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Abstract Understanding the complex relationship between aerosols and clouds is crucial for accurately
estimating anthropogenic aerosol radiative forcing and its impact on weather and climate. However, quantifying
the relationship between cloud droplet number concentration (CDNC) and cloud condensation nuclei (CCN)
concentration remains challenging due to extensive heterogeneities in cloud properties, processes occurring
during cloud lifecycle, and observational uncertainties. This study integrates satellite observations with a global
climate model and employs advanced statistical techniques to improve estimates of cloud droplet susceptibility
to aerosol perturbations, particularly focusing on the CCN-CDNC slope. A key challenge in determining this
relationship is that CDNC is influenced by factors beyond CCN alone, such as atmospheric dynamics and cloud
microphysics. These additional factors introduce variability that complicates direct correlation between CCN
and CDNC, making it difficult to ascertain their true relationship. In addition, traditional methods like Ordinary
Least Squares regression can produce biased slope estimates due to uncertainties in both CCN and CDNC
measurements. When applied to CCN-CDNC data, advanced curve fitting methods, such as bivariate least
squares, often yield slopes exceeding 1, deviating from expected physical behavior. Our machine learning
analysis identifies updraft velocity, among other key predictors, as a major factor leading to this larger-than-one
slope between CCN and CDNC. To address this, we utilized Elastic Net Regression to isolate the effect of
changes in CCN concentration on CDNC. This method refines the slope estimates by accounting for factors
affecting CDNC, resulting in a slope that better captures the susceptibility of CDNC to CCN changes.

Plain Language Summary Clouds form when tiny atmospheric particles, that is, aerosols, take up
water vapor and form cloud droplets. An accurate understanding of how many droplets form from a given
number of aerosol particles is essential to better predict how emissions of aerosols affect clouds and
consequently weather and climate. However, estimation of this relationship is often challenging because
multiple processes affect the formation of cloud droplets making it difficult to isolate the effect of aerosols on
cloud droplets. In this study, we used statistical techniques and machine learning to improve our understanding
of how the number of aerosol particles and number of cloud droplets are related. We found that traditional
methods struggled to capture this relationship, leading to large uncertainties in our understanding of interactions
between aerosols and clouds. By applying machine learning techniques, we identified key factors affecting
cloud formation and refined our estimates of how aerosols influence clouds. This improved understanding
matches what we, based on theory, expect to see in the atmosphere. Overall, this study advances our
understanding of aerosols and clouds, which is essential for making more accurate weather and climate
predictions.

1. Introduction

Aerosol-cloud interactions play a crucial role in Earth's climate system, significantly influencing a range of at-
mospheric processes and climate dynamics (Bellouin et al., 2019). Aerosols, particularly cloud condensation
nuclei (CCN), are essential for cloud formation, influencing cloud droplet number concentration (CDNC),
radiative forcing, precipitation patterns, and atmospheric dynamics (Seinfeld & Pandis, 2016; Stier et al., 2024;
Wang, Li, et al., 2024; Wang et al., 2023). Therefore, understanding the relationship between CCN and CDNC is
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essential for elucidating the mechanisms affecting aerosol-cloud interactions and their broader implications for
climate processes (Jia & Quaas, 2023; Wang, Jia, et al., 2024). The susceptibility of cloud droplets to changes in
aerosol concentrations, as reflected in the CCN-CDNC relationship, holds immense significance. This suscep-
tibility is a fundamental aspect of aerosol-cloud interactions, influencing cloud properties and processes (Wang,
Li, et al., 2024). Moreover, it remains a key source of uncertainty in estimates of effective radiative forcing due to
aerosol-cloud interactions (Quaas et al., 2009). Despite the significance of this relationship, accurately quanti-
fying the effect of changes in CCN concentration on CDNC remains challenging, given the complex interplay of
multiple atmospheric processes and retrieval uncertainties associated with remote sensing observations of rele-
vant aerosol and cloud properties (Arola et al., 2022; Gryspeerdt et al., 2023; Kokkola et al., 2025; Quaas
et al., 2009).

One notable inherent problem is that analyses using satellite retrievals to estimate CCN-CDNC relationships are
typically limited to cloud top measurements of CDNC, while the CCN values used represent atmospheric column-
integrated burdens of cloud-free pixels next to the actual cloud fields. In reality, CCN affects CDNC at the cloud
base, where the cloud droplets are formed. While the assumptions used to extract meaningful CCN-CDNC re-
lationships usually hold for warm clouds in maritime conditions (Grosvenor et al., 2018), it is to be expected that
this also introduces uncertainties into the analysis. With the help of computer models, such assumptions can be
tested and the skill of different regression techniques to account for different kinds of uncertainties can be
assessed.

Ordinary Least Squares (OLS) regression is one of the widely used methods to estimate the susceptibility of cloud
droplets to aerosol perturbations (Bai et al., 2018; Hasekamp et al., 2019; McComiskey & Feingold, 2008; McCoy
etal.,2017; S.-Y. Park & Kim, 2021; Ramanathan et al., 2001). However, in its two-dimensional (2D) form, OLS
regression can produce spurious results when there is variability or uncertainty in observations of both CCN
(x-direction) and CDNC (y-direction), potentially leading to biased slope estimates (Mikkonen et al., 2019;
Pitkdnen et al., 2016). Such biases often arise from regression dilution, where the uncertainty in the x variable
distorts the estimated relationship with y (Pitkédnen et al., 2016). This problem is compounded by the fact that OLS
primarily minimizes the vertical distance between data points and the fitted line, assuming zero uncertainty for the
independent variable on the x-axis. As a result, when OLS is applied in the presence of uncertainty in x, the fitted
slope tends to be biased toward zero (Frost & Thompson, 2000; Pitkédnen et al., 2016). This problem is particularly
pronounced in atmospheric data, which inherently include some degree of error, further complicating the accurate
estimation of relationships such as those between CCN and CDNC (Pitkénen et al., 2016). Consequently, relying
solely on OLS regression to examine aerosol-cloud interactions may lead to incomplete or misleading conclu-
sions. To address these challenges, in particular to account for the uncertainties in both x and y directions,
alternative regression methods such as bivariate least squares (BLS) method suggested by York et al. (2004) may
offer a more robust solution than OLS. These methods have shown to provide a better understanding of the
complex dynamics governing the relationship between CCN and CDNC, despite the presence of inherent vari-
ability within the data sets (Mikkonen et al., 2019).

In addition to the challenges surrounding the quantification of aerosol-cloud interactions, the variability in cloud
microphysics and meteorological conditions play a crucial role in shaping the effects of aerosols on cloud for-
mation. Two major factors in cloud droplet activation are the updraft velocity during cloud activation and the
number of CCN (Pruppacher et al., 1998; Seinfeld & Pandis, 2016). The updraft velocity affects the water vapor
supersaturation reached at cloud base thus affecting which sized aerosol particles are activated to form cloud
droplets (Sullivan et al., 2016). Reutter et al. (2009) identified regimes where cloud formation is primarily
dependent on either updraft velocity or aerosol particle number concentration. The aerosol-limited regime is
associated with high updraft velocities and low aerosol concentrations, where CDNC is directly proportional to
the CCN concentration, with CCN-CDNC relations approaching slopes of 1. In this regime, CDNC is insensitive
to changes in updraft velocities because the high updraft velocities result in maximum supersaturations (i.e., the
maximum relative humidity an air parcel reaches during its ascent through the cloud) sufficient to activate nearly
all aerosol particles, except for the very small ones at the lower end of the aerosol size distribution. Conversely,
the updraft-limited regime is associated with low updraft velocities and high aerosol concentrations. In this
regime, CDNC exhibits a linear dependence on updraft velocity and shows weaker dependence on CCN con-
centrations. The relatively low updraft velocities and high aerosol concentrations produce maximum supersat-
urations so small that only large and hygroscopic particles are activated. There is also a transitional regime
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characterized by sensitivity to both aerosol concentration and updraft velocity, where CDNC exhibits nonlinear
dependencies on both factors. Additionally, factors such as meteorological conditions, aerosol properties, cloud
dynamics, and entrainment-mixing can further shape the effects of aerosols on CDNC variability (Gao
et al., 2021; Khatri et al., 2023; Liu et al., 2018; Lu et al., 2012). These variations in CDNC can subsequently
influence other important cloud properties, such as the liquid water path (LWP), which represents the total amount
of liquid water in the atmospheric column.

To address such complexities involved in isolating the effects of aerosols on cloud droplet formation, modern
analytical techniques such as machine learning are increasingly being utilized (Gao et al., 2024; Kalbande
et al., 2023; Kumar et al., 2022; Li et al., 2024; Miinalainen et al., 2023; Redemann & Gao, 2024). Machine
learning approaches are very useful in discerning patterns from large and complex data sets by handling
nonlinearity and interdependencies among a multitude of variables. This capability makes machine learning very
well-suited for studying aerosol-cloud interactions, where multiple factors like aerosol concentrations, updraft
velocity, and meteorological conditions, simultaneously govern cloud microphysical properties. Thus, by
applying suitable machine learning methods, it is possible to study how these variables contribute to the vari-
ability of the target variable, which in this case, refers to CDNC, providing a nuanced understanding of their
relative importance.

This study focuses on marine stratocumulus clouds, one of the most common cloud types prevalent over oceanic
regions (Warren et al., 1986). With their high albedo and extensive coverage, stratocumulus clouds are of
particularly importance in regulating the Earth's energy balance. They are highly sensitive to variations in the
concentration of aerosols, thus making them suitable for studying the impacts induced by anthropogenic emis-
sions (Calder6n et al., 2022; Toll et al., 2019; Wilcox, 2010). Unlike continental cloud systems, marine strato-
cumulus clouds typically form under more stable boundary layer conditions. However, even within these
homogenous environments, factors such as the local meteorological variability and aerosol microphysical
properties add complexities that must be addressed to fully understand aerosol-cloud interactions. The integration
of machine learning methods with observations of marine stratocumulus clouds enables to identify the key
predictors of CDNC and helps in the investigation of complex relationships between aerosols and clouds.

In this study, we perform a comprehensive analysis of aerosol-cloud interactions over marine stratocumulous
clouds by integrating satellite observations with those derived from the ECHAM-HAMMOZ global aerosol-
climate model (Schultz et al., 2018). Our primary objective is to study the relationship between CCN and
CDNC, and to identify a regression method that accurately captures this relationship. Deriving a single, aggregate
slope between CCN and CDNC is a widely used approach, particularly for estimating the effective radiative
forcing due to aerosol-cloud interactions (ERF,) from satellite observations and global climate models
(Bellouin et al., 2019; Gryspeerdt et al., 2017; Ma et al., 2018; Quaas et al., 2009; Virtanen et al., 2025). These
susceptibility metrics are often used to scale or constrain model-derived ERF, ;, making the robustness and
accuracy of the slope estimate critically important. Although the CCN-CDNC relationship varies with meteo-
rological conditions such as boundary layer depth, many large-scale applications rely on a representative mean
slope to summarize this sensitivity across heterogeneous cloud regimes. This study aims to estimate this slope
using a physically and statistically grounded framework, while systematically evaluating the limitations of widely
employed traditional regression approaches. To achieve this, we first evaluate various regression techniques to
see if they accurately reflect the true CCN-CDNC relationship as derived from satellite data. We then extend this
analysis to climate model data to assess whether similar results are obtained with different regression approaches.
Additionally, we explore different machine learning methods to identify key factors influencing the CCN-CDNC
relationship and investigate whether these factors are consistent across satellite observations and climate model
simulations. Furthermore, we use a machine-learning based regularization method, Elastic Net Regression (ENR)
to estimate the slope between CCN and CDNC. This approach allows us to incorporate different forms of reg-
ularization, potentially improving the estimation of the CCN-CDNC relationship by considering several factors
affecting the CDNC variability.

2. Data and Methodology

In this section, we provide an overview of the satellite-retrieved aerosol and cloud properties, model simulations,
and the various techniques used in this study to investigate the CCN-CDNC relationship. Our study focused
on two specific regions within the Pacific Ocean known for their high annual coverage of low-level marine
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clouds: the Northern Pacific (20-35°N, 150-110°W) and the Southern Pacific (10-30°S, 110-70°W). By
selecting these well studied marine regions, we aim to explore aerosol-cloud interactions in environments
characterized by distinct meteorological conditions and cloud properties (Bellomo et al., 2014). Our analysis
included satellite observations and climate model data corresponding to the year 2015 over the specified regions.

2.1. Satellite Observations and Reanalysis Data

We utilized cloud products from Moderate Resolution Imaging Spectroradiometer (MODIS) Level-2 (L2)
Collection 6.1 (Platnick et al., 2017) onboard the Aqua and Terra satellites (MODO06_L2 and MYDO06_L2) to
obtain key cloud properties, including cloud optical depth (COD), cloud effective radius (CER), cloud top
temperature (CTT), and cloud top height (CTH). Additionally, we incorporated aerosol products over the ocean
(MODO04_L2 and MYDO04_L2), which provide aerosol optical depth (AOD) and Angstrt’)m exponent (AE) (Levy
et al., 2013). For the satellite-derived CCN, we relied on the MODIS CCN data, PSMLO003_Ocean, which
provides the column-integrated burden of fine-mode particles over the ocean (Gassé & Hegg, 2003; Levy
et al., 2013). This data set was chosen over other widely used CCN proxies, such as AOD and aerosol index,
which are used as inputs in the MODIS CCN retrieval, as it facilitates better comparison between the model and
satellite data. However, aerosol index, defined as the product of AOD and AE, was incorporated into this study as
a supplementary metric to support the analysis (Hasekamp et al., 2019). By utilizing aerosol index, which ac-
counts for the spectral dependence of AOD, we aimed to enhance the robustness of our analysis and further
strengthen our argument regarding aerosol-cloud interaction mechanisms. Both cloud and aerosol data were
aggregated to a spatial resolution of 1° X 1° to reduce the pixel-level variability, thereby improving the
robustness of our analysis (Grosvenor et al., 2018).

We then calculated CDNC and LWP from satellite-derived COD and CER as suggested by Quaas et al. (2006)
using the following equations:

CDNC = a x 727 x ;%3 (1

5
LWP = §pw X 1, X T, 2)

where @ = 1.37 x 10°m~7 is a constant, p,, is the density of liquid water, typically assumed as 1,000 kg m~3,
and 7. and r, are the COD and CER, respectively. In our calculations of CDNC and LWP, we followed the
adiabatic assumptions as outlined in Quaas et al. (2006) and Gryspeerdt et al. (2019), where the cloud liquid water
content profile is a constant fraction of its adiabatic value and CDNC is constant over the whole cloud depth. This
method also assumes that the CER is proportional to the volume mean radius, implying a constant cloud droplet
size distribution within the area of the pixel and vertically across the cloud. Although, in reality, the width of the
droplet size distribution may vary particularly under extreme aerosol conditions (Grosvenor et al., 2018; Lu
et al., 2020; Wang et al., 2023), our approach assumes a constant width for droplet size distribution. Previous
studies have shown that the uncertainties arising from this assumption are likely partially compensated by other
parameters choices (Gryspeerdt et al., 2022; Merk et al., 2016; Painemal & Zuidema, 2010). It is also worth noting
the filtering criteria used may introduce a sampling bias toward scenes with high cloud fraction and high optical
thickness. As noted by Jia et al. (2022), retrievals in broken or partially cloudy scenes can violate key assumptions
(e.g., 1D plane-parallel geometry), which can result in overestimation of CER and, consequently, underestimation
of CDNC. While this limits the representativeness of our data set across more heterogeneous cloud regimes, it
helps ensure the physical consistency of the retrieved CDNC values.

Along with the satellite data, we also used ERA-5 reanalysis data, which is generated from the European Center
for Medium-Range Weather Forecasts Integrated Forecast System (Hersbach et al., 2020). This data set provided
essential meteorological variables, such as sea surface temperature, sea surface pressure, 10-m winds, air tem-
perature, and relative humidity.

2.2. Aerosol—Climate Model

The 3-hourly outputs from aerosol-climate model ECHAM-HAMMOZ (ECHAM®6.3-HAM2.3) (Schultz
et al., 2018) are used to support our investigation into the satellite-derived aerosol-cloud interactions. ECHAM is
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a global atmospheric general circulation model that solves the equations of motion and continuity for the at-
mosphere (Stevens et al., 2013). For our simulations, we employed the T63 spectral truncation in horizontal
resolution, corresponding to a grid spacing of approximately 1.9° X 1.9°, and utilized 47 hybrid sigma-pressure
levels for vertical resolution. The aerosol life-cycle processes in ECHAM were simulated using HAM (Hamburg
Aerosol Module) (Tegen et al., 2019), which is responsible for simulating aerosol formation, growth, and removal
within the atmosphere. Furthermore, ECHAM-HAM is coupled with the aerosol microphysical model SALSA
(Sectional Aerosol Module for Large Scale Applications) (Kokkola et al., 2018). The sectional approach used in
SALSA was preferred over the modal approach due to its ability to accurately capture the variability in CDNC in
varying conditions for cloud activation, as demonstrated by Korhola et al. (2014). SALSA divides the aerosol size
distribution into 10 discrete size classes ranging from 3 nm to 10 pm. Cloud droplet activation in SALSA was
solved using the parameterization described by Abdul-Razzak and Ghan (2002). In ECHAM-HAMMOZ, we use
Nigo, that is, the sum of all aerosol particles with diameters larger than 100 nm, as proxy for the CCN concen-
tration. CDNC is calculated explicitly. To maintain consistency with satellite-retrieved variables, we also define
CCN as column-burden CCN and CDNC as cloud-top CDNC in ECHAM, unless stated otherwise.

2.3. Regression Methods Used in This Study

To analyze the relationship between the logarithms of CCN and CDNC, we utilized two regression techniques:
OLS and BLS. We specifically applied OLS regression in its 2D form, where two variables are considered in the
relationship, with one as the independent variable and the other as the dependent variable. OLS is a commonly
used method that estimates the relationship between two variables by minimizing the sum of squared differences
between observed (y;) and predicted (§;) values of the dependent variable (Dismuke & Lindrooth, 2006). The OLS
regression model is given by:

Yi =P+ Pixi+e (3)

where y; represents the log-transformed CDNC values, x; represents the log-transformed CCN values, f, is the
intercept, f#, is the slope, ¢; is the error term. The parameters f, and j, are estimated by minimizing the sum of
squared residuals.

CoLs = Z (i — 5’i)2~ 4
il

However, OLS assumes that the independent variable (x;) is measured without error, which can introduce
inaccuracies when there are uncertainties in the x variable.

To address the limitations of OLS, we also used the BLS method following (York et al., 2004), which accounts for
uncertainties in both x and y variables. This method minimizes a weighted cost function based on the deviations
between the observed and adjusted values, ensuring that the adjusted points lie exactly on the best-fit regression
line. The model is represented as:

n ] 2
Cyork = 2 ﬁ{wx,-(xi,adj —x)" = 21wy, (Xiagi — ) (Viagy — i) + Wy, (Viaai — Vi) } (5)
= i
subject to
Yiadi = Qyork + ByorcXiadj- ©)

where, x; and y; are the observed data points, while x; ,q; and y; ,qj are their adjusted counterparts (Mikkonen
et al., 2019). The intercept and slope of this line are denoted by @y and Sy, respectively. The weight co-
efficients are w,, = 1/ o2 and wy, =1/ 53, where o2 and af represent the error variances in the x and y directions,
respectively The term r; represents the correlation coefficient between x; and y;. The parameters oy and oy are
estimated iteratively, beginning with an initial slope estimate, often derived from ordinary least squares, and
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refined until convergence. Further details on the OLS and York regression methods can be found in Mikkonen
et al. (2019) and York et al. (2004).

2.4. Feature Importance Analysis

We employed Random Forest (RF), a powerful ensemble learning technique known for its robustness in feature
selection (Breiman, 2001), to identify the most influential variables that explain the CDNC variability. RF builds
a multitude of decision trees during training and aggregates their predictions to provide insights into the
importance of each feature. For our analysis, we utilized the scikit-learn Python library (Pedregosa et al., 2011),
which offers an extensive range of tools for machine learning tasks. The RF method allowed us to efficiently
handle large data sets and extract relevant features that significantly influence the variability in CDNC. The RF
model has been widely utilized in aerosol-cloud interaction studies, showing its robustness in predicting various
parameters, such as aerosol number concentration, and revealing the underlying dependence of different feature
variables on the target variable (Y. Chen et al., 2022; Miinalainen et al., 2023; Nair & Yu, 2020).

The feature selection process using the RF algorithm was applied separately to two data sets: satellite observations
and climate model outputs. Each data set was randomly divided into training and test subsets to ensure unbiased
evaluation of model performance. Specifically, two-thirds of the data from each data set were allocated to the
training subset, while the remaining one-third were reserved for testing. We performed hyperparameter tuning to
optimize the performance of the RF model separately for both data sets. The grid-search approach was used to find
the best combination of hyperparameters, while model performance was assessed with K-fold cross-validation
(10-fold). Key hyperparameters, such as max_depth (the maximum depth of each decision tree) and n_estima-
tors (the number of trees in the forest), were tuned for each of the data sets. For the climate model data, max_depth
was equal to 50, while n_estimators was fixed at 200. The relative root mean squared error was used as the
primary metric to evaluate the predictive accuracy of the RF model. This choice allowed for a normalized
comparison of prediction errors across data sets with differing scales. Thus, by tuning the hyperparameters and
validating through cross-validation, the RF model was optimized to effectively capture the distinct relationships
in both data sets, ensuring reliable feature selection and prediction performance.

In addition, SHapley Additive exPlanations (SHAP) analysis was used for validating the feature importance
rankings derived from the RF model (Lundberg & Lee, 2017). SHAP provides an interpretable framework to
assess the contribution of individual features to model predictions, ensuring the consistency and robustness of the
selected predictors across both data sets. To further validate the results, permutation feature importance (Altmann
et al., 2010) was also applied as a complementary approach. This method involves shuffling feature values and
measuring the resulting decrease in model performance, providing an additional layer of confidence in the
identified feature importance rankings. The combination of SHAP and permutation feature importance ensured
that the selected features were both statistically robust and aligned with model interpretability.

The input features selected for the feature importance analysis include LWP, CCN burden, updraft velocity, cloud
base height, temperature, wind speed, relative humidity, surface temperature, and pressure, with CDNC as the
target variable. Note that we included LWP as predictor variable, despite its non-deterministic influence on
CDNC, because LWP can be considered as a proxy for clouds at different meteorological conditions, such as
different updrafts and different geometric thicknesses (Kokkola et al., 2025). An overview of the variables used
for feature importance analysis is given in Table 1.

2.5. Machine Learning Model Selection

Following the feature selection step, we evaluated a range of supervised machine learning models to identify the
most suitable approach for predicting CDNC and estimating the CCN-CDNC relationship. The models included
ENR (J. Friedman et al., 2010), RF (Breiman, 2001), XGBoost (T. Chen & Guestrin, 2016), Support Vector
Regression (SVR) (Drucker et al., 1999), Gradient Boosting (J. H. Friedman, 2001), LightGBM (Ke et al., 2017),
and a Neural Network using a Multi-Layer Perceptron (MLP) (Pinkus, 1999). These models were chosen due to
their robust performance in regression tasks and their ability to handle complex data sets.

To compare the performance of these models, we used three evaluation metrics: mean absolute error (MAE), root
mean square error (RMSE), and coefficient of determination (R?). These metrics provide complementary in-
formation about the accuracy and reliability of the models. MAE quantifies the average magnitude of prediction
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Table 1 errors, RMSE gives higher weight to larger errors by squaring them, and R?

Overview of the Variables Used in the Machine Learning Model

describes how much variance in the target variable was explained by the fitted

Variable name

Predictors
Liquid water path
CCN burden
Updraft velocity at cloud base
Temperature at cloud top
Temperature at cloud base
10 m wind speed
Relative humidity at cloud base
Surface pressure
Surface temperature
Cloud base height
Predictant

Cloud droplet number concentration

Abbreviation model.
The evaluation process involved splitting the data sets into training (two-
[ thirds) and testing (one-third) subsets. All models were optimized with their
cON best performing hyperparameters. Among all the models, ENR demonstrated

the best performance, achieving the highest R? value and the lowest MAE and
Ws RMSE for both satellite and climate model data sets. RF and XGBoost

Ter showed relatively close performance to ENR in terms of these metrics.

Teg However, we selected ENR as the best model primarily because it directly

Ui/ Vio provides a slope, which is crucial for interpreting the CCN-CDNC relation-

RH ship. Neural networks (MLP), despite their capacity to model complex re-

cB lationships, exhibited higher variability and required a larger number of

Pt hyperparameter tuning to achieve competitive performance. See Figure S1 in

y Supporting Information S1 for a detailed comparison of different machine
Hep learning models predicting CDNC.

The superior performance of ENR can be attributed to its regularization

CDNC properties, which mitigate overfitting and enhance robustness, particularly

when dealing with multicollinear predictors such as LWP, CCN, updraft
velocity, and temperature. The effectiveness of ENR in handling complex and multivariate data sets has been
demonstrated in prior studies such as Zou and Hastie (2005) and J. Friedman et al. (2010), supporting its
application in this analysis. ENR focuses on relevant features and adjusts coefficient magnitudes to stabilize
CDNC predictions and reduce variability. ENR aims to minimize the following loss function:

minimize( Z (i — y,) + apz 1Bl S p) Zﬁ ), @)

where N represents the total number of observations in the data set, p denotes the number of features or predictor
variables used in the regression model, y; signifies the observed CDNC for the i-th observation, and J; denotes the
predicted CDNC for the i-th observation as estimated by the regression model. The coefficients f;, corresponding
to each feature j, directly influence y; by determining the weight that each feature contributes to the prediction
(Rosa, 2010). The regularization parameter a controls the strength of regularization applied to the model, while
the mixing parameter p balances between L1 and L2 penalties.

The first term in the loss function represents the residual sum of squares, ensuring that the model fits the data well.
The second and third terms are the regularization penalties, where the first term applies L1 regularization to
encourage sparsity in the coefficient estimates (Lasso regression), and the second term applies L2 regularization
to shrink the coefficients toward zero (Ridge regression) (Zou & Hastie, 2005). The Elastic Net algorithm
minimizes this loss function by adjusting the coefficients (5)) to find the optimal balance between fitting the data
and preventing overfitting.

We implemented ENR using the scikit-learn Python library (Pedregosa et al., 2011), which includes hyper-
parameters a and /1_ratio (denoted as p in Equation 7). These hyperparameters play a crucial role in fine-tuning
the regularization strength and determining the sparsity of the model. By adjusting these hyperparameters
appropriately, we can modify the ENR model to our specific data set and optimize its performance in estimating
the CCN-CDNC relationship. In this work, we selected the optimal hyperparameters by considering their effect
on the RMSE between the observed CDNC and predicted CDNC. We conducted a grid search over a range of o
and /1_ratio values, systematically evaluating their performance with respect to minimizing RMSE. By testing
different combinations of « and /1_ratio, we identified the values that yielded the lowest RMSE, indicating the
best fit of the ENR model to the data. This was done separately for satellite observations and climate model data
due to their distinct characteristics and complexities of each data set. Through this approach, we found that setting
alpha to 0.05 for satellite data and 0.01 for climate model data, and /1_ratio to 0.1 for both data sets resulted the
best fit for our ENR model as shown in Figures S2 and S3 in Supporting Information S1. Although slightly lower
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[1_ratio values yielded marginally lower RMSE, values <0.1 are known to be less stable in Elastic Net imple-
mentations. Therefore, we selected 0.1 as a conservative and robust choice, consistent with best practices
(Pedregosa et al., 2011).

2.6. Cloud Base Updrafts

For the satellite data, the cloud base updraft velocity (W) was calculated using the linear-fit method based on the
correlation between cloud top radiative cooling (CTRC) and W,, as found by Zheng et al. (2016). We utilized the
libRadtran, library for radiative transfer, version 2.0.5 (Emde et al., 2016) to simulate radiative transfer processes
and thereby to estimate CTRC. The radiative transfer equation in libRadtran was solved for a 1-D plane-parallel
atmosphere using the DISORT method (discrete ordinate radiative transfer solver). Absorptive cross sections for
atmospheric species in the solar spectral range were obtained using the k-correlated method with Kato
et al. (1999) parameterization, while Fu and Liou (1992) parameterization was used for the thermal or terrestrial
longwave range. Absorptive and scattering properties of aerosols were estimated using the maritime mode of the
parameterization by Shettle (1990).

We used the parameterization proposed by Zheng et al. (2016) to calculate W, from CTRC:

W, = —0.44 x CTRC + 22.30 + 13, (8)

where W, and CTRC have units of cm s~ and W m™2, respectively. This equation was found to perform well
when compared to large eddy simulations of marine stratocumulus (Ahola et al., 2022). Using libRadtran, we
simulated the radiative properties of the atmosphere and cloud layers for all the cloudy pixels from the satellite
data, enabling us to estimate W,. Each cloudy pixel was analyzed separately using local characteristics that
include time, longitude and latitude, surface albedo, cloud cover and the vertical profile of cloud liquid water
content. We followed the similar setup for the simulations as described by Zheng et al. (2019) to model CTRC.

The input variables for libRadtran were obtained from MODIS cloud products and ERA-5 reanalysis data. The
inputs from MODIS retrieved cloud properties include CTT, CTH, CER, and LWP. Cloud geometric thickness
(CGT) was derived from LWP, assuming adiabatic clouds (Brenguier et al., 2000). The cloud base height was
then approximated as the difference between CTH and CGT. Vertical profile of cloud liquid water content was
calculated for each model vertical layer following the method described by Wood et al. (2009). Subsequently, we
calculated CTRC from the vertical profiles of shortwave and longwave radiative fluxes. A detailed theoretical
explanation on CTRC and its calculation is provided in Zheng et al. (2021).

This setup, integrating the capabilities of libRadtran RTM with satellite data, enabled us to estimate the W, from
CTRC. Thus, we bridge the gap between climate model simulations and observational data, facilitating a
comprehensive comparison of the responses of CDNC to updraft velocities between both data sets.

2.7. Cloud Parcel Model

We used a cloud parcel model to demonstrate the theoretical variability in CDNC due to CCN and varying updraft
velocities within an aerosol particle population. A detailed description of the model framework is given in
Romakkaniemi et al. (2009). The model simulates the adiabatic ascent, expansion, and cooling of a homogeneous
air parcel from a sub-saturated state to a supersaturated cloudy environment at a uniform vertical velocity. A
sectional method is employed in the model to define the dry aerosol size distribution, with log-normally spaced
size bins evolving freely during condensation and evaporation. The initial conditions for the model simulations
are derived from the Northern Pacific Ocean region to align with the satellite observations. The model is
initialized with the below cloud size distribution and meteorological parameters to simulate cloud droplet for-
mation and their subsequent condensational growth within the air parcel. Specifically, we used the trimodal
aerosol distribution described by J. Park et al. (2020), which includes Aitken mode, accumulation mode, and
coarse mode particles. This distribution is characterized in the model by the total number concentration, geo-
metric mean diameter, and geometric standard deviation of the log-normal distribution, as reported by J. Park
et al. (2020). In our simulations, we used the Aitken mode with a total number concentration of 150 cm™>, a
geometric mean diameter of 80 nm, and a geometric standard deviation of 1.4. The accumulation mode has a total
number concentration of 110 cm™, a geometric mean diameter of 160 nm, and a geometric standard deviation of

1.4. The coarse mode has a total number concentration of 15 cm73, a geometric mean diameter of 300 nm, and a
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Figure 1. Susceptibility of cloud-top CDNC to changes in (a) CCN from satellite observations, (b) aerosol Index from
satellite observations and (c) CCN from climate model simulation, using BLS and OLS regression methods, with colors
representing the number of data points.

geometric standard deviation of 1.4. Additionally, the initial meteorological parameters include a temperature of
298 K, a pressure of 9,000 hPa, and a relative humidity of 95%. The vertical velocity is varied between 0.1 and
0.6 m s~ to capture a range of dynamic scenarios. To explore how CDNC evolves with changes in aerosol
concentrations under varying updraft conditions, we adjusted the total number concentrations in the Aitken and
accumulation modes around the baseline values provided by J. Park et al. (2020). By incrementally increasing and
decreasing these concentrations, we examined how different levels of aerosol particle populations influence
CDNC when subjected to different updraft velocities. The initial meteorological parameters included in the model
are temperature, pressure, relative humidity and vertical velocity. The simulations continue until the air parcel
reaches the user-defined cloud base height, set at 1,000 m for this study. We considered particles with diameters
larger than 100 nm as CCN and 2 pm as cloud droplets.

3. Results
3.1. Comparison Between OLS and BLS Fit for CCN and CDNC

We examined the results of OLS and BLS regression methods for assessing the relationship between CCN and
CDNC in both satellite observations and climate model data. To better understand this relationship, we focused
our analysis on the Northern and Southern Pacific Oceans. The results from the Northern Pacific region are
depicted in Figure 1, while Figure S4 in Supporting Information S1 presents the corresponding analysis for the
Southern Pacific region. In the climate model data, CCN refers to the column burden of CCN, and CDNC
represents the CDNC at cloud top, ensuring alignment with satellite retrievals. In addition to the CCN-CDNC
analysis from satellite data, we also considered aerosol index, a commonly used CCN proxy to support our
findings (Hasekamp et al., 2019).

From Figures la and lc, it is evident that the OLS regression does not visually fit well with the data points
depicting the relationship between CCN and CDNC whether in satellite observations or climate model simula-
tions. This finding corroborates previous research by Pitkéinen et al. (2016), which highlights the limitations of
OLS regression in accurately capturing the relationship between these variables. A key issue with OLS is its
assumption that the independent variable (CCN) is measured without error. In reality, both CCN and CDNC
contain observational and model uncertainties, and failing to account for these can lead to biased slope estimates
(Mikkonen et al., 2019). In contrast, BLS regression produces a visually better fit to the data compared to OLS,
with the regression line more closely aligning with the spread of CDNC and CCN values. However, despite this
improved visual agreement, the slope estimated using BLS consistently exceeds 1 for both satellite retrievals and
climate model data. This result is further supported by the aerosol index-CDNC relationships from satellite data,
as shown in Figure 1b. As cloud droplets can only form around CCN, CDNC should never be able to exceed CCN
concentrations. In the case that if CCN is the only factor which influences CDNC concentrations, a slope larger
than 1 in the CDNC-CCN correlation is unphysical. This discrepancy indicates that CDNC is significantly
influenced by additional confounding factors beyond CCN, such as meteorological conditions, cloud micro-
physical processes, and retrieval uncertainties.
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cloud base, where the influence of CCN on cloud droplet formation is most
significant. This analysis, based on climate model data shown in Figure 2,
indeed exhibits a slope less than 1, indicating a realistic relationship between

using BLS and OLS from climate model data, with colors representing the the two variables. This result points to the possibility that the column burden

number of data points.

of CCN averages out the real variability in the cloud base CCN, resulting in an

artificially inflated slope between columnar CCN and CDNC. On the other
hand, when performing BLS regression between the column burden of CCN and cloud-top CDNC, the estimated
slope may be influenced by additional physical factors besides CCN, such as updraft velocity, cloud dynamics,
aerosol composition, and other environmental factors. These factors can affect the slope obtained through
regression considering only CCN and CDNC, which implicitly assumes a much simpler relationship between the
two. This discrepancy underscores the complexity of aerosol-cloud interactions and highlights the need to
elucidate the specific mechanisms driving the observed relationship between CCN and CDNC.

3.2. Feature Selection

To identify the underlying factors responsible for the higher-than-one slope in the BLS fitting between CCN
burden and cloud-top CDNC, we utilized RF model for feature selection. We began by assessing the ability of RF
model in predicting CDNC using feature variables derived from both satellite observations and climate model
data. Figures 3a and 3b show that the RF model can successfully predict CDNC, achieving an R? value of 0.82 for
satellite data and 0.62 for climate model data. These R” values align with relative root mean square errors of 0.31
for satellite data and 0.65 for climate model data, providing confidence in the RF model's predictive capability.
Based on these results, we then performed a feature importance analysis using the same model setup to investigate
the influence of each parameter on CDNC variability. The resulting feature importance scores reflect the relative
contribution of each parameter to CDNC variability, with higher scores indicating greater influence. This analysis
was performed only for the Northern Pacific Ocean, selected as a representative study region. It is important to
note that the feature importance analysis can be biased when features are strongly correlated. In such cases, RF
may prioritize one correlated feature over others, leading to an underestimation of the true importance of the
redundant features. However, in our analysis, the features are only weakly correlated, which minimizes the
potential bias in feature importances.

In order to ensure consistency of influential factors driving CDNC variability, we conducted the feature
importance analysis separately for both satellite observations and climate model data. The analysis involved a
range of atmospheric and meteorological parameters as given in Table 1.

Figures 3c and 3d display the normalized feature importance scores of various parameters from satellite obser-
vation and climate model data, respectively. Our analysis reveals a remarkable similarity in the importance of
features across both data sets, indicating a convergence in the most important factors influencing CDNC vari-
ability. Notably, the three most important features remain consistent across both data sets: LWP, CCN burden,
and W,,.

To further validate these findings, we employed SHAP analysis and permutation feature importance, providing an
additional layer of interpretability to our results. As shown in Figures S5 and S6 in Supporting Information S1,
both methods confirm that CCN, W,, and LWP are the primary drivers of CDNC variability. This consistency
strengthens confidence in the robustness of our conclusions across different machine learning models. This
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Figure 3. (a) Satellite derived CDNC against RF predicted CDNC, (b) modeled CDNC against RF predicted CDNC, with
colors representing the number of data points. (c) Normalized feature importance scores for satellite-based observations.
(d) Normalized feature importance scores for climate model data. Error bars (c) and (d) represent the standard deviation of
the feature importance distribution across all trees in the forest.

alignment of feature importance across observed and modeled data sets underscores the critical role these factors
play in modulating CDNC. W,,, in particular, is crucial in aerosol activation processes, directly influencing CDNC
and indirectly affecting factors like LWP. The implications of these factors will be discussed in more detail in the
subsequent sections.

3.3. Impact of Updraft Velocity on CDNC Variability

In this section, we investigated the specific dynamics and influence of W, on CDNC in both satellite observations
and climate model data. To complement these analyses, we performed cloud parcel model simulations to simulate
droplet activation under varying updrafts and CCN concentrations, which helped us understand the CDNC
distribution in these scenarios. Figure 4 shows the CDNC as a function of CCN concentration for both MODIS
retrievals (left) and model data (right). The data points are grouped into equally-sized bins and each bin is colored
according to the mean updrafts averaged over all data points falling into the bin. For the MODIS retrievals (left
panel), the figure also shows the results of our cloud parcel model simulations. In these cloud parcel model
simulations, CCN concentrations are integrated over the cloud base height to calculate CCN burden, assuming the
boundary layer is well-mixed, in order to allow a direct comparison between the simulated and observed data.

Our analysis shows a positive correlation between W, and CDNC in both satellite observations and climate model
data. However, there are notable differences between the updrafts derived from satellite data and those simulated
by the climate model ECHAM-SALSA, with the model generally simulating higher updrafts. Despite this
discrepancy, the general pattern of W, remains consistent between satellite observations and model simulations.
From Figure 4, we can also see that the distribution of updrafts between panels (a) and (b) vary significantly.
Simulated updrafts have much higher variability and this also results in high variability in CDNC. ECHAM-
SALSA appears to overestimate updrafts compared to satellite-derived values. Virtanen et al. (2025) have pre-
viously shown that the distribution of updrafts in ECHAM-SALSA are much wider than those observed at Puijo,
Pallas, and Zeppelin measurement stations. They also show that the mean of the updrafts is overestimated in
ECHAM-SALSA by more than a factor of two. This overestimation of updrafts in the model affects the simulated
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Figure 4. Variability of mean updraft velocity with cloud-top CDNC as a function of CCN burden in (a) satellite and
(b) climate model data. Note different scales for updraft velocity. Markings in (a) are CDNC simulated by cloud parcel model
for different updraft velocities.

CDNC, as updraft strength directly influences cloud droplet activation. It is known that CDNC increases with
stronger updraft velocities, indicating that higher updrafts correlate with elevated CDNC levels. Stronger updrafts
lead to higher supersaturation of the rising air parcels, activating more CCN and increasing CDNC even at the
same CCN levels (Malavelle et al., 2014; Seinfeld & Pandis, 2016). This highlights the importance of accounting
for variability in W, when analyzing the CCN-CDNC relationship.

The cloud parcel model simulations, which specifically varied W, and CCN concentration, further supported
these findings by illustrating the detailed dynamics of CDNC under different conditions as depicted in Figure 3a.
In these simulations, we varied W, from 0.2 to 0.6 m s_2, consistent with values derived from satellite obser-
vations, while keeping CCN concentrations constant. Additionally, we varied CCN concentrations while main-
taining a constant W,. The simulations demonstrated that with increasing W, at fixed CCN, the maximum
supersaturation within the cloud parcel increased, leading to the activation of more CCN and a corresponding rise
in CDNC.

These simulations provided a clear understanding of how updrafts and CCN interact to influence CDNC, rein-
forcing the positive correlation observed in both satellite and climate model data. However, it is essential to
recognize that the data are inflated in the y-direction due to the variability in updrafts, as seen in Figure 4a, which
would probably lead to an upwards tilt of the regression line if only BLS fitting was used. BLS considers only two
variables at a time, in this case CCN and CDNC, and fails to account for the additional variability introduced by
W,,. Since updrafts play a significant role in cloud droplet formation, ignoring this variable oversimplifies the
complex processes involved. This can lead to an overestimation of the direct correlation between CCN and
CDNC.

In addition to the influence of updrafts on CDNC, the interaction between W, and CDNC can have further
implications on cloud dynamics and atmospheric processes (Hsieh et al., 2009; Sanchez et al., 2016; West
et al., 2014). One significant effect is on the mixing of different cloud types within the atmosphere. Variability in
updrafts can influence the vertical distribution and mixing of clouds with different characteristics. In regions with
stronger updrafts, where CDNC exhibit a more pronounced sensitivity to changes in updraft strength, the vertical
mixing of clouds can be faster (Stull, 2012). Strong updrafts can entrain air from surrounding regions, leading to
vigorous vertical mixing within clouds and redistribution of cloud droplets. This process can result in the mixing
of different cloud types, such as stratiform and convective clouds, and can contribute to the development of
complex cloud structures. On the other hand, in regions with weaker updrafts, the vertical mixing of clouds may
be less vigorous. This can lead to more distinct cloud layers with less mixing between different cloud types.
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Figure 5. Variability of mean LWP with cloud-top CDNC as a function of CCN burden in (a) satellite and (b) climate model
data. Note different scales for LWP.

Weaker updrafts may also limit the vertical extent of clouds, resulting in shallower cloud layers and reduced
vertical mixing.

3.4. Impact of Cloud Mixing on LWP

The mixing of clouds in different meteorological conditions and their phase within the cloud structure can
significantly influence the variability in LWP. LWP is a key parameter in understanding cloud properties and
microphysics. We analyzed how LWP responds to changes in CDNC in both satellite and climate model data.
Interestingly, we observed distinct patterns in the response of LWP to CDNC as a function of CCN levels. While
W,, exhibited similar patterns in both data sets, there were significant differences in the LWP patterns between
satellite observations and climate model simulations. Figure 5 shows the results of this analysis. The figure was
generated in the same way as Figure 4, but here the color scale visualizes the mean LWP of the data points in
each bin.

In the satellite data (Figure 5a), we noted a tendency of LWP to decrease as CDNC increases, indicating a negative
correlation between these two variables. Specifically, for lower CDNC values, LWP tends to be higher, sug-
gesting that clouds with fewer droplets have higher liquid water content. As CDNC increases, LWP decreases,
indicating a reduction in liquid water content with the cloud. A recent study by Arola et al. (2022) attributed this
decrease in LWP at higher CDNC ranges to satellite retrieval errors, particularly in the variability in CER. The
results obtained for the satellite retrievals may therefore not be representative of actual behavior in the atmosphere
(Arola et al., 2022; Kokkola et al., 2025).

In contrast, the response of LWP to CDNC in the climate model shows a more complex pattern. At very low CCN
and CDNC concentrations, LWP tends to be higher, indicating a higher liquid water content for clouds formed
under conditions of low aerosol abundance and fewer cloud droplets. However, as these clouds do precipitate and
the pattern aligns well with the modeled large-scale precipitation patterns (Figure S8b in Supporting Informa-
tion S1), it is likely that the wet scavenging efficiently reduces the aerosol concentration and thus affects the
observed LWP-CCN-CDNC relationship. On the other hand, we can see the increase in LWP as a function of
CDNC for most of the data. Comparing this to the mean updraft in Figure 4, we can see that the increase in CDNC
is correlated with higher updrafts. These updrafts are high enough to allow particles smaller than 100 nm to be
activated as cloud droplets. Another interesting region of the data is around the CDNC values of 300 per cc, where
LWP increases with increasing CCN concentration. This could be due to a correlation between large-scale
meteorology and CCN advection from source areas.
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Figure 6. Susceptibility of cloud-top CDNC to changes in CCN burden from (a) satellite observations and (b) climate model
data using Elastic Net Regression. The data points represent actual CDNC and CCN values from MODIS and the model,
respectively, while the regression lines show the ENR-derived relationships.

3.5. Slope Estimation Using Elastic Net Regression
Markings in a are CDNC simulated by cloud parcel model for different updraft velocities.

As we observe that there are multiple factors influencing CDNC beyond CCN alone, and bivariate regression
results in an unphysical higher-than-one slope estimate between CCN and CDNC, it is imperative to explore
alternative approaches capable of accurately capturing the role of aerosols in cloud formation. To address this
challenge, we evaluate the efficacy of using ENR, a novel machine learning-based regularization approach, to
extract the CCN-CDNC correlation. ENR is widely used to model complex relationships while reducing issues
such as multicollinearity and overfitting. ENR allows incorporation of a set of feature variables relevant for the
prediction of the target variable, including various atmospheric and environmental factors influencing cloud
formation and behavior. We used the same set of features for ENR as those used for feature selection using RF
(see Table 1). ENR can account for both linear and non-linear dependencies by fitting an improved version of the
linear regression model by imposing L1 and L2 regression penalties as given in Section 2.4.

Our results, as illustrated in Figure 6, show that the slope estimates obtained through ENR are much lower values
than BLS fitting. Notably, the ENR slope estimates for both satellite observations and climate model data are less
than 1, contrasting with the steeper, unrealistic slopes produced by BLS. This difference in slope estimates is
particularly significant given the physical constraints of aerosol-cloud interactions.

The ENR derived slope closely aligns with the cloud parcel model results, which is based on well-established
physical principles of droplet activation and supersaturation. The cloud parcel model was run with observed
initial conditions to mimic real-world scenarios, providing an accurate theoretical representation of how CCN
concentrations influence CDNC under varied updraft conditions. This alignment suggests that ENR accurately
captures a physically plausible CCN-CDNC slope under the observed conditions, effectively mitigating the
impact of noise and other confounding factors in the observational data. As a result, ENR produces a slope that
aligns more closely with the theoretical expectations. This consistency between ENR estimates and the cloud
parcel model underscores ENR's ability to provide a more reliable estimate of cloud droplet susceptibility to
aerosol perturbations. ENR achieves this by incorporating regularization techniques and feature selection,
providing more accurate slope estimates and reinforcing confidence in its effectiveness for capturing the complex
CCN-CDNC relationship. The coefficients of different features derived from the ENR are provided in Tables S1
and S2 in Supporting Information S1 for further reference.

Furthermore, in our study, the slope estimates derived from ENR closely match those obtained through OLS
regression. However, it is important to exercise caution when using OLS regression, as it may produce good
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results for the wrong reasons, particularly in more complex or multicollinear data sets where its assumptions may
not hold. Additionally, the supplementary analysis, which compares various regression methods using synthetic
CCN and CDNC data, further adds confidence to the efficacy of ENR. This analysis demonstrates how ENR
outperforms other approaches by accounting for the multivariate relationships in the data and providing more
physically consistent slope estimates. This comparison is detailed in Text S1 in Supporting Information S1, which
offers additional evidence supporting the robustness of ENR in capturing CCN-CDNC relationship under diverse
conditions.

4. Conclusions

In conclusion, our study employed a comprehensive approach to investigate the intricate relationships between
CCN, CDNC, and associated atmospheric dynamics using a combination of regression methodologies. We uti-
lized both OLS and BLS fitting methods to assess the CDNC's susceptibility to aerosol perturbations. While OLS
regression consistently struggled to fit the data points in both satellite observations and climate model simula-
tions, BLS yielded unphysical relationships. Notably, the slope estimates derived from BLS consistently
exceeded 1, contrary to what is expected in reality.

To address these limitations, we leveraged advanced machine learning techniques to identify key predictors
influencing CDNC variability. Our analysis highlighted the critical role of updrafts in shaping the CCN-CDNC
relationship. Specifically, stronger updrafts were associated with higher CDNC levels for a given CCN. However,
when clouds with varying updraft strengths are included in the analysis, statistical methods like BLS can lead to
an artificially steeper slope. This is because the differences in updraft strengths result in distinct cloud dynamics,
and combining these variations in the analysis can exaggerate the slope between CCN and CDNC. Furthermore,
this pattern in updraft and cloud types significantly influenced the variability in LWP. In order to account for these
complexities, we recommend the use of a machine-learning based regularization method such as ENR, to
accurately estimate the susceptibility of cloud droplets to aerosol perturbations. The use of ENR to analyze such
data results in more accurate estimates of the susceptibility of CDNC to changes in CCN concentrations. By
incorporating key predictors affecting CDNC variability, ENR provides a robust framework for analyzing
complex data sets with diverse cloud types and atmospheric conditions. The use of ENR results in more accurate
estimates of the susceptibility of CDNC to changes in CCN concentrations, addressing the limitations of tradi-
tional regression methods. Therefore, we suggest employing ENR as a preferred method for estimating the
susceptibility of CDNC to changes in CCN concentration in studies involving non-homogeneous cloud pop-
ulations. To further validate the physical realism of ENR-derived slope estimates, we compared them with the
results from a cloud parcel model simulations and tested their robustness using a synthetic data set with a pre-
scribed CCN-CDNC relationship. The parcel model provides a first-order theoretical benchmark based on well-
understood activation physics. We found that the ENR slopes aligned closely with parcel model results, rein-
forcing that ENR is capturing the dominant microphysical processes in a physically meaningful way. Addi-
tionally, in synthetic experiments where the true slope was known, ENR produced estimates closer to the
prescribed value despite the presence of noise and multivariate influences, whereas OLS and BLS showed
systematic biases. These comprehensive evaluations of theoretical models, synthetic simulations, and observation
strengthen our confidence that ENR provides not only statistically robust but also physically grounded estimates
of CDNC susceptibility to aerosol perturbations.

It is also important to note that the stronger CCN effect on CDNC in the model compared to satellite observations
is largely due to differences in updraft strength, which plays a crucial role in CDNC. As shown in Figure 4, the
climate model systematically overestimates updraft velocity compared to satellite-derived values. Since updrafts
directly influence supersaturation and subsequent CCN activation, this bias can lead to an enhanced CDNC in the
model. In the model, where updrafts are stronger, it is more likely that activation is in the aerosol limited regime,
which results in a stronger sensitivity of CDNC to CCN than in the case of lower updrafts.

It should also be noted that although the sensitivity estimates from OLS and ENR for MODIS data and climate
model simulations appear to be numerically closer (e.g., 0.34 vs. 0.40 for MODIS and 0.58 vs. 0.61 for simulation
data), the true advantage of ENR lies in its ability to handle the complexities of real-world data. ENR, unlike OLS,
is effective at reducing the undue effects of noise and multicollinearity through regularization, thereby limiting
the influence of less relevant predictors. This makes ENR particularly robust when extending analyses to
observational data sets where retrieval uncertainties, spatial averaging, and other sources of variability are
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present. Moreover, the limited variability in the x-direction, which is CCN in our case, partly accounts for why the
slope estimates from ENR and OLS do not differ dramatically. With a fairly narrow range of CCN values, both
methods may yield similar estimates, which makes the advantage of ENR's regularization less apparent when
looking at the slope. These qualities further support the use of ENR as a more reliable and robust approach for
estimating the susceptibility of CDNC to changes in CCN concentration, particularly in studies involving non-
homogeneous cloud populations.

By integrating machine learning techniques with traditional statistical methods, our study advances the under-
standing of aerosol-cloud interactions and their implications for cloud microphysics. This approach provides
valuable insights into how changes in aerosol concentrations and atmospheric dynamics modulate cloud prop-
erties, ultimately contributing to improved modeling of cloud behavior and climate impacts.
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