracks

are typically subscale for GCMs, while volcanic eruptions can be episodic and often involve uncertain emissions, making the

quantification challenging. Therefore, both approaches may lack global representativeness. The alternative is to use large-scale

satellite studies, which are spatiotemporally representative and good for constraining GCMs, but use different ways of deal-70

ing with meteorological confounders. For example, Gryspeerdt et al. (2016) has attempted to address this confounding issue

through statistical control of confounding variables such as relative humidity (RH), or Andersen et al. (2023) has incorporated

them into a machine-learning (ML) framework using ridge regression.

In a previous study (Jia et al., 2024, hereafter J24), we quantified the CF adjustment as the sensitivity of MLC CF to Nd

using an explainable ML framework trained on Moderate Resolution Imaging Spectroradiometer (MODIS) observations and75

reanalysis data from the European Centre for Medium-Range Weather Forecasts. This eXtreme Gradient Boosting (XGBoost)

and SHapley Additive exPlanation (SHAP) framework demonstrated global positive Nd–CF relationships.

In this study, we extend the explainable ML framework of J24 to Atmospheric Model Intercomparison Project (AMIP) sim-

ulations with the ICOsahedral Nonhydrostatic (ICON) atmosphere model coupled with the Hamburg Aerosol Module (HAM)

(ICON-HAM). The main goals of this study are twofold: (1) to enable a consistent comparison between observation- and80

model-based Nd–CF sensitivities; (2) to investigate how structural model choices shape the simulated CF response. To achieve

this, we conduct six simulations that combine two cloud-cover schemes (CC-RH, dependent only on RH, and CC-RH-LWC,

additionally dependent on cloud water content) with three prescribed lower bounds for cloud droplet number concentration

(Nd,min = 10, 40 and 100 cm−3), examining their joint impact. As in J24, we quantify the sensitivity of MLC CF to log-

transformed Nd (lnNd) using regional XGBoost models with SHAP, extended via a piecewise linear regression (PLR) to85
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accommodate the stronger nonlinear response in ICON-HAM. Guided by these goals, our hypotheses are: (1) the lnNd–CF

relationships diagnosed from ICON-HAM differ quantitatively, or maybe even qualitatively, from the MODIS-based relation-

ships in J24; (2) given the stronger coupling between cloud water content and cloud cover in CC-RH-LWC, we expect this

scheme to exhibit larger lnNd–CF sensitivities than the RH-only scheme with prescribed Nd,min expected to further modulate

these sensitivities differently in each scheme.90

2 Data and Methods

2.1 ICON-HAM experimental setup

2.1.1 ICON-HAM general model description

The host model in this study is the ICON atmospheric model (Giorgetta et al., 2018), coupled with HAM to obtain a global

atmosphere-aerosol model. The overall coupled model configuration largely follows that described in Salzmann et al. (2022),95

although we use a more recently developed ICON version 2.6.4 combined with the same HAM version 2.3 as in their study.

Hereafter, without explicit notation, ICON-HAM refers to ICON2.6.4-HAM2.3. The ICON dynamical core provides a nonhy-

drostatic, compressible atmosphere on an icosahedral grid. HAM simulates aerosol properties such as size distributions and

couples them to clouds and radiation, enabling process-level links between aerosol perturbations and cloud responses. In this

study, the ICON-HAM model uses an R02B04 horizontal grid, corresponding to a grid spacing of approximately 160 km100

between neighbouring grid points, with 47 vertical levels using a hybrid sigma-height coordinate system. A code fix to the

total turbulent energy scheme has been implemented to correct an issue introduced when porting from ECHAM to ICON,

which caused excessive vertical diffusion in earlier model versions (Giorgetta et al., 2022; Franke and Giorgetta, 2024). This

correction ensures a more realistic turbulent contribution to updraft velocity and thus cloud droplet activation.

To explore how CF sensitivity to aerosol perturbations is represented in ICON-HAM, we use Nd as a proxy for cloud-active105

aerosol, consistent with recent satellite-based studies (e.g. Gryspeerdt et al., 2016; Christensen et al., 2020; Chen et al., 2024).

All simulations in this study follow the AMIP protocols, with sea-surface temperatures (SST) and sea ice prescribed from

observations (Taylor et al., 2000). We conduct six simulations that pair two different cloud cover parameterization schemes

with three different prescribed lower bounds for cloud droplet number concentration (Nd,min). The following subsections detail

the specific configurations of these simulations.110

2.1.2 Cloud cover and autoconversion parameterization schemes

A central aspect of this study involves comparing two parameterizations for fractional cloud cover that fundamentally differ in

whether cloud water directly controls cloud cover. Throughout this study, we refer to these schemes as CC-RH, which depends

only on grid-mean RH, and CC-RH-LWC, which additionally depends on the total cloud water content.
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CC-RH follows the implementation in the ECHAM6.3 general circulation model as described by Mauritsen et al. (2019),115

and is also the default configuration in ICON-HAM. In this scheme, CF is diagnosed as a function of grid-mean RH (Sundqvist

et al., 1989):

CF = 1−
√

1− RH−RH0

1−RH0
(1)

where RH0 is a critical threshold RH specified as a function of height, as originally formulated in ECHAM4 (Roeckner et al.,

1996). Clouds begin to form within a grid cell once RH0 is exceeded. Further details on the parameter settings and tuning of120

CC-RH can be found in Mauritsen et al. (2019).

The CC-RH-LWC scheme follows the parameterization proposed by Xu and Randall (1996), previously referred to as

COUPL-CC by Lohmann and Feichter (1997). In this scheme, CF increases with RH and additionally with the cloud wa-

ter content qw (the sum of liquid and ice water mixing ratios, which is predominantly liquid for MLCs) through an exponential

factor:125

CF = RH0.25
[
1− exp

(
−250[(1−RH)qvs]

−0.45
qw

)]
(2)

with qvs being the saturation specific humidity. The key distinction is that CC-RH-LWC explicitly depends on cloud water

content, whereas CC-RH does not. This fundamental difference allows aerosol-induced changes in autoconversion and pre-

cipitation, which affect cloud water and hence LWP, to directly feed back on CF in CC-RH-LWC, a process that is absent in

CC-RH.130

All experiments use the autoconversion parameterization scheme of Khairoutdinov and Kogan (2000), derived from bin-

resolving microphysics in large-eddy simulations (LES) of marine stratocumulus. Although originally developed for LES

applications, it has been adopted in many GCMs. In what follows, this scheme is referred to as KK2000. The KK2000 au-

toconversion rate has a relatively strong inverse dependence on Nd (N−1.79
d ), and it scales with cloud liquid water content,

allowing for interactions with the cloud-cover schemes described above.135

2.1.3 Prescribed Nd,min

It is a common practice in global aerosol-climate models to impose Nd,min throughout the modelled atmosphere at all locations

and altitudes. This constraint is typically imposed to avoid unrealistically low Nd values that may arise from the incomplete

representation of natural background aerosol species that could contribute to CCN and Nd (e.g. nitrate and biological particles)

(Kirkevåg et al., 2008), or from potential underprediction of specific aerosol sources (e.g. fine-mode sea salt) (Wang and140

Penner, 2009).

However, this practice is unphysical and the specific choice of the lower bound value is somewhat arbitrary. Hoose et al.

(2009) systematically investigated the influence of these lower bounds and found that they can suppress the simulated aerosol

indirect effect by up to 80 % by artificially creating more uniform Nd fields. By design, these Nd constraints are triggered
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more frequently where low Nd is more common, even though the observed Nd can drop well below the imposed threshold.145

This reduces the contrast between clean and polluted regimes. Consequently, under pre-industrial emissions the impact of

prescribing Nd,min is comparably large over land and ocean, whereas under present-day emissions, it is most evident over

oceans (Hoose et al., 2009).

Typical values of this lower bound have ranged between 5 and 40 cm−3 across different models (Hoose et al., 2009).

ECHAM4 and ECHAM5 have used a Nd,min value of 40 cm−3 (Lohmann et al., 1999, 2007), and ECHAM6.3–HAM2.3150

added an additional option of 10 cm−3 (Neubauer et al., 2019). In our study, in addition to 10 and 40 cm−3, we also impose a

more stringent Nd,min of 100 cm−3 to further examine how a prescribed minimum Nd interacts with CC-RH and CC-RH-LWC

cloud cover schemes and modulates the CF sensitivity, yielding six experiments in total.

2.1.4 ICON-HAM output data as ML input

In this study, we apply an explainable ML framework similar to that used in J24 (described below in Sect. 2.2), where Nd155

along with large-scale meteorological fields are used to predict CF. The data used as input for the XGBoost models here

are ICON-HAM model outputs. Predictors for the XGBoost models are listed in Table A1. To facilitate direct comparison

with our MODIS-based study J24, we remapped ICON-HAM outputs on the native icosahedral grid to the MODIS 1◦× 1◦

latitude-longitude grid using nearest-neighbour interpolation. The original 47 vertical levels in ICON-HAM’s hybrid sigma-

height coordinate system were interpolated to six desired standard pressure levels (1000, 950, 900, 850, and 700 hPa) using160

conservative remapping. Owing to storage and computational constraints associated with producing global hourly output, the

analysis is restricted to five years of data (2011–2015).

The low-level CF used here to approximate MLCs is diagnosed as the fractional cover of liquid clouds with cloud-top

temperature warmer than 268 K, as viewed from the top of the atmosphere whenever high- and mid-level clouds were absent.

This “unobscured” diagnostic is considered more suitable for analyzing drivers of liquid cloud cover, because the coarser165

resolution of ICON-HAM relative to MODIS increases the likelihood of overlying clouds masking the true extent of the low-

level CF. Unlike our observational study (J24), where Nd was derived specifically for satellite retrievals from cloud droplet

effective radius and cloud optical depth, here we use the model’s instantaneous cloud-top, in-cloud Nd diagnostic. To improve

comparability with J24, we apply analogous filtering criteria here: Low clouds must have a cloud-top temperature warmer than

268 K; cases with a cloud-top in-cloud effective radius smaller than 4 µm or a cloud optical depth smaller than 4 are excluded.170

To characterize the dynamic and thermodynamic state of the atmosphere, the ML framework uses 23 meteorological vari-

ables in addition to lnNd as predictors in the ML model. This selection largely follows J24 except for several adaptations

described below. A full list of predictors is provided in Table A1. We diagnose boundary-layer height (BLH) as the lowest

model level at which the mean RH first drops below 50 %, following a standard LES-based proxy for the stratocumulus top

and inversion height (Bretherton et al., 2013), which effectively captures the sharp transition from the moist boundary layer to175

the dry free troposphere above. This threshold has been used in a recent ICON-based analysis of stratocumulus adjustments

and was shown to align well with the modelled cloud top (Fons et al., 2024). Convective available potential energy (CAPE)

was dropped from the predictor set because it is primarily relevant for deep convective processes rather than for the stratiform
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and shallow cumulus marine boundary-layer clouds that are the focus of this study. Moreover, in addition to RH at 700 and

850 hPa, we include two more lower pressure levels, 900 and 950 hPa, which are considered more relevant for MLCs.180

Unlike J24, we do not standardize the predictor variables in this work. In J24, standardisation placed all predictors on a

common and unitless scale to allow direct comparisons among all predictors with different units. However, our objective here

is to compare the lnNd–CF sensitivity across the six ICON-HAM configurations (two different cloud cover schemes and three

Nd,min values), rather than to rank predictors by relative importance. We hence retain predictors on their native physical scales

to preserve the interpretability of ICON-HAM’s CF responses across six experiments in this study.185

2.2 Explainable Machine Learning framework

2.2.1 Regional tree-based machine-learning models

We adopt the explainable machine learning framework from J24 to quantify the sensitivity of MLC CF to lnNd (proxy for

aerosol) while accounting for meteorological covariability and confounding effects. A tree-based ensemble XGBoost algorithm

(Chen and Guestrin, 2016) is employed due to its ability to capture nonlinear relationships and model feature interactions, while190

achieving high predictive performance with computational efficiency for tabular data. As in J24, an independent XGBoost

model is trained within each 5◦×5◦ geographical window to predict CF, using spatiotemporal samples aggregated from 1◦×1◦

grid cells (remapped from native icosahedral grids) to capture regional characteristics and relationships.

For better comparability with our MODIS-based study (J24), we configure ICON-HAM to output hourly variables, then

match them with MODIS Terra overpass times. The XGBoost models are trained on these outputs from 2011 to 2015 (Sect. 2.1.4.195

Unlike J24, where the train–test split was purely chronological, here we ensure that different climate states are represented in

the training data. To sample distinct ENSO phases, we train the models on a La Niña year (2011), a neutral SST year (2013),

and an El Niño year (2015), consistent with the documented ENSO conditions during these periods (Null, 2025). Model testing

is performed on the intermediate years 2012 and 2014. The spatial patterns of annual SST anomalies relative to the five-year

mean are shown in Fig. S1.200

As in J24, hyperparameters for each regional XGBoost model are tuned via Bayesian optimization with five-fold cross-

validation, and the number of boosting rounds is determined by early stopping to prevent overfitting. In this study, we ex-

pand the hyperparameter tuning to include XGBoost’s complete family of column-wise subsampling hyperparameters col-

sample_bylevel and colsample_bynode in addition to colsample_bytree used in J24. These parameters control the fraction of

features randomly selected at different stages of tree construction (per depth level, per node and per tree, respectively). With205

these subsampling parameters, the XGBoost model tends to spread feature importance more evenly across correlated features.

In this way, we could prevent unphysical overfitting to any single predictor and obtain more robust SHAP attributions that

reflect the collective influence of intercorrelated variables. The XGBoost models from J24 were re-tuned in this study based

on this more comprehensive hyperparameter set. Thus, the MODIS-based results presented here are marginally different from

those reported in J24.210
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2.2.2 Explaining the machine-learning models

The SHAP approach is used to explain the regional XGBoost models. SHAP provides additive, local attributions of each

predictor to the CF prediction (Lundberg et al., 2018, 2020). SHAP decomposes every individual prediction into a base value

and contributions from each feature, allowing the specific influence of lnNd on CF to be isolated while accounting for the

influences of meteorological covariates. The SHAP base value is what the model would predict with no feature information215

(Lundberg and Lee, 2017), typically calculated as the average prediction over the entire training set. Positive (negative) SHAP

values indicate that a predictor raises (lowers) the prediction relative to this baseline. In our framework, the SHAP base value

can be interpreted as the climatological mean CF over the training dataset in a given geographical window, representing the

expected XGBoost prediction given the mean state of meteorology and Nd. Each feature’s SHAP value then quantifies the

magnitude and direction (positive or negative) that the specific feature value contributes to the CF prediction, shifting the final220

prediction away from this mean baseline. By construction, the sum of all SHAP values plus the base value equals the final

prediction of the model, ensuring additivity and consistency.

Following J24, plotting SHAP values of lnNd against its feature values yields a SHAP dependence plot where the slope is

taken as the lnNd–CF sensitivity for a given geographical window. For the ICON-HAM analysis, however, a methodological

adaptation is required: instead of a single linear regression fit, piecewise linear regression (PLR) is applied. This choice is225

motivated by the stronger nonlinear (saturating) behaviour in the ICON-HAM–based lnNd–CF relationships compared with

those in J24. In ICON-HAM, the CF response to lnNd diminishes at higher lnNd even after the logarithmic transformation,

reflecting a saturation effect that largely disappeared after log transformation in J24. The PLR approach retains comparability to

J24’s method while allowing the nonlinearities to be captured. A complete overview of the XGBoost+SHAP global framework

is provided in J24. Further details on the ICON-HAM nonlinearities and rationale for PLR are discussed in Sect. 3.2, and the230

breakpoint selection strategies for data segmentation are detailed in Sect. 2.3 and Appendix B.

2.3 Piecewise linear regression with constraint-aware breakpoints

Here we introduce a constraint-aware breakpoint with fixed interval in logarithmic space, which is the primary strategy used

in our main analysis. Specifically, it is called “constraint-aware” because it defines the breakpoint relative to the prescribed

minimal constraint on cloud droplet number (Nd,min). This strategy sets the fixed interval between Nd,min and the breakpoint235

directly in the predictor space of lnNd:

ln(Nd,bp) = ln(Nd,min) + δ (3)

where Nd,bp denotes the breakpoint and δ represents the logarithmic offset from the imposed lower bound. In linear space this

gives Nd,bp = Nd,min×eδ . In this study, we fix the log-space interval δ = 0.1, so Nd,bp ≈Nd,min×1.105, yielding breakpoints

of approximately 11, 44, and 111 cm−3 for the Nd,min = 10, 40, and 100 cm−3 experiments, respectively. Using a constant240

increment in logarithmic space enforces the same relative (multiplicative) distance from Nd,min across all experiments and
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is consistent with logarithmic scaling of the lnNd predictor. By placing the breakpoints ∼10.5% above the imposed lower

bounds, this approach is designed to effectively capture the transition from a regime controlled by the lower bound, and a

regime free from the lower bound.

This PLR framework is applied to the lnNd SHAP dependence plots for each 5◦× 5◦ geographical window. Data are245

segmented at the identified breakpoint, and separate linear regressions are fitted for the below- and above-breakpoint regimes

to yield slopes βb and βa, respectively. For numerical stability, we require at least 1000 data points in the below-breakpoint

regime and 500 in the above-breakpoint regime for each geographical window. A detailed visual demonstration of this PLR

approach applied to an exemplary geographical window is presented later in Sect. 3.3.1. To assess robustness, we test two

alternative breakpoint strategies: a constraint-aware approach with fixed intervals in linear space, and a statistically optimized250

approach that minimizes fitting error within a constraint-aware search range. These two alternative strategies and their results

are detailed in Appendix B.

3 Results and discussion

3.1 Mean states of marine low clouds in ICON-HAM

Here we present how imposing lower-bound constraints of 10, 40 and 100 cm−3 elicits distinct responses in precipitation,255

liquid water in clouds, and cloud cover across the two cloud cover parameterization schemes (CC-RH and CC-RH-LWC).

Figure 1 presents the global distributions of the mean precipitation rate at the surface (PR), LWP and CF for each 5◦× 5◦

geographical window.

As Nd,min increases, autoconversion is suppressed, leading to a reduction in the large-scale precipitation (Fig. 1a). This

arises because higher Nd,min yields clouds populated by more numerous and smaller droplets, which is less favourable for260

drizzle formation. The KK2000 autoconversion scheme captures this effect through its relatively strong inverse dependence

on Nd (Khairoutdinov and Kogan, 2000). Even the cleanest clouds within each experiment (with Nd at or slightly above

Nd,min) become inefficient in producing rain, allowing more water to accumulate in the clouds and thus resulting in higher

LWP (Fig. 1b). We see that PR decreases from Nd,min = 10 to 40 cm−3 and then levels off, while LWP continues to increase

throughout the entire range. This decoupling occurs because the LWP represents a reservoir of cloud water, whereas PR is a265

flux at the surface. Weakening the internal cloud process of autoconversion directly helps build up the reservoir, but changes

in its level do not necessarily scale with changes in the surface flux. Moreover, PR is balanced by surface evaporation, which

is mainly governed by surface energy budget and hence by surface temperature (Held and Soden, 2006). Since SSTs are

prescribed in our AMIP simulations, oceanic evaporation is relatively constrained, limiting and converging PR changes.

By construction, the two cloud-cover schemes produce contrasting CF responses. In CC-RH-LWC, the explicit dependence270

of CF on cloud water content means the rising LWP at high Nd,min translates directly into a steady increase in CF. Meanwhile,

CC-RH, relying solely on grid-mean RH, shows a decline followed by a plateau that mirrors the PR trend. This behaviour

likely results from higher Nd,min leading to smaller droplets and suppressed precipitation formation. Smaller droplets reduce

sedimentation and also evaporate faster at the cloud top, enhancing cloud-top entrainment. Meanwhile, less drizzle evaporates
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Figure 1. Distributions of 5◦× 5◦ geographical-window-mean precipitation rate (PR; panel a), liquid water path (LWP; panel b) and cloud

fraction (CF; panel c) over the global oceans for marine liquid clouds during 2011–2015. The simulations compare two cloud cover pa-

rameterization schemes (CC-RH and CC-RH-LWC) and three imposed minima of cloud droplet number concentration (Nd,min = 10, 40,

100 cm−3). Each window’s value is the spatiotemporal mean of the aggregated 1◦×1◦ grid cells. The blue boxes and solid lines represent the

results from the CC-RH scheme, while the orange boxes and dashed lines represent the CC-RH-LWC scheme. Each box shows the interquar-

tile range. Whiskers expand the boxes by up to 1.5 interquartile ranges, and individual points are outliers. Median values are represented by

the horizontal lines, while the global area-weighted mean values are represented by circular markers and overlaid lines.

below the cloud and more condensate is retained in the cloud layer, diminishing sub-cloud evaporative moistening. Both act to275

lower grid-mean RH. While similar drying can occur in CC-RH-LWC, it is offset by the LWP-driven CF increase, yielding an

overall rise in cloud cover.

The stronger increase in mean-state CF with the higher artificial Nd floor seen in CC-RH-LWC (relative to CC-RH) is

qualitatively consistent with Lohmann and Feichter (1997). In their study, when aerosol loading increased from preindustrial

(PI) to present-day (PD), the cloud-water-dependent scheme (the same as our CC-RH-LWC) showed a roughly 3 % CF increase280

under elevated aerosol emission levels, compared with only about 1 % in their RH-only scheme (conceptually similar to our

CC-RH). Although their mechanisms differ from ours (emission changes versus prescribed lower bounds), both approaches

show that CC-RH-LWC’s explicit dependence on cloud water content amplifies the CF response when autoconversion is

suppressed by increased Nd and liquid water accumulates. We therefore interpret the divergence between schemes in Fig. 1c

as consistent in sign with Lohmann and Feichter (1997), even though Nd,min experiments are not perfect PI and PD analogues.285

This supports the view that the pronounced CF response in CC-RH-LWC stems from its direct coupling between cloud cover

and liquid water, which becomes particularly evident when autoconversion is weakened due to autoconversion’s dependence

on droplet number, which Nd,min directly affects.

3.2 Observations vs. default ICON-HAM setup using one linear regression

We first compare the CF sensitivity to lnNd globally based on the ICON-HAM default model setup (CC-RH cloud cover290

parameterization with Nd,min = 40 cm−3) to that of the observational results of J24. The sensitivities here are quantified
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Figure 2. Comparison of marine low-cloud fraction (CF) sensitivity to log-transformed cloud-droplet number concentration (lnNd) between

MODIS-based results from J24 (recomputed here with retrained XGBoost models using extended column-wise subsampling hyperparame-

ters; see Sect. 2.2.1) and ICON-HAM simulations using the default CC-RH cloud-cover scheme with Nd,min = 40 cm−3. Panels (a) and (b)

show spatial patterns and zonal means of the observed and modelled lnNd–CF sensitivities, respectively. (c) Distributions of the CF sensi-

tivities; thick black lines denote medians, and black dots show area-weighted global means (values above boxes). (d) ICON-HAM SHAP

dependence plot for lnNd in the exemplary geographical window at 27.5°–32.5°S, 122.5°–127.5°W, whose location is marked by squares in

panels (a) and (b). Grey bars in the background indicate the distribution of lnNd feature values.

following the approach in J24, defined as the slope derived from an ordinary least-squares linear regression of the lnNd SHAP

values against the lnNd feature values for each 5◦× 5◦ geographical window.

MODIS-based results (Fig. 2a) show more spatially heterogeneous CF sensitivities, strongest in the stratus-to-cumulus

transition regions off western coasts and in the Southern Hemispheric midlatitudes. In contrast, ICON-HAM displays more295

widespread and contiguous areas of high lnNd–CF sensitivity, pronounced over nearly all subtropical regions, including stra-

tocumulus regions, trade cumulus regions, and tropical ascending regions (Fig. 2b). Unlike MODIS results, the regions with

the strongest sensitivities in the Pacific and Atlantic Oceans are located more westward, away from the west coasts. Zonal

means show that both ICON-HAM and MODIS exhibit weaker sensitivities near the equator compared to subtropical regions,

likely reflecting the greater dominance of deep convection and strong meteorological variability in the tropics. These dynami-300

cal factors limit the prevalence of stratiform liquid clouds and obscure the signal of aerosol-CF relationships compared to the

extensive subtropical stratocumulus decks. Another major difference appears in the Southern Hemispheric midlatitudes, where

ICON-HAM shows weak sensitivities. The geographic differences in sensitivity patterns suggest that key controlling processes

may differ between observations and ICON-HAM, notably regions where the model frequently computes shallow convection.

For instance, differences in droplet size distributions can alter entrainment-evaporation feedbacks and precipitation efficiency,305

thereby shifting the spatial pattern of the sensitivity.
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The distributions of the CF sensitivity values (Fig. 2c) show that the global weighted mean sensitivities are of similar

magnitude in ICON-HAM (0.137) and MODIS (0.111), with ICON-HAM being somewhat higher and exhibiting greater

variability. Note the value of 0.111 differs slightly from that reported in J24 because XGBoost models were re-tuned using

the more comprehensive hyperparameters in this study (Table A1). The global weighted mean value of ICON-HAM is similar310

to the MODIS-based estimate but higher than the values reported for other GCMs including ECHAM (Wang et al., 2025).

This does not necessarily contradict the broader expectation discussed in the Introduction that models tend to underestimate

aerosol–cloud forcing relative to observation-based constraints, as the sensitivity does not translate directly to radiative forcing.

However, the larger simulated sensitivities motivate further investigation of their origin (e.g. at individual geographical window)

and of potential methodological limitations when applying SHAP with a single linear regression for ICON-HAM.315

In light of this, we examine the relationship between predicted CF and lnNd in the same exemplary geographical window as

in J24 (Fig. 2d). The ICON-HAM relationship is clearly not as linear as the one based on MODIS. The cloud cover saturation

effect, or the dependence of cloud cover sensitivity on background Nd, has already been documented: CF increases quickly

with increasing Nd, but the rate of increase approaches zero after reaching an Nd threshold at approximately 60 cm−3 (e.g.

Hu et al., 2021; Yuan et al., 2023). This effect can be reflected by a sharply decreasing derivative (dCF/dNd in Yuan et al.320

(2023) or dSHAP/dNd in J24) before the saturation threshold and a nearly flattened curve after the threshold is exceeded.

As shown in J24, using MODIS data, this effect only manifests evidently as a nonlinear relationship between the Nd feature

values and their corresponding SHAP values, which becomes much more linear after applying a logarithmic transformation to

Nd. In ICON-HAM data for the same geographical window, the relationship remains strongly nonlinear and the CF saturation

effect persists even after the logarithmic transformation (Fig. 2d). This more nonlinear CF response in ICON-HAM likely325

arises because ICON-HAM’s cloud-cover and microphysics schemes are formulated based on process-level understanding of

the small-scale nonlinearities observed, for example, in field campaigns (Lohmann and Feichter, 1997) and LES constrained

by such field campaigns (Khairoutdinov and Kogan, 2000). At these small scales, cloud systems can shift abruptly once

critical thresholds are crossed, resulting in step-like responses. Since these parameterizations include physical constraints such

as thresholds and saturation limits, the resulting model output retains its inherent nonlinearity, and this signature of its core330

physics persists even after aggregation from 1◦× 1◦ grid cells to 5◦× 5◦ geographical windows.

At larger scales, by contrast, the abrupt CF responses that arise from microphysical thresholds are smoothed out. This occurs

because higher aerosol concentrations delay the breakup of cloud decks, prolonging their lifetime. As winds advect these

systems, the temporal delay in cloud dissipation allows cloud cover to persist over a longer track, which effectively translates

into a spatial extension of cloudiness. Consequently, under spatial aggregation across many sampled cloud scenes, a larger335

fraction of the sampled domain remains cloudy, the spatially aggregated CF response appears gradual and more linear (Goren

et al., 2019, 2022; Rosenfeld et al., 2023). This linearity is precisely the characteristic behaviour observed in large-scale satellite

analyses, including our previous MODIS-based study (J24).

The simple linear regression between SHAP values and feature values of lnNd used in J24 to quantify the lnNd–CF sen-

sitivity is not suitable for ICON-HAM output, where the relationships are strongly nonlinear. To account for these while340

maintaining comparability with J24’s methodology and other linear sensitivity estimates, we apply the PLR approach with a
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breakpoint strategy defined in Sect. 2.3, similar in spirit to the segmented fitting approach applied to the nonlinear Nd –LWP

relationships by Gryspeerdt et al. (2019). This breakpoint strategy ensures a consistent proportional offset from the imposed

lower bounds across all simulations, which is more appropriate given the logarithmic nature of the lnNd predictor. Physically,

this approach is intended to effectively capture the transition from a near-Nd,min (lower-bound-constrained) regime with strong345

CF sensitivity to lnNd to a high Nd regime with a weaker CF response. To illustrate how this strategy operates with PLR based

on SHAP dependence plots, we zoom in on the SHAP dependence for all six simulations in the same exemplary geographical

window as Fig. 2d; the detailed visualization and discussions are provided in Sect. 3.3.1.

To assess the influence of breakpoint selection on our results, we evaluated two additional strategies beyond the default

strategy described above. The first is an alternative constraint-aware approach with a fixed interval on a linear scale of 5 cm−3350

(Appendix B1). The second is a data-driven approach where the breakpoint is statistically optimized within a constrained

search range extending 50 cm−3 above each Nd,min value (Appendix B2). This hybrid design combines statistical data-driven

flexibility with the Nd,min constraints. The full methodology and global results for these alternative strategies are presented in

Appendix B.

3.3 From ICON-HAM physical states to SHAP-detected sensitivity: the headroom mechanism355

3.3.1 Piecewise sensitivity and headroom effect at the exemplary geographical window

Figure 3 illustrates the application of PLR with constraint-aware breakpoints ln(Nd,bp) = ln(Nd,min) + 0.1 at the exemplary

geographical window. The panels confirm the pronounced nonlinearity in the lnNd–CF relationship, which justifies our piece-

wise approach. First, the slopes on either side of the breakpoint (vertical coloured dashed lines) contrast systematically: the

below-breakpoint regime has a stronger sensitivity (βb) than the above-breakpoint regime (βa) across all experiments. The360

summary panels (d) and (h) make the two regimes and the associated saturation effect visually explicit. Second, regime occu-

pancy shifts with Nd,min and gets markedly asymmetric at high Nd,min: At Nd,min = 10 cm−3, samples are split roughly evenly

between the two regimes. However, at 40 and 100 cm−3, the vast majority fall below the breakpoint, with the below-breakpoint

fraction increasing with Nd,min, reflecting that more data are truncated by the higher Nd,min constraints and thus concentrated

near the imposed bounds.365

The below-breakpoint slopes vary systematically with both Nd,min and cloud-cover scheme, whereas the above-breakpoint

slopes remain broadly comparable. At Nd,min = 10 cm−3, CC-RH-LWC shows a larger βb than CC-RH. For CC-RH, βb

increases from 10 to 40 cm−3 and then decreases from 40 to 100 cm−3 with the magnitudes at 40 and 100 cm−3 remaining

comparable. By contrast, βb in CC-RH-LWC declines drastically as Nd,min increases, despite its explicit dependence on cloud

water content. Consequently, βb is weaker in CC-RH-LWC than CC-RH at higher Nd,min. This apparent paradox reflects a370

“headroom effect”, more visible when viewing the pattern against the secondary y-axes for predicted CF (Fig. 3): At high

Nd,min, CC-RH-LWC already attains a substantially elevated baseline CF (given by the SHAP base values indicated by the

horizontal black solid lines). Therefore, CF predictions approach the physical ceiling of 1.0, and the marginal sensitivity to
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Figure 3. SHAP dependence plots for log-transformed cloud droplet number concentration (lnNd) at the exemplary geographical window

(27.5°-32.5°S, 122.5°-127.5°W) for six ICON-HAM simulations. Top row (a–d): the CC-RH scheme; bottom row (e–h): the CC-RH-LWC

scheme. Columns correspond to Nd,min values of 10, 40 and 100 cm−3 (left to right). In panels (a–c) and (e–g), the x-axis shows feature

values of lnNd, and the primary y-axis shows SHAP values for lnNd. The secondary y-axis (right) shows XGBoost-predicted CF (SHAP

values + SHAP base value). Horizontal solid black lines indicate zero SHAP contribution on the primary axis and the baseline CF prediction

on the secondary axis; the horizontal dashed line marks CF = 1.0. To quantify lnNd–CF sensitivity, piecewise linear regression (PLR) is

applied with a single breakpoint at ln(Nd,bp) = ln(Nd,min)+ 0.1. Solid and dashed regression lines show the fitted slopes below (βb) and

above (βa) the breakpoint, respectively. Vertical dashed lines indicate breakpoint locations. Percentage values in the legend report the fraction

of samples in each regime. Panels (d) and (h) summarize the CC-RH and CC-RH-LWC results, respectively, using generalized additive model

fits with 95 % prediction intervals. Colours match corresponding scatter plots.

further lnNd increases diminish due to saturation. In contrast, CC-RH maintains lower baseline CF values, preserving a greater

dynamic range for lnNd to influence CF.375

This SHAP-based piecewise approach effectively captures an intrinsic ICON-HAM behaviour in the lnNd–CF relationships:

a transition from a steeper, Nd,min-constrained regime to a flatter, far-from-Nd,min regime. Although the interval between the

breakpoint and Nd,min is fixed in log space across all experiments, the fraction of data points in the first regime increases with

Nd,min, consistent with stronger truncation and tighter constraint near the higher imposed lower bounds. A clear headroom

trend emerges: the baseline CF is higher in CC-RH-LWC and increases further with Nd,min, leaving less room for additional380

CF gains and thus dampening the sensitivity.

3.3.2 Global patterns of SHAP base values and mean absolute SHAP of lnNd

Section 3.1 showed that imposing higher Nd,min values suppresses autoconversion and drizzle, leading to reduced PR and

enhanced LWP in both cloud-cover schemes. In CC-RH-LWC, where CF depends explicitly on cloud water, higher LWP

directly translates into higher CF, resulting in a mean state characterized by more extensive cloud decks. Conversely, CC-RH,385
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which depends solely on RH, shows little change or even a decline in CF, likely driven by reduced grid-mean RH associated

with enhanced cloud-top entrainment and weaker sub-cloud evaporative moistening. As a result, at Nd,min = 40 and 100 cm−3,

the two schemes produce markedly different baseline CF states, consistent with the behaviour reported by Lohmann and

Feichter (1997). In the following, we examine how these mean-state differences are reflected in the SHAP base values and

mean absolute SHAP values of lnNd, which together describe the baseline cloud state and the overall contribution strength of390

aerosol variability within the SHAP framework.

Figure 4 zooms out from the exemplary window to place this behaviour in a global context. Figure 4a presents the global

distribution of SHAP base values. Defined as the average of all XGBoost predictions over the training set, the SHAP base

value corresponds directly to the local climatological mean-state CF. Indeed, their global distributions resemble the contrasting

behaviours of CC-RH and CC-RH-LWC observed in Fig. 1c. In other words, variations in SHAP base values across experiments395

primarily indicate the physical shifts in the simulated CF mean state attributed to the influence of Nd,min on autoconversion

and drizzle.

Panel (b) shows the global distribution of the mean absolute SHAP value for lnNd, which is a measure of its feature

importance or average marginal contribution. At 10 cm−3, lnNd shows greater feature importance in CC-RH-LWC than in CC-

RH, reflecting CC-RH-LWC’s direct CF-LWC coupling, which enables Nd-induced liquid water changes to immediately affect400

cloud cover. At Nd,min = 40 and 100 cm−3, the opposite holds: CC-RH has a larger lnNd contribution, since there is limited

headroom for lnNd variability to drive further CF increases in CC-RH-LWC, constraining the marginal lnNd contributions.

This global behaviour mirrors the headroom effect identified at the exemplary window in Sect. 3.3.1.

In summary, the influence of the differing treatment of liquid-water dependence is twofold both locally and globally: First,

it alters the physical mean-state CF (the SHAP base value), and second, this baseline difference makes the system “headroom-405

mediated” by limiting the room for lnNd to contribute to CF increases. This twofold effect is also the key to explaining the

resulting sensitivity patterns.

3.3.3 Global distribution of lnNd–CF sensitivity

Having established how elevated SHAP base values (baseline CF) constrain the feature importance of lnNd within the SHAP

framework, we now examine how this mechanism manifests itself in the global distribution of lnNd–CF sensitivities derived410

from the PLR with the same breakpoint strategy (Sect. 2.3). The PLR slopes represent the directional sensitivity of CF to

lnNd. Accordingly, lower mean absolute SHAP values, which indicate weaker marginal contributions, naturally correspond

to flatter PLR slopes since the individual SHAP values entering the regression are smaller in magnitude. This leads to flatter

SHAP dependence plots when lnNd has limited capacity to contribute to CF predictions. Figure 5 summarizes the resulting

global distributions of PLR-derived lnNd –CF sensitivities for the below- and above-breakpoint regimes. Consistently, the415

global distribution of the mean absolute SHAP values for lnNd (Figs. 4b) resembles that of the below-breakpoint sensitivities

(Fig. 5a).

Across all experiments, the below-breakpoint sensitivities are systematically larger than the above-breakpoint ones, typically

by about an order of magnitude (note the different y-axis ranges in Fig. 5a and b). The below-breakpoint regime reveals the
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Figure 4. Global distributions of per-5◦× 5◦-window (a) SHAP base values for the prediction of CF and (b) mean absolute SHAP value of

lnNd (feature importance) for global marine liquid clouds during 2011–2015, including six experiments (two cloud-cover schemes: CC–RH

and CC–RH–LWC; three imposed Nd lower bounds, Nd,min = 10,40,100 cm−3). Box plots show the interquartile range (IQR), whiskers

extend to 1.5×IQR, circles denote outliers, and horizontal lines indicate medians. Global area-weighted means are shown as circular markers

connected by lines, with the corresponding values annotated above each panel.

clearest inter-scheme contrasts and directly reflects the headroom mechanism described above. At Nd,min = 10 cm−3, CC-RH-420

LWC shows stronger sensitivities than CC-RH (global area-weighted means of approximately 1.092 and 0.424, respectively).

In line with Fig. 4, at this low Nd,min, both schemes have similar baseline CF (and hence similar headroom), allowing CC-

RH-LWC’s explicit dependence on cloud liquid water to be fully expressed as both stronger feature importance and stronger

derived CF sensitivity.

However, as Nd,min increases to 40 and 100 cm−3, the pattern reverses. The global weighted means for CC-RH (approxi-425

mately 1.135 and 1.011, respectively) exceed those of CC-RH-LWC (0.633 and 0.209, respectively). This systematic weaken-

ing in CC-RH-LWC aligns precisely with the SHAP diagnostics in Fig.4: the liquid-water-dependent scheme’s high baseline

CF (SHAP base values exceeding 0.85 at Nd,min = 100cm−3) leaves minimal dynamic range for lnNd to act, thereby muting

the marginal contribution captured by SHAP and leading to weaker PLR-derived sensitivities. Conversely, CC-RH maintains

lower baseline CFs, preserving a larger dynamic range for lnNd to act, enabling stronger detected sensitivities.430

Above the breakpoint, sensitivities are roughly an order of magnitude weaker than below it, and are centred near zero for

both schemes (Fig. 5b). This attenuation mirrors the flatter upper segments of the SHAP dependence plots after saturation.

In this regime, sensitivities remain relatively stable across Nd,min values (0.036–0.054 per unit lnNd), and inter-scheme dif-

ferences are minimal. This suggests that once lnNd values are high and less influenced by the imposed lower bounds, both

parameterizations respond similarly weak to aerosol variability.435

Taken together with Sect. 3.3.2, the counterintuitive finding of weaker lnNd–CF sensitivities in CC-RH-LWC at high Nd,min

does not indicate that its explicit CF–LWC coupling is ineffective. Instead, it demonstrates that the liquid-water dependence

raises baseline CF and accelerates saturation, thereby diminishing the marginal contribution of lnNd and the sensitivity de-
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tected by SHAP. This reflects a fundamental distinction between physical responsiveness and methodological detectability. In

this sense, the global sensitivity patterns are “headroom-mediated”, providing a coherent bridge from ICON-HAM’s physical440

representation of cloud cover to the explainable-ML diagnostics.

A direct comparison with the MODIS-based results from J24 highlights the structural differences between observation-

and model-based sensitivities. The global area-weighted mean sensitivity from J24, derived from a single linear regression, is

approximately 0.111 (Fig. 2c). This value lies between our two PLR regimes: substantially smaller than the below-breakpoint

means (0.209 to 1.135) but larger than the above-breakpoint means (0.036 to 0.054). This intermediate value falls between the445

two regimes and can be effectively interpreted as an aggregated response. However, the distinct segmentation and spread in

ICON-HAM sensitivities indicate that the simulated sensitivity estimates are tricky and also dictated by model configuration

and methodological choices, complicating direct model-observation comparisons and aerosol-cloud forcing estimates.

3.3.4 Robustness of findings and physical plausibility of breakpoints

To ensure our main findings are not an artefact of our primary breakpoint definition ln(Nd,bp) = ln(Nd,min) + 0.1, we tested450

additional strategies: an alternative constraint-aware strategy with a fixed interval in linear space (Nd,min + 5 cm−3, Sect.B1),

and a statistically optimized constraint-aware approach that determines breakpoints by minimizing the overall fitting error

within a search range constrained by Nd,min (Sect.B2). Despite differences in their underlying rationale and implementation,

all three strategies yield qualitatively consistent results. First, the lnNd–CF sensitivity in CC-RH-LWC is stronger at Nd,min

= 10 cm−3 but becomes weaker than in CC-RH at 40 and 100 cm−3. Second, inter-scheme differences are dominated by the455

below-breakpoint regime. This confirms the headroom mechanism independently of the specific breakpoint definition.

Beyond methodological consistency, the robustness of our findings is further supported by the physical plausibility of the

breakpoint locations themselves. Independent observational studies of MLCs, using opportunistic experiments (ship tracks and

volcanic eruptions) and large-scale satellite data (Hu et al., 2021; Yuan et al., 2023; Wang et al., 2024; Jia et al., 2024), have

repeatedly identified a saturation threshold for CF responses to Nd at roughly 50–60 cm−3. In addition, stratocumulus clouds460

are also known to transition from closed to open cells at a similar Nd threshold (Rosenfeld et al., 2023). In ICON-HAM, the

breakpoint locations depend on the imposed Nd,min by design. For the default Nd,min of 40 cm−3, however, they consistently

fall close to the observational threshold range across three independently derived breakpoint strategies. The two constraint-

aware strategies (Sect. 2.3 and B1) yield breakpoints of approximately 44 cm−3 and 45 cm−3, respectively. Notably, the

statistically optimized strategy (Sect. B2) independently finds a global area-weighted mean breakpoint value of about 48 cm−3465

for CC-RH and 56 cm−3 for CC-RH-LWC (Fig. B4), closely matching the observed saturation threshold of ∼50–60 cm−3).

By contrast, the Nd,min = 10 cm−3 and 100 cm−3 experiments produce different breakpoint locations. The agreement for

Nd,min = 40 cm−3 therefore suggests that this lower bound choice places the model’s emergent onset of the CF saturation at a

more physically plausible Nd level than the more extreme Nd,min settings.

Overall, the consistency of the breakpoint values among the three breakpoint-selection strategies, combined with agreement470

between the resulting breakpoints and the known range of the physical saturation thresholds in the Nd,min = 40 cm−3 simula-

tions, confirms the robustness of our SHAP-based PLR approach and validates the underlying nonlinearity. This shows that the
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Figure 5. Global distributions of the cloud fraction sensitivity to log-transformed cloud droplet number concentration (lnNd) for global

marine liquid clouds during 2011–2015, for six experiments (two cloud cover parameterization schemes: CC-RH and CC-RH-LWC; three

imposed Nd lower bounds Nd,min = 10, 40 and 100 cm−3). Sensitivities are computed within each 5◦×5◦ oceanic window using a piecewise

linear regression between lnNd feature values and lnNd SHAP values, with a single breakpoint ln(Nd,bp) = ln(Nd,min)+ 0.1. (a) below-

breakpoint sensitivities; (b) above-breakpoint sensitivities; Box plots display the interquartile range (IQR), whiskers extend to 1.5 × IQR,

and circles denote outliers; medians are horizontal lines. Area-weighted means are shown as circular markers with connecting lines, and

the floating values above each panel denote the corresponding area-weighted mean sensitivities. Note that the y-axis ranges differ between

panels.

PLR approach is not merely an ad hoc curve-fitting choice but effectively captures the model’s physical transition from a highly

sensitive, aerosol-limited regime to a saturated regime. Moreover, the consistent breakpoint range reinforces that our central

findings—the headroom-mediated sensitivity patterns and the counterintuitive CC-RH > CC-RH-LWC sensitivity contrast at475

high Nd,min—are robust and reflect genuine ICON-HAM’s simulated physics.

3.4 Implications for the forcing estimate

3.4.1 For the bottom-up approach (GCM PI–PD paired simulations)

Our findings reveal a potential challenge in quantifying the radiative forcing from the CF adjustment, as the detected sensitivity

is highly state-dependent. Our findings have different implications for different methods to estimate forcing: the bottom-up480

approach (GCM PI–PD paired simulations) and the top-down approach (observational sensitivity-based).

GCMs typically estimate effective radiative forcing due to ACI using a bottom-up method by running paired PI and PD

simulations and taking their difference in the net radiation at the TOA (Ghan, 2013; Boucher et al., 2013; Smith et al., 2020),

without relying on an explicit sensitivity value. Instead, the aerosol-cloud forcing emerges from the full nonlinear response

across the PI–PD aerosol contrast. Our analysis, in contrast, focuses on the local PD-state lnNd–CF sensitivity across six ICON-485

HAM experiments. These PD-state slopes are therefore not a direct measure of CF-adjustment forcing, but they describe how
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efficiently additional Nd changes can still modify CF once the system has already reached its PD baseline. Here, we discuss

how our findings from these different ICON-HAM configurations potentially affect aerosol forcing estimates.

As systematically investigated by Hoose et al. (2009), imposing Nd,min unphysically alters both the PI and PD states,

creating artificially polluted PI conditions over both land and ocean and artificially polluted PD conditions over oceans. This490

makes the contrast between PI and PD collapse and strongly damps the total aerosol indirect effects. Our experiments add

a previously undocumented, complementary dimension to this result by introducing the CC-RH-LWC scheme. When this

scheme is combined with high Nd,min, suppressed autoconversion raises LWP and thereby elevates baseline CF in both PI

and PD equilibrium states. Under naturally pristine PI conditions, this combination can already pre-saturates clouds. In the

PD state, anthropogenic aerosols increases cannot further increase CF because clouds already operate near the CF ≈ 1 ceiling.495

In addition to the Nd,min-alone effect (reduced PI–PD Nd contrast) on the total forcing owing to ACI identified by Hoose

et al. (2009), this bilateral saturation through the headroom effect compresses the PI–PD ∆CF and physically suppresses the

CF-adjustment component of the forcing. For the CC-RH scheme, which lacks the direct LWC-CF link, baseline CF does not

saturate to the same extent (Fig. 1c), so the forcing is mainly altered by Nd,min alone as in Hoose et al. (2009).

On the other hand, our study also adds a new angle to Lohmann and Feichter (1997). Their work compared an LWC-500

dependent and an RH-only cloud-cover scheme (referred to as COUPL-CC and COUPL, respectively) and their resulting PI–

PD changes in CF and the total aerosol indirect effect, but without imposing Nd,min. Nd,min was only introduced in ECHAM4

later by Lohmann et al. (1999). Without Nd,min, there is no associated increase in baseline CF and thus PI clouds are not pre-

saturated. Consequently, there is sufficient headroom and anthropogenic aerosols can increase CF without being immediately

constrained by the CF ceiling in either COUPL or COUPL-CC. Therefore, the stronger dependence on cloud water in COUPL-505

CC produces larger CF increases and a more negative total indirect effect than the RH-only COUPL scheme. This behaviour

is qualitatively consistent with our ICON-HAM experiments at a low Nd,min of 10 cm−3, where CC-RH-LWC shows a larger

marginal contribution of lnNd (Fig. 4b) and a stronger lnNd–CF PD-state sensitivity (Fig. 5a) than CC-RH. In both studies, a

cloud-water–dependent scheme responds more strongly than an RH-only scheme when Nd,min is effectively low. However, at

higher Nd,min, the ordering reverses (i.e. CC-RH becomes stronger) due to the headroom effect. Extrapolating this behaviour to510

the Lohmann and Feichter (1997) framework, one would expect that imposing a high Nd,min in their COUPL versus COUPL-

CC comparison would reduce the PI–PD CF increase in both schemes and thereby shrink the difference in total aerosol indirect

effect between them. A complete reversal in the forcing order, analogous to the reversal seen in our lnNd–CF sensitivities

at high Nd,min, seems less likely. Lohmann and Feichter (1997) quantified the ACI forcing from PI to PD including non-CF

components, whereas the headroom effect identified here acts specifically on the CF-adjustment component and is inferred515

from PD-state sensitivity variability rather than from an explicit PI–PD forcing calculation.

Overall, if CC-RH-LWC is used, this strong reduction in the CF-adjustment forcing is already operative at Nd,min = 40 cm−3,

which is the default value in the ECHAM and ICON model families. Although we do not perform explicit PI–PD runs or

compute the radiative forcing from CF adjustments, it is reasonable to expect that the combination of a CC-RH-LWC–type

parameterization with high Nd,min would weaken the CF-adjustment contribution to effective radiative forcing from ACI in520

a bottom-up setup, especially over clean oceanic regions. This tendency would further widen the gap between model-based
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estimates that attribute only a minor role to CF adjustment (e.g. Smith et al., 2020; Zelinka et al., 2023) and observation-based

studies that identify CF adjustment as a primary component (e.g. Chen et al., 2022; Wall et al., 2023; Yuan et al., 2023). These

implications remain qualitative, as they are inferred from PD-state sensitivities rather than aerosol forcing diagnostics; a natural

next step is to repeat our ICON-HAM experiments for paired PI–PD simulations and explicitly diagnose the CF-adjustment525

contribution to the aerosol-cloud forcing to test this hypothesis.

3.4.2 For the top-down approach (observational sensitivity-based)

In contrast to the bottom-up PI–PD approach, observational studies often follow a top-down strategy, in which CF-adjustment

forcing is inferred from an explicit sensitivity value. These strategies vary: some exploit localized perturbations to isolate

aerosol effects by deriving Nd–CF sensitivities from contrasts between relatively clean background conditions and nearby530

polluted perturbations (e.g. ship tracks or volcanic events) and directly calculate the radiative effect of the associated CF ad-

justments (e.g. Chen et al., 2022; Yuan et al., 2023), while others diagnose aerosol–CF sensitivities from statistical relationships

across PD variability and apply cloud radiative kernels to the derived cloud-property changes (e.g. Wall et al., 2023). In all of

these frameworks, the inferred sensitivity in the sampled cloud regimes is central, as it links observed variability to radiative

forcing.535

Our results highlight that such sensitivities are strongly state-dependent. In ICON-HAM, the headroom effect appears most

clearly when high Nd,min is combined with CC-RH-LWC, which pushes baseline CF close to its saturation limit and suppresses

the PD-state lnNd–CF sensitivity. Part of this pre-saturation is clearly structural to climate models, arising from the imposed

Nd,min and the chosen cloud-cover formulation. In the real atmosphere, there is neither Nd,min nor a prescribed scheme,

but there is still physical saturation of CF in regimes with high LWP or RH. Any observationally derived Nd–CF slope will540

therefore reflect the headroom available in the sampled clouds: sensitivities diagnosed in already cloudy, high-LWP regimes

will tend to be weaker than those in thinner, less saturated regimes. This aligns with previous findings that Nd–CF sensitivities

are strongest near the edges of the stratocumulus field and in stratocumulus-to-cumulus transition regions, rather than within

the overcast decks (Gryspeerdt et al., 2016; Jia et al., 2024).

This state-dependence has implications for interpreting observational constraints on CF-adjustment forcing. Most recent545

observation-based estimates (e.g. Chen et al., 2022; Wall et al., 2023; Yuan et al., 2023; Chen et al., 2024) use natural ex-

periments or from PD aerosol–cloud relationships, which do not require assuming a single fixed Nd –CF sensitivity that can

be applied to infer changes from PI to PD. However, the underlying Nd–CF relationships in these studies are still diagnosed

from specific cloud regimes in the current climate, where baseline CF varies and thus the remaining potential for CF to in-

crease differs. Consequently, the inferred sensitivities are conditional on the mean state and may not be directly transferable550

to a PI–PD forcing context, since sensitivities in already-cloudy, low-headroom regimes could underestimate the potential re-

sponse in cleaner, less saturated conditions (representative of PI). A more complete understanding of the CF adjustment to the

aerosol forcing would therefore benefit from explicitly conditioning sensitivities on baseline cloud state (e.g. CF, LWP, and

precipitation regime) as a complement to regime-aggregated estimates. This is particularly relevant given the likely reduction

in MLC cover in a warming world (Myers et al., 2021; Forster et al., 2021; Bock and Lauer, 2024), which would increase the555
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available headroom and thus potentially enhance the CF sensitivity. This would facilitate more consistent comparisons between

model-based and observational estimates by accounting for how the available headroom for CF increases varies systematically

across different cloud states.

4 Conclusions

This study extends the explainable ML framework from our previous observational study (J24) to the ICON-HAM atmosphere-560

aerosol model. Our primary goals were to compare MODIS- and ICON-HAM-based lnNd–CF sensitivities in MLCs, and to

understand how the cloud-cover schemes and Nd,min jointly shape the simulated CF response. To achieve this, we conducted

six experiments, which are combined with two cloud-cover schemes, one dependent solely on relative humidity (CC-RH) and

one additionally dependent on cloud water content (CC-RH-LWC), and three different Nd,min = 10, 40, and 100 cm−3. The

findings of our study are summarized as follows:565

1. Mean-state response to Nd,min and cloud-cover schemes: Higher Nd,min suppresses autoconversion and drizzle, and

builds up liquid water in both schemes. The CC-RH-LWC scheme translates this LWP increase directly into elevated CF

due to its explicit cloud-water dependence, whereas CC-RH, lacking this direct link, shows a weaker or even declining

CF response. At Nd,min = 40 and 100 cm−3, this creates markedly different mean background cloud conditions between

the schemes.570

2. ICON-HAM simulates a non-linearity in the lnNd–CF relationship: The ICON-HAM lnNd–CF relationship is strongly

non-linear and shows a clear saturation effect that persists even after log-transformation. This contrasts with the observation-

based relationship, which has been shown to be linear in logarithmic space. The difference likely reflects ICON-HAM’s

process-level parameterizations that retain small-scale saturation effects from field campaigns or LES studies, whereas

satellite observations at larger scales show smoother responses due to spatial averaging.575

3. Headroom-mediated lnNd–CF sensitivity: The mean-state physics in point 1 sets the baseline CF in ICON-HAM. The

SHAP approach reveals that high SHAP base values (baseline CF) limit the marginal contribution of lnNd (Fig. 4),

leading to weaker detected sensitivity (Fig. 5), despite the direct physical coupling between CF and cloud water, creating

a headroom effect. At Nd,min = 10 cm−3, CC-RH-LWC is more sensitive to lnNd due to its direct dependence on LWC.

This pattern reverses at Nd,min = 40 and 100 cm−3, as high Nd,min together with CC-RH-LWC leaves little headroom,580

while CC-RH preserves a lower baseline CF and thus more room for lnNd-driven changes.

4. Methodological extension and breakpoint robustness: Three breakpoint strategies consistently separate a steep low-Nd

regime and a flatter high-Nd regime, and the contrasting patterns are qualitatively consistent across all experiments.

For ICON-HAM’s default Nd,min = 40 cm−3, the statistically optimized breakpoints converge at approximately 50–

60 cm−3, consistent with observed Nd–CF saturation thresholds, supporting the robustness of our framework. More585

importantly, this suggests that the default Nd,min setup provides a physically consistent representation of the transition

into the saturation regime.
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5. Implications for CF adjustment forcing and model–observation comparisons: For GCMs using bottom-up PI–PD meth-

ods, high Nd,min values combined with LWC-dependent cloud-cover schemes can pre-saturate both PI and PD cloud

fields, damping CF adjustment forcing even when the underlying model physics is strong. In top-down, observation-590

based approaches, any diagnosed Nd–CF sensitivity is inherently state-dependent and reflects the available headroom in

the sampled cloud regimes. This implies that robust CF adjustment constraints should explore the option to condition

sensitivities on baseline cloud state (e.g. CF, LWP, and precipitation regime), rather than treating the Nd–CF sensitivity

as a single, regime-independent quantity.

Code availability. Code is available from the corresponding author upon reasonable request.595

Data availability. All model output analyzed in this study was generated using ICON-HAM version 2.6.4. Due to the large data volume,

the model output is not publicly archived but is available from the corresponding author upon reasonable request. The MODIS satellite

observations and reanalysis data used for comparison in Fig. 2a and Fig. S2a were obtained from the sources described in Jia et al. (2024).

Appendix A: Predictor variables

Appendix B: Piecewise SHAP sensitivity with two alternative breakpoint strategies600

B1 Constraint-aware breakpoint with fixed interval in linear space

To assess how the choice of breakpoints influences our results, we introduce two additional breakpoint strategies. The first one

is likewise constraint-aware, as the breakpoint is defined relative to Nd,min. However, the interval is specified in linear rather

than logarithmic space:

ln(Nd,bp) = ln(Nd,min + ∆Nd) (B1)605

where Nd,bp denotes the breakpoint and ∆Nd represents the offset in linear space (in cm−3) from the imposed lower bound.

For this test, we set ∆Nd = 5 cm−3, yielding breakpoints of 15, 45 and 105 cm−3 for Nd,min = 10, 40, and 100 cm−3,

respectively.

On the logarithmic scale, the interval between Nd,min and the breakpoint equals ln(1 + ∆Nd
Nd,min

), which shrinks as Nd,min

increases. The log-space interval width is ln(1.5), ln(1.125), ln(1.05) for Nd,min = 10, 40 and 100 cm−3, respectively. Thus,610

as Nd,min increases, the prescribed truncation becomes tighter and causes more data points to pile up near Nd,min. This

already increases the y-axis (SHAP value) spread within a narrow x-axis range. The shrinking intervals further compress the

near-Nd,min regime on the x-axis while the associated SHAP response variability on the y-axis remains comparatively strong,

leading to an inflated βb at higher Nd,min values.

22

https://doi.org/10.5194/egusphere-2026-569
Preprint. Discussion started: 20 February 2026
c© Author(s) 2026. CC BY 4.0 License.



Table A1. Overview of the predictors from ICON-HAM. Numeric subscripts denote pressure levels or altitudes.

Predictor variable Short name Unit

Relative humidity RH700, RH850, RH900, RH950 %

Specific humidity SH700, SH850 kg kg−1

Air temperature t700, t850 K

Vertical velocity ω700, ω850 Pa s−1

Zonal (eastward) wind u700, u850 ms−1

Meridional (northward) wind v700, v850 ms−1

Eastward and northward wind component at 10 m u10, v10 ms−1

Boundary-layer height (proxy) BLH m

Sea surface temperature SST K

Vertically integrated water vapour VIWV kg m−2

Large-scale precipitation flux (water) PR kg m−2 s−1

Sensible heat flux SHF W m−2

Latent heat flux LHF W m−2

Estimated inversion strength (calculated) EIS K

Natural logarithm of cloud droplet number concentration lnNd dimensionless (Nd in cm−3)

This inflated βb is visible both in Figs. B1 and B2 for the CC-RH parameterization as Nd,min increases. It does not occur for615

CC-RH-LWC because the compression effect is outweighed by the headroom limitation. Despite these quantitative differences

in the slopes, the main qualitative conclusions remain robust: First, below-breakpoint lnNd–CF sensitivities are larger than

those above the breakpoint regime, and inter-experiment contrasts are only evident in the below-breakpoint regime. Second, at

Nd,min = 10 cm−3, CC-RH-LWC has stronger sensitivities owing to its direct dependence on cloud water content; at Nd,min

= 40 and 100 cm−3, CC-RH shows stronger sensitivities because of the headroom effect arising from CC-RH-LWC’s elevated620

baseline CF and a CF = 1.0 cap. Choosing this breakpoint strategy primarily affects the trend of sensitivity with increasing

Nd,min within each cloud-cover regime. The extent to which this x-range compression influences the results depends on its

relative strength versus the headroom effect.

B2 Statistically optimized constraint-aware breakpoint

To further evaluate the robustness of our results, we apply a statistically optimized strategy. This data-driven approach deter-625

mines breakpoints by optimizing their locations that minimize the overall sum of squared errors of the two-segment PLR fit, but

constrains the search range to [ln(Nd,min), ln(Nd,min + 50)]. This hybrid design is therefore constraint-aware while allowing

the data to determine the exact split location.
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Figure B1. As in Fig. 3, but the breakpoint for the piecewise linear regression is defined as ln(Nd,bp) = ln(Nd,min +5).

Figure B2. Similar to Fig. 5, except the breakpoint for the piecewise linear regression is defined as ln(Nd,bp) = ln(Nd,min +5).

To ensure statistical robustness, this hybrid strategy enforces per-regime sample minima of 1000 data points below the

breakpoint and 500 above. These thresholds serve two purposes: first, a pre-fit feasibility check verifies whether any breakpoint630

within the bounded range can satisfy both minima at the same time, triggering the fallback if no feasible split exists; second, a

post-fit validation checks the actual final regime sizes, setting slopes to NaN if either regime is insufficient. Additionally, we set

a fit quality screen accepting the piecewise fit only if R2 ≥ 0.70 and root mean square error (RMSE) improves by at least 5 %

compared to a single linear regression. If either the quality criteria fail, or no feasible split exists within the bounded range, we

fall back to ln(Nd,bp) = ln(Nd,min) + 0.1. Per-regime sample minima are enforced at the slope-estimation stage; if only one635

regime lacks sufficient samples, that slope is set to NaN (no fallback), whereas a complete failure (both slopes invalid) triggers
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Figure B3. Similar to Fig. 3, except the breakpoints for the piecewise linear regression are statistically optimized.

the fallback. Finally, we apply an interquartile-range-based outlier filter (with a multiplier of 2.0) and a slope-consistency check

to remove unphysical or outlying slope estimates.

This hybrid strategy yields Fig. B3 and Fig. B4. Again, both from the exemplary geographical window perspective and

the global perspective, the key pattern persists. Particularly in the below-breakpoint regime, CC-RH-LWC shows stronger640

sensitivity at Nd,min = 10 cm−3 through its cloud water dependence, while CC-RH is stronger at 40 and 100 cm−3 due to

headroom constraints in CC-RH-LWC. Overall, the inter-Nd,min and inter-scheme contrasts obtained with this data-driven

strategy (Fig. B4) are consistent with those from the constraint-aware approach with a fixed interval in log space (Fig. 5),

confirming that our key scientific conclusions are robust to the choice of breakpoint strategy.

We additionally show the global distribution of the optimized breakpoints using this strategy in Fig. B4c. For the default645

ICON-HAM configuration (Nd,min = 40 cm−3), the area-weighted global mean optimized breakpoints are approximately 48

and 56 cm−3 on a linear scale for CC-RH and CC-RH-LWC, respectively. These values align closely with the observational sat-

uration thresholds discussed in the main text (Sect. 3.3.4), providing physical support for the statistically optimized breakpoint

locations (see main text for detailed discussion).
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Figure B4. As in Fig. 5, but the breakpoints for the piecewise linear regression are statistically optimized (their distributions are shown in

panel (c)).
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