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Abstract: Cloud condensation nuclei (CCN) play a critical role in cloud droplet formation and
microphysical processes. Based on aircraft observations, this study investigated the factors controlling
15 CCN number concentrations (NCCN) under different aerosol vertical structures (Decrease, Increase, and
Stable) and supersaturation (SS) conditions using generalized additive models (GAM) combined with
SHapley Additive exPlanations (SHAP).NCCN reached up to 10° cm™ near the surface and generally
decreased with altitude, while aerosol vertical structures modulated its abundance, with the Increase
structure showing higher NCCN than Stable and Decrease structures. CCN activation ratios increased
20  with SS and exhibited a non-monotonic vertical variation, with no consistent ranking among aerosol
structures, indicating that supersaturation dominates CCN activation. Activated CCN droplet spectra
showed unimodal distributions, with peak diameters increasing from ~2 pm at SS = 0.2 to ~5 um at SS
= 1.0. Although spectral shapes were similar among different structures, higher small-size aerosol
concentrations (SA) enhanced CCN peak concentrations. GAM results identified temperature (T), SA,
25 relative humidity (RH), and horizontal wind speed (WS) as important explanatory variables for NCCN
variations, with contributions of 20%-56%, 9%-45%, 9%—40%, and 3%-19%, respectively. SHAP
analysis revealed that the contributions of T varied among different aerosol vertical structures, showing
positive associations under Decrease and Increase structures but negative associations under Stable
conditions, whereas SA consistently exhibited positive contributions. RH showed nonlinear relationships

30  with NCCN, with an inflection point near 60%.
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1.Introduction

Aerosols influence cloud droplet formation by acting as cloud condensation nuclei (CCN),
representing one of the key pathways of aerosol-cloud—climate interactions (Guo et al., 2021; Kdohler,
1936; Tao et al., 2021a). Under certain supersaturation (SS) conditions, CCN can be activated to form

35 cloud droplets, thereby affecting cloud droplet number concentration, effective radius, and microphysical
structure, which in turn modify cloud radiative properties and precipitation efficiency. For instance, an
increase in aerosols leads to higher CCN concentrations; if the cloud water content remains constant, this
results in smaller droplet sizes, higher cloud droplet number concentrations, and increased cloud albedo
(Lin et al., 2026; Twomey, 1977). Simultaneously, reduced droplet coalescence prolongs cloud lifetime

40 and decreases precipitation (Albrecht , 1989; Khatri et al., 2023). These phenomena are referred to as the
first and second indirect effects of aerosols. With the advancement of research, new insights have
emerged. For example,(Prabhakaran et al., 2025) found that under a warming climate, aerosol
perturbations affect the stratocumulus-to-cumulus transition (SCT) over the northeastern Pacific; during
the non-precipitating stratocumulus stage, the cloud radiative effect (CRE) responds more strongly to

45 climate change than to aerosols, whereas after cloud breakup, aerosol effects become dominant. Khatri
etal. (2022) reported that increased aerosols may enhance droplet collision—coalescence, leading to larger
cloud droplets. Borys et al. (2003)observed that high anthropogenic aerosol concentrations significantly
alter the microphysical structure of lower “feeder” layers in orographic clouds, suppressing or even
entirely blocking the riming growth of snow particles, thereby reducing snow water equivalent

50  precipitation rates. Therefore, a thorough understanding of CCN activation processes and controlling
factors is crucial for elucidating aerosol indirect climate effects.

The activation of CCN depends not only on ambient supersaturation but also on aerosol size
distribution, chemical composition, and mixing state (Jose et al., 2026; Tao et al., 2021b). In most
atmospheric environments, particle size distribution is a decisive factor for CCN activation, with larger

55 particles more readily activated at lower supersaturation (Asa-Awuku et al., 2007; Kleinheins et al., 2025).
According to Kohler theory, the critical supersaturation of an aerosol particle is closely related to its size
and solubility; therefore, aerosol size spectrum is a key determinant of CCN number concentration and
activation characteristics. Moreover, acrosols and related environmental factors often exhibit pronounced

vertical heterogeneity (Xu et al., 2022; Zhang et al., 2021) which may modulate CCN activation, yet the
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60  underlying mechanisms remain incompletely understood.

Current studies on CCN characteristics primarily rely on ground-based observations, satellite
retrievals, and aircraft measurements. Among these, aircraft observations uniquely provide vertical
distributions of aerosols, meteorological variables, and cloud microphysical parameters, offering distinct
advantages for investigating aerosol—cloud interactions. For example, Zhang et al. (2022) found that in

65 the North China Plain, the vertical distribution of NCCN is jointly influenced by T structure, air mass
origin, anthropogenic emissions, and topography. Xu et al. (2022) reported that in southern China, NCCN
initially increases with height, peaking at ~1.3 km, before rapidly decreasing. Liu et al.
(2025)demonstrated that CCN vertical distributions are shaped by boundary layer structure, air mass
transport, and thermodynamic conditions, with aerosols at different altitudes participating in cloud

70 droplet formation via vertical transport, significantly affecting droplet number concentration and size
distribution. However, most existing studies focus on single altitudes or overall statistical relationships,
and systematic investigations of how different vertical aerosol structures (e.g., increasing or decreasing
with height) influence CCN activation remain limited.

Traditional approaches, often based on correlation analysis or idealized theoretical frameworks,

75 struggle to capture the nonlinear coupling among multiple factors. In recent years, machine learning (ML)
has increasingly been applied in atmospheric sciences, showing clear advantages in handling high-
dimensional, multivariate data and identifying key driving factors. In aerosol—cloud interaction studies,
ML methods can extract aerosol—cloud interaction signals from complex meteorological covariates,
reducing uncertainties inherent in conventional statistical approaches (Chen et al., 2022). In CCN

80  research, ML has been used to predict NCCN based on aerosol chemical composition and meteorological
variables, significantly improving model simulation accuracy (Ren et al., 2025). Further studies indicate
that ML can reveal intrinsic relationships among aerosol chemical composition, size distribution, and
CCN activation (Nair et al., 2021). Additionally, interpretable ML methods, such as SHAP, have been
applied to quantitatively assess contributions of different factors to CCN and cloud microphysical

85 parameters, providing critical insights into nonlinear mechanisms (Wang et al., 2025; Zipfel et al., 2024).

Against this background, the present study utilizes aircraft observations to systematically analyze
CCN activation characteristics over eastern China, focusing on vertical and size distributions as well as
variations under different cloud microphysical conditions. Machine learning methods are further

employed to quantitatively evaluate key factors controlling CCN activation. This study enhances
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90  understanding of aerosol-cloud interactions in eastern China and provides observational evidence to

improve related parameterizations in climate models.

2.Data and Methods

2.1. Overview of Aircraft Observations

This study utilized data from four aircraft flights, including one calibration flight conducted by B-

95 3726 and three observation flights by B-3435. Among all flight missions, Flight 1 (F1) was conducted

under clear-sky conditions, while Flights 2—4 (F2-F4) sampled mixed-phase clouds. In particular, the

cloud base heights were approximately 2300 m in F3 and F4. Additional flight details are provided in

Table 1.

Tablel. Detailed Information of Aircraft Flight Missions

Flight Aircraft Date Takeoff Cloud Phase 0°C Level Departure
Modle Time Height Location

1 B-3726 2018-3-21 21:44 Clear-sky - -

2 B-3435 2018-3-23  20:48 Mixed-phase  3500m Zhengzhou

3 B-3435 2018-3-24  13:55 Mixed-phase  2600m Xinzheng
Airport

4 B-3435 2018-3-26  16: 00 Mixed-phase  3100m Xinzheng
Airport

100 As shown in Fig.1, after taking off from Zhengzhou, F2 sampled altitudes between 1800 m and 4500

m, with in-cloud measurements around 4000 m (cloud identification criteria are detailed in Section 2.3).

F3 sampled altitudes from 2400 m to 4200 m, with limited in-cloud data obtained around 2300 m. During

F4, the sampling altitude ranged from 2200 m to 6000 m, where relatively deep clouds were observed.
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105 Fig.1. Flight trajectories of the four observation missions (March 21, 23, 24, and 26 correspond to
F1-F4, respectively).

2.2. Instruments and Data Processing

The observations in this study were obtained using a Cloud Condensation Nuclei Counter (CCNC),
Cloud Droplet Probe (CDP), Cloud Imaging Probe (CIP), Passive Cavity Aerosol Spectrometer Probe
110 (PCASP), and the 20-Hz Aircraft Integrated Meteorology Measuring System (AIMMS-20). The core of
the CCNC is a cylindrical thermal gradient diffusion chamber. A constant T gradient is applied along the
walls of the chamber. Since heat diffuses more slowly through the air than through water vapor, a
supersaturation is produced inside the cylinder. Aerosol flow is introduced into the centerline of the
filtered and humidified sheath flow. A constant ratio of 10:1 is maintained between the sheath and aerosol
115 flow. Supersaturation is developed inside the chamber according to the chamber flow, the streamwise T
gradient, and the absolute pressure inside the column. Those particles whose critical supersaturation is
less than the instrument supersaturation will grow as cloud droplet (Jayachandran et al., 2017; Liu et al.,

2020). Five supersaturation levels (0.2%, 0.4%, 0.6%, 0.8%, and 1.0%) were set in the experiment. Each
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measurement cycle lasted 25 min, with a sampling time of 5 min at each supersaturation level. Since the
CCNC requires a finite response time to reach a stable supersaturation after switching between different
supersaturation settings, transient periods around supersaturation transitions were excluded. The first and
last 60 s of each supersaturation period were removed, and only the stable measurement period was
retained for subsequent analysis(Jayachandran et al., 2017; Lance et al., 2006). The CDP provides
comprehensive information on cloud droplet number concentration, size distribution, and liquid water
content for droplets ranging from 2 to 50 um (Faber et al., 2018). By guiding cloud droplets into the
probe, the CDP determines the diameter of individual liquid droplets based on single-particle light
scattering principles (Ke et al., 2024). The CIP quantifies ice particle concentration (Ni) and particle
morphology by imaging particles passing through a collimated laser beam (Baumgardner et al., 2001).
The PCASP measures particle size distribution based on the intensity of scattered light generated as
individual particles pass through a laser beam, using the known relationship between scattering intensity
and particle diameter (Cai et al.,, 2013). AIMMS-20 is a meteorological measurement system that

provides integrated and on-demand atmospheric data (Ke et al., 2024). Detailed instrument specifications

are provided in Table 2.
Table2. Information of Aircraft-Borne Instruments
Instrument Measured Sampling Time Channel/Bin ~ Manufacturer
Variables Range Resolution
CCNC CCN number  0.75~10pum Is 20 Droplet
concentration Measurement
(NCCN), Technologies
activated (DMT)
droplet size
distribution
CDP Cloud droplet 2~50pum Is 30 Droplet
size distribution Measurement
Technologies
(DMT)
CIP Cloud particle ~ 25~1550pum Is 62 Droplet
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size distribution Measurement
Technologies
(DMT)
PCASP Aerosol size 0.1~3um Is 30 Droplet
distribution Measurement
Technologies
(DMT)
AIMMS-20  Meteorological - Is - Advanced
variables (T, Airborne
RH, etc.) Measurement
Solutions

In this study, NCCN, cloud droplet number concentration (Nc), ice crystal number concentration

(N1i), and aerosol number concentration (Na) were calculated using the following formulas:

Ny = fn(r)dr = Z Ngia

Here, Nd represents the total particle number concentration (particles cm), and NCCN, Nec, Ni,
and Na are obtained by summing the particle number concentrations across the different instrument

channels.
2.3. In-Cloud Data Classification

Based on previous airborne cloud microphysical studies(Hobbs and Rangno, 1998; Hou et al., 2021;
Lance et al., 2010), together with operational experience from weather-modification aircraft observations
in China, in-cloud data were identified using a simplified criterion: a measurement was considered in-
cloud if either the Nc >10cm™ or the Ni>1L™".

During in-cloud measurements, the CCN counter may detect both activated cloud droplets and
interstitial aerosol particles. Without dedicated instrumentation or specific correction procedures, these
two particle populations cannot be reliably distinguished. Therefore, to minimize the influence of cloud
droplet activation on the CCN measurements, all data identified as in-cloud according to the criteria

described above were excluded from subsequent analyses.

EGUsphere\
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2.4 GAM and SHAP

GAM are flexible regression models that account for the additive effects of predictor variables on
the response, including their potential nonlinear relationships (Bi et al.,2022). By applying smooth
functions to input features, GAM can effectively capture nonlinear dependencies. In meteorology and

155 atmospheric sciences, GAM is widely used to model complex environmental data and can accurately
describe the relationships between meteorological variables and atmospheric constituents (Annareddy et
al.,2026). GAM were selected in this study because the primary objective was to quantify the nonlinear
relationships between environmental factors and CCN activation rather than simply maximize predictive
performance. Unlike some complex machine learning and deep learning approaches that primarily

160 emphasize predictive performance and may suffer from limited interpretability, GAM provides an
interpretable framework by describing the response variable as the sum of smooth functions of individual
predictors. This characteristic allows us to identify the nonlinear response patterns and potential
thresholds of CCN concentrations in response to meteorological conditions and aerosol properties. SHAP
is a framework for interpreting predictions from complex models, assigning an importance value to each

165 feature to help understand why a model produces a specific prediction(Lundberg et al., 2017). SHAP is
based on the Shapley value concept from game theory, which extracts feature contributions to ensure fair
and consistent explanations. In this study, GAM was combined with SHAP to analyze the relationships
between meteorological factors, cloud microphysical properties, and CCN concentrations.

In this study, To improve model robustness and reduce the risk of overfitting, a backward stepwise

170 elimination procedure was incorporated into the GAM framework. In each iteration, the least significant
term (p < 0.01) was removed, and model performance was assessed using the Akaike Information
Criterion (AIC). The final model was selected based on the lowest AIC while retaining only statistically
significant predictors, ensuring a balance between model complexity and interpretability.

The dataset was randomly divided into training (80%) and testing (20%) sets using a fixed random

175 seed (random state = 42). Model performance was evaluated using R2.

For nonlinear interpretation, SHAP values were computed using a model-agnostic Kernel Explainer
applied to the trained GAM. A background set of 100 training samples and 300 test samples were used
for Monte Carlo-based approximation of feature contributions.

Two SHAP metrics were used in this study: the mean absolute SHAP value, representing global
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180 feature importance, and the mean signed SHAP value, indicating the direction of each feature’s impact
on CCN concentration. The SHAP contribution percentage was calculated by normalizing the mean
absolute SHAP values across all features.

To reduce multicollinearity among aerosol variables, total aerosol number concentration (Na) was
excluded, while SA, MA, and LA were retained to represent size-resolved aerosol populations, improving

185 interpretability and avoiding redundancy.

3. Results and Discussion

3.1 Influence of Different Aerosol Vertical Structures on CCN Vertical Profiles
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Fig.2. Vertical profiles of meteorological variables and particle concentrations for different flight
190 missions. (a) Temperature; (b) Relative humidity; (c) Horizontal wind speed; (d) Vertical wind
speed; (e) Aerosol number concentration; (f) Ice crystal number concentration; (g) Cloud droplet
number concentration; (h) Variation of CCN number concentration with height under different

supersaturation conditions during F1.

Figure 2 summarizes the vertical distributions of meteorological variables and particle

195 concentrations during the four flight missions. T generally decreased with altitude, and no T inversion
layer was observed. Near-surface T during F2-F4 exceeded 15 °C, whereas F1 exhibited relatively lower

T of approximately 10 °C. RH generally increased with altitude in the lower atmosphere and decreased

at higher levels, although F2 showed a more complex structure, with RH decreasing near 2000 m and

increasing again around 2700 m. WS generally increased with altitude above 2000 m, while greater
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200  variability was observed below this level. Vertical wind speed(VW) measurements indicated
predominantly downward motions below 1000 m and stronger fluctuations aloft.

Na was highest near the surface, reaching the order of 10* cm™, and generally decreased with
altitude (Fig.2e and Fig.S3-S6). Elevated Nc and Ni were observed in several flight missions. For
example, F2 exhibited enhanced Nc and Ni near 4500 m, consistent with the cloud events identified

205 around 21:30 and 22:00 (Fig.S4). Similar enhancements were also observed during F3 and F4 (Fig.2f,g
and Fig.S5-S6), indicating the presence of cloud layers at different altitudes. According to the cloud
classification criteria described in Section 2.3, these observations were used to identify in-cloud periods,
which were subsequently excluded from the CCN analysis.

Fig.2h and Fig.S1 show that CCN number concentration (NCCN) reached values on the order of

210 10° cm™ near the surface and generally exhibited decreasing vertical profiles under different
supersaturation (SS) conditions, although local increases and nearly constant layers were also observed.
For example, under SS = 0.4%, the NCCN profile during F1 exhibited a decrease—increase—decrease
pattern with altitude. When observations from all flight missions were grouped by altitude and analyzed
separately for each SS level (Fig.S2), CCN activation ratios generally exhibited an increase—decrease—

215 increase pattern with altitude, reaching relatively low values around 4000 m in the composite profiles
(3%—8% for SS < 0.6 and 21%—-35% for SS > 0.6). Activation ratios under SS > 0.8% were generally
higher than those under lower supersaturation conditions. In addition, under SS = 0.2%, 0.4%, and 1.0%,
activation ratios decreased with altitude below approximately 500 m. It should be noted that the CCNC
operated sequentially across different supersaturation levels during each flight, resulting in partial

220 coupling between altitude and supersaturation. Therefore, the vertical variations presented here represent
composite statistics from multiple flights rather than purely altitude-controlled or SS-controlled signals.

To investigate the impact of aerosol vertical structure on CCN activation characteristics, aerosol
number concentration profiles were divided into consecutive vertical trend segments according to
changes between adjacent altitude bins (Fig. S7). To reduce the influence of short-term fluctuations and

225 measurement uncertainty, adjacent bins were classified as Stable when the absolute difference in aerosol
number concentration was smaller than 100 cm™ and the relative change was less than 20%. Segments
exhibiting larger positive changes were classified as Increase, whereas those exhibiting larger negative
changes were classified as Decrease. Segments were classified as Increase, Stable, or Decrease and

subsequently grouped to represent different aerosol vertical structure categories.
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Fig.3. Distribution of cloud condensation nuclei (CCN) concentrations under different

supersaturation (SS) conditions and aerosol vertical structural regimes. Boxplots illustrate CCN
number concentrations (CCN NC) for three aerosol vertical structures (increasing, stable, and
decreasing types) across five supersaturation levels (SS = 0.2, 0.4, 0.6, 0.8, and 1.0). The central line
in each box represents the median value, while the box denotes the interquartile range (25th—75th
percentiles). Whiskers extend to 1.5 times the interquartile range, and black circles indicate outliers.
The triangle markers represent the arithmetic mean CCN concentration for each group. In
addition, the 75th percentile (horizontal line) and 95th percentile (cross marker) are explicitly
shown to highlight upper-tail behavior and distribution asymmetry under different aerosol

structural and supersaturation conditions.

The statistical characteristics of NCCN and activation ratio under different aerosol vertical structure
categories are further examined using boxplot analysis (Fig.3 and Fig.S8). The results show that NCCN
exhibits generally higher median and mean values in the Increase category compared with the Stable and
Decrease categories across most supersaturation conditions, indicating that aerosol vertical structure may
influence the overall abundance of CCN. In contrast, CCN activation ratios show a strong dependence
on supersaturation, with generally higher values under SS > 0.8% compared to lower supersaturation
conditions. However, differences among aerosol vertical structure categories are not consistently ordered
across all SS levels, suggesting a condition-dependent rather than systematic structural control. Moreover,
the interquartile range of activation ratios decreases with increasing supersaturation, indicating reduced

variability and a more constrained activation state under high-SS conditions.



https://doi.org/10.5194/egusphere-2026-4682
Preprint. Discussion started: 6 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

(a): F1]8S=0.2 ~ ():F2]55=02 _ (k): F3 S5 =0.2 sgn,_ (P2 F4|85=02
600 — Terease " I
E — Subl E E
= — Decrense = =
© © o
‘E 400 ‘E 500 ‘E 200
2 ;2 2
~ 200 [ o
= = =2
Z 0 E 1 % 0
5 10
Diameter (pm) Diameter (um) Diameter (um) Diameter (pm)
(b):F1/S5=0.4 (@:F2|$5=04 (1:F3|SS=04 (q): F4|$5=0.4
T — | | T T orese | |7 1000 It
£ 2000 — Stable £ 1000 =1 — Stable = — Stble
= — verewe | 400 — berewe | — Deerense
i i [
g 500 Zom g
s g 8
Z2 0 E- z 0
5 10 5 10 5 10 5 10
Diameter (um) Diameter (m) Diameter (m) Diameter (m)
. (c): F1|SS=06 . (h): F2|§5=0.6 - (m): F3[8S =046 = (). F4|SS =06
n Tncrease, n Tociease n — Tnerease n — Tncrease
‘E 1000 — Sruble ‘E 50 — Stable ‘E 300 — Stable ‘E 600 —Sthle
e - 500 — Duareisc o — Deaeme, = — Deaenc
‘E ‘E ‘E 200
= =250 g
g 8 gl
5 s 0 S 0
5 10 5 10 5 10 S 10
Diameter (pm) Diameter (yun) Diameter (jun) Diameter (jum)
gy (QEFL[SS =08 R (i):F2|SS =038 A (n):F3|SS=0.8 _ (5): F4[SS=0.8
o s il i — neresse n — Incresse
E — sue ! £ 400 — = — e
500 — Decese el — Decrense 400 — Deerense
i i i
£ £ 200 £
=2 2° 2200
= 250 2 =
=4 = z
Z 0 Z 0 EA
5 10 5 10 5 10 5 10
Diameter (pm) Diameler (pmm) Diameter (pum) Diamelter (pm)
R @:F1|S$=10 - ():F2[$S=10 R (0):F3[8S=1.0 _ (t: F4|8S=1.0
n 7 n Increase
‘E ‘g ‘g — suhle
o m *200 — buwars
= 's 1000 's
e < £ 100
g 5 5
s Z 0 I
5 10 5 10 5 10 5 10
Diameter (pm) Diameter (pm) Diameter (um) Diameter (un)

Fig.4. Size distributions of activated droplets measured by the CCNC under different
supersaturation (SS) conditions and aerosol vertical structures for Flights F1-F4. Columns
represent individual flight missions, and rows correspond to different SS conditions. Red, green,

255 and blue curves denote the Increase, Stable, and Decrease aerosol vertical structures, respectively.

Fig. 4 shows that the size distributions of CCN-activated droplets measured by the CCNC are

generally unimodal. The modal diameter is approximately 2 pm under low SS conditions (0.2 and 0.4),
whereas it shifts to approximately 5 um under higher SS conditions (0.8 and 1.0). This shift reflects
differences in the subsequent condensational growth of activated droplets within the CCNC rather than

260 changes in the critical activation diameter of aerosol particles. Under higher SS conditions, more aerosol
particles with smaller sizes can be activated, and the enhanced water vapor supersaturation promotes

faster condensational growth after activation, resulting in larger activated droplet sizes measured by the

CCNC. For instance, in F1 (Fig. 4a—e), the modal diameter at SS = 0.2 is 2 um for all three aerosol

vertical structures, whereas it increases to 5.5 pm, 5.5 pm, and 4.5 pm at SS = 1.0 for the Increase, Stable,
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265 and Decrease structures, respectively.

CCN-activated droplet spectra exhibit similar shapes among different aerosol vertical structures,
with only minor differences in modal diameters and peak concentrations. For example, in Fig. 4q, the
modal diameter is 2 um for all three structures, with peak concentrations of 982, 646, and 519 cm™ um™
for the Increase, Stable, and Decrease structures, respectively. However, differences in CCN peak

270 concentrations are not consistent among all cases. In Fig. 4b, the Decrease structure exhibits the highest
peak concentration, while the Stable structure shows the lowest; in contrast, the opposite pattern is
observed in Fig. 4s.

To further investigate the influence of vertical structure, the corresponding aerosol size distributions
were analyzed (Fig.S9). Aerosol spectra generally exhibit a unimodal distribution consistent with the

275 CCNe-activated droplet spectra, with a peak around 0.14 um, followed by a rapid decline beyond 0.32
um. High concentrations of aerosols with diameters <1 pm correspond to higher CCN peak
concentrations. For example, in Fig.S9p, the <1 um aerosol concentration follows the order
Increase > Decrease > Stable, which is consistent with the corresponding CCN-activated droplet spectra
in Fig.4p Similar patterns are observed in other cases, suggesting that variations in <I um aerosol

280 concentrations likely contribute to changes in CCN peak concentrations.

It should be noted that the CCN-activated droplet sizes measured by the CCNC reflect a continuous
condensational growth process under prescribed supersaturation conditions, rather than an equilibrium
particle size. Therefore, the retrieved droplet sizes may be sensitive to instrumental settings, CCN
concentration, and water vapor supply conditions. Accordingly, interpretations of size-related variations

285 should be made with appropriate caution.

Overall, the results indicate that CCN vertical distributions are jointly regulated by supersaturation,
aerosol loading, and vertical structural characteristics. Supersaturation primarily controls the activation
efficiency, resulting in consistently higher activation ratios under high-SS conditions, while aerosol
vertical structure mainly modulates CCN availability through variations in aerosol abundance,

290  particularly submicron particles.

However, the influence of vertical structure on activation ratios is not systematic across all
supersaturation levels, suggesting a strong condition-dependent behavior rather than a purely structural
control. These results further imply that CCN variability arises from coupled effects between aerosol

population characteristics and environmental conditions, rather than a single dominant factor.
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295 This motivates a more quantitative investigation of the relative roles of meteorological conditions
and size-resolved aerosol properties in CCN formation, which is further addressed using correlation
analysis, GAM modeling, and SHAP-based interpretation in the following sections.

3.2 Correlation Analysis between CCN Number Concentration and Environmental Factors under
Different Supersaturation Conditions

300 Pearson correlation analysis was conducted to quantify the relationships between CCN number
concentrations and environmental factors under different aerosol vertical structures and supersaturation
conditions. Statistical significance was assessed using p-values, and correlation coefficients were
reported to evaluate the strength and direction of these relationships. Figure 5 shows that, across different
aerosol vertical structures, temperature (T), SA, and Na are generally positively correlated with CCN

305 concentrations, whereas wind speed (WS), vertical wind (VW), medium-size aerosol number
concentration (MA), and large-size aerosol number concentration (LA) exhibit predominantly negative
correlations. RH shows an SS-dependent relationship, with negative correlations under low
supersaturation conditions (SS = 0.2 and 0.4) but positive correlations at higher supersaturations (SS =
0.6, 0.8, and 1.0). Among all examined factors, T, SA, and Na exhibit the strongest correlations with

310 CCN, followed by RH and WS, while VW, MA, and LA show relatively weaker relationships.
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Fig.5.F1-F4 Correlation between CCN number concentration and various environmental factors
under different aerosol vertical structures for Flights F1-F4 at multiple supersaturation (SS)
conditions. Four meteorological variables and four aerosol size classes are included: small aerosols

315 (SA, 0.1-1 pm), medium aerosols (MA, 1-2 pm), large aerosols (LA, 2-3 pm), and total aerosols
(Na, 0.1-3 pm). Red and blue colors indicate positive and negative correlations, respectively, and
the numerical values represent the correlation coefficients. Asterisks denote statistical significance
(*p <0.05, **p <0.01, ***p <0.001).
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The overall correlation patterns are generally consistent among different aerosol vertical structures,
320 although the correlation coefficients vary. In particular, correlations under the Stable structure are
generally weaker than those under the Increase and Decrease structures. For example, T exhibits positive
correlations with CCN under all three structures, with mean correlation coefficients of 0.456, 0.672, and
0.666 for Stable, Increase, and Decrease structures, respectively. Furthermore, relatively high correlation
coefficients in the Increase structure mainly occur at SS = 0.2, 0.8, and 1.0, whereas those in the Decrease
325 structure are primarily observed at SS = 0.8 and those in the Stable structure at SS = 0.4.
Notably, the correlations between Na and CCN are highly consistent with those between SA and
CCN, with differences in correlation coefficients generally within 0.1. This suggests that variations in
Na are largely associated with changes in SA, highlighting the importance of small-size particles in
determining aerosol number concentration variability. This result is also consistent with the aerosol size
330 distribution characteristics shown in Fig. S9.
3.3 Quantitative Analysis of Factors Influencing CCN Activation Based on GAM and SHAP
Machine Learning Approaches
To further investigate the nonlinear effects of these factors on CCN number concentration and
quantify their individual contributions, a GAM was employed in combination with the SHAP method.
335 This approach enables the assessment of the relative importance of each factor and elucidates their
underlying mechanisms. Model evaluation results indicate that the mean R? values for the training and
test sets are 0.85 and 0.82, respectively, demonstrating good model fit and generalization performance.
The relationship between predicted and observed NCCN values (Fig.S10) shows that most data points
are distributed near the 1:1 reference line, indicating strong agreement between model predictions and

340 observations, consistent with the high R? values.
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Fig.6 shows that under the three aerosol vertical structures, T, RH, WS and SA consistently rank

16
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345 among the top four contributors, indicating their strong contributions to variations in NCCN within the
model framework. Specifically, in the Decrease and Stable scenarios, T exhibits the highest contribution,
exceeding 25% in both cases. In the Increase scenario, T’s contribution ranking decreases under certain
SS conditions but still remains above 15%, suggesting that T maintains high importance across different
scenarios and is closely associated with variations in NCCN. RH contributes approximately 15% on

350 average, reaching up to 38% in certain scenarios. WS contributes around 12% on average, peaking at
approximately 30% under SS = 0.6 in the Increase scenario, indicating a scenario-dependent influence of
RH and WS. This may relate to the effect of humidity on aerosol hygroscopic growth and the role of WS
in aerosol transport and dispersion. SA generally shows high contributions across most scenarios, with
contribution rates often exceeding 15%.

355 In contrast, VW contributes less than 10%, indicating a relatively minor impact on NCCN. MA and
LA also contribute less than 10%, much lower than SA, suggesting that the contribution of aerosols to
NCCN is primarily driven by SA, consistent with previous analyses.

Moreover, the SHAP net contributions of NCCN exhibit notable differences under varying aerosol
vertical structures and supersaturation conditions (Fig.S11). The net contributions of T, RH, WS and SA

360 generally have larger absolute values, whereas those of VW, LA and MA are relatively smaller, consistent
with the previously discussed contribution rates. Specifically, T shows predominantly positive
contributions under the Decrease and Increase scenarios, but mainly negative contributions under the
Stable scenario. SA contributes positively across all three scenarios, while the directions of WS and
RHcontributions do not show clear scenario-dependent patterns.

365 In summary, the model identifies T (20%—-56%), SA (9%—45%), RH (9%-40%), and WS (3%—19%)
as the most important factors under most scenarios, whereas LA, MA, and VW only show significant
contributions in specific cases. Analysis of the individual SHAP value variations (Fig.S12-S29) further
reveals that, the SHAP values of T, RH, WS, VW, and SA generally exhibit pronounced nonlinear
behavior across different scenarios, while those of LA and MA vary approximately linearly.

370 The contribution of T generally increases with its magnitude; in the high range, it usually shows
positive SHAP values, whereas in the low range it shows negative SHAP values. This indicates that the
model considers higher T conditions favorable for an increase in NCCN, while lower T conditions are
unfavorable. Comparing the vertical distributions of T and Na (Fig.2 and Fig.S7) reveals a certain

similarity: high (low) T values often correspond to higher (lower) Na concentrations. Therefore, the
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375 contribution of T to NCCN in the model may partly reflect the coordinated variation between T and Na
distributions, rather than implying that T alone directly controls CCN formation.

The contribution of SA generally increases with its magnitude, showing a significant positive effect
on NCCN at high values. This may be because small particles can grow through condensation or
coagulation into the accumulation mode, becoming effective cloud condensation nuclei. Previous studies

380  have shown that small particles produced by new particle formation can significantly increase CCN
concentrations during subsequent growth (Kerminen et al., 2012). Therefore, an increase in SA may
reflect an enhanced potential source of CCN, resulting in a positive contribution in the model.

The SHAP values of RH exhibit a pronounced nonlinear relationship with CCN concentrations. An
inflection point is observed around 60% RH in most cases. Below this level, SHAP values generally

385 increase with increasing RH, suggesting that higher humidity conditions favor aerosol water uptake and
enhance CCN activation. Above this level, the SHAP contribution gradually decreases, indicating that
the marginal influence of further RH increases on CCN concentrations becomes weaker, possibly because
particles have already undergone substantial hygroscopic growth under humid conditions.

The contribution of WS to NCCN SHAP values varies considerably across different scenarios,

390 showing a strong dependence on environmental conditions.

The contributions of other factors show relatively small changes or large variations depending on

the scenario, and are therefore not discussed in detail in this study.
4.Conclusions

NCCN reaches up to 10° cm™ near the surface and generally decreases with increasing altitude.

395 Under different supersaturation (SS) conditions, the CCN activation fraction exhibits a “first increase—

then decrease—then increase” variation with height, reaching a minimum around 4000 m (3%-8% for SS

< 0.6 and 21%-35% for SS > 0.6). Overall, higher activation fractions were observed under SS > 0.8,
consistent with the expected dependence of CCN activation on supersaturation.

Based on the vertical variation characteristics of aerosol number concentration, the altitude layers

400 are classified into Decrease, Increase, and Stable types, and all segments within each category are

combined for statistical analysis. The results show that NCCN differs significantly among different

aerosol vertical structures, with the Increase structure exhibiting higher NCCN overall than the Stable

and Decrease structures, indicating that aerosol vertical structure may modulate the overall CCN
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concentration distribution. In contrast, CCN activation ratios do not show a consistent ranking among
405 different vertical structures, but are substantially higher under SS > 0.8%, indicating a stronger
dependence on supersaturation.

The CCN-activated droplet spectra generally exhibit a unimodal distribution. At SS = 0.2, the modal
diameter is approximately 2 pm, increasing to about 5 um as SS rises to 1.0. Although the spectral shape
is broadly similar across different aerosol vertical structures, with relatively small differences in modal

410 diameter, variations in peak concentration are observed. In general, higher SA correspond to higher CCN
peak concentrations.

T, SA, and Na are consistently positively correlated with CCN, whereas WS, VW, MA, and LA are
mainly negatively correlated. RH shows negative correlations under low supersaturation (SS = 0.2 and
0.4) and positive correlations under higher supersaturation (SS = 0.6, 0.8, and 1.0). Overall, T, SA, and

415 Na exhibit the strongest correlations with CCN, followed by RH and WS, while VW, MA, and LA show
weaker correlations. Correlations under the Stable structure are generally weaker than those under the
Increase and Decrease structures.

GAM and SHAP analyses indicate that T, SA, RH, and WS are identified as the most important

predictors associated with NCCN variations in the model, with contribution rates of approximately 20%—
420 56%, 9%-45%, 9%—40%, and 3%—19%, respectively. In the Increase structure, the contribution of T is

somewhat reduced. T contributes positively in the Decrease and Increase structures but negatively in the

Stable structure. SA contributes positively across all three aerosol vertical structures, whereas WS and

RH do not exhibit clear scenario-dependent patterns in their net contributions. In addition, SHAP results

show that T, RH, WS, VW, and SA exhibit pronounced nonlinear responses, whereas LA and MA show
425 approximately linear behavior.

The contributions of T and SA generally increase with their magnitude, showing significant positive
SHAP contributions at high values. RH exhibits a pronounced nonlinear characteristic, with a turning
point around 60%: below this threshold, SHAP values increase with RH, while above it, they gradually
decrease. The contribution of WS varies considerably across different scenarios, showing a strong

430 dependence on environmental conditions.

Overall, the dominant roles of temperature and fine aerosol concentration identified in this study are

generally consistent with previous observational and numerical studies showing that thermodynamic

conditions and aerosol properties jointly regulate CCN activation(Thomas et al., 2024). Unlike previous
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numerical studies, particularly direct numerical simulations (DNS), which mainly investigate CCN

435 activation under idealized cloud conditions, this study provides aircraft-based observational evidence of
CCN variability and its controlling factors under realistic atmospheric environments. These
complementary observational results provide useful constraints for improving our understanding of
aerosol—cloud interactions.

Several limitations should be acknowledged. First, CCN measurements at different supersaturation

440 levels were conducted sequentially rather than simultaneously, which may introduce partial coupling
between altitude and supersaturation despite the quality-control procedures applied. Second, the analyses
were based on four aircraft flights over eastern China and therefore may not fully represent the variability
under different meteorological conditions or in other regions. Future studies combining long-term aircraft
observations with numerical simulations are needed to further evaluate the generality of these findings

445 and the underlying physical mechanisms.

In addition, some predictor variables, particularly temperature and altitude, are physically correlated
in aircraft observations. Consequently, although GAM and SHAP identify temperature as one of the most
influential predictors, the model quantifies statistical associations rather than direct causal relationships.
Future studies incorporating more independent observations and process-based numerical simulations

450 are needed to further distinguish the respective influences of thermodynamic conditions and altitude-
related variability.

Despite these limitations, the present results suggest that variations in lower-tropospheric NCCN
are closely associated with aerosol loading, thermodynamic conditions, and aerosol vertical structure.
The combination of aircraft observations with interpretable machine learning provides an effective

455 framework for identifying the dominant environmental factors associated with CCN variability and offers
valuable observational constraints for improving CCN activation parameterizations in cloud-resolving

models as well as larger-scale atmospheric models.

Code and data availability

Code and data will be made available on request.
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