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Abstract. Ice nucleating particles (INPs) are rare aerosols essential for cloud ice formation in the mixed-phase temperature

range between -38 ◦C and 0 ◦C. Due to measurement challenges and limitations in instrument capabilities, the availability of

atmospheric observations of INPs remains scarce in time and space. Consequently, no observation-based global distribution of

INPs exists so far. This study applies a machine learning (gradient boosting) algorithm to predict the INP concentration over
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the mixed-phase temperature range across the globe using aerosol mass concentration reanalysis and observed immersion-5

mode INPs. This proof-of-concept exercise demonstrates that even with limited measurements, the occurrence of INPs can be

estimated, following the spatial pattern of key aerosol species. Point-based evaluation metrics, R2 and log-based RMSE, reach

0.83 and 0.71 for the gradient boosting model, compared to 0.75 and 0.86 for the linear regression benchmark. Regional INP

spectra with temperature extracted from the machine learning model agree within one order of magnitude with observations,

except over Antarctica (mean bias factor of 150). INPs in continental (oceanic) regions are well-predicted within a mean bias10

of 2.4 (overestimated within a mean bias of 4) by the machine learning model. The prediction is driven by the strong temper-

ature dependence followed by mid-sized dust particles. This approach can resolve a long-standing source of INP prediction

uncertainty in regional weather and climate models.

1 Introduction15

Clouds remain one of the most uncertain aspects of climate change (IPCC, 2021; Murray et al., 2021). Their composition

alters the interaction with radiation, modulating the energy budget on Earth. In the mixed-phase regime, between -38 ◦C and

0 ◦C (Murray et al., 2012), clouds may contain both supercooled liquid droplets as well as cloud ice due to the presence of

ice nucleating particles (INPs). These rare aerosols have the capacity to lower the energy barrier for phase change from liquid

droplets to ice crystals and are necessary for cloud ice formation through immersion freezing in the mixed-phase regime.20

Immersion freezing describes the process of a cloud droplet freezing due to an immersed INP within, and is thought to be the

main ice nucleation pathway in mixed-phase clouds (Ansmann et al., 2009; Burrows et al., 2022).

Significant research has been done to understand what constitutes a highly active INP (Hoose and Möhler, 2012; Murray

et al., 2012; Burrows et al., 2022), but much uncertainty remains. Mineral dust (Kumai, 1961; Niemand et al., 2012; Murray

et al., 2012; Boose et al., 2016) and fertile soil dust with an organic component (O’Sullivan et al., 2014; Tobo et al., 2014;25

DeMott et al., 2025) nucleate ice at temperatures below -20 ◦C. Biological material may explain the nucleation at warmer

temperatures (Schnell and Vali, 1972; Wilson et al., 2015; O’Sullivan et al., 2018). Biological aerosols include particles such

as bacteria, fungal spores, non-proteinaceous polymers, and pollen (Després et al., 2012; Kinney et al., 2024). Primary marine

organic aerosols (PMOA) are emitted to the atmosphere via sea spray and are an important source of INPs over oceans and in

remote regions (DeMott et al., 2016). Biomass-burning aerosol, comprising black carbon, organic aerosol, mineral dust, and30

plant debris, has been identified as a complex INP source (Burrows et al., 2022). Recent literature indicates that black carbon

has a low INP impact in the mixed-phase temperature range in the immersion mode (Vergara-Temprado et al., 2018; Schill

et al., 2020), but the importance of organic matter (OM) remains unclear (Chen et al., 2025; Gohil et al., 2025). Finally, ice

nucleating capabilities have been found in volcanic ash (Hoyle et al., 2011; Umo et al., 2021), metal oxides (Worringen et al.,
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2015), as well as microplastics (Tatsii et al., 2025). These species tend to be found at colder nucleation temperatures and are35

less common in the atmosphere.

Aerosol-aware models have enabled global modelling of INPs. Using ice nucleation active site (INAS) density parameterisa-

tions for immersion freezing, these models can represent the primary drivers of nucleation: temperature, number concentration

and surface area concentrations of ice nucleation active aerosol species. A great effort has been put into the development of

INAS density parameterisations for dust (Niemand et al., 2012; Ullrich et al., 2017; Harrison et al., 2019). Recent modelling40

studies by Herbert et al. (2025) (H25), and Chatziparaschos et al. (2025) (CH25), have produced global distributions of INPs

based on (mainly) the INAS density for dust and PMOA. The representation of dust is parameterised using fertile soil dust for

H25 (O’Sullivan et al., 2014) and K-Feldspar (mineral dust) (Harrison et al., 2019) for CH25. While sea salt (the inorganic

component of sea spray) is not an efficient INP, McCluskey et al. (2018) developed an INAS density parameterisation for sea

spray aerosols (SSA) of unknown PMOA content.45

Many global and regional models, such as numerical weather prediction (NWP) and climate models, operate with simplified

immersion freezing schemes (Fletcher, 1962; Cotton et al., 1986; Cooper, 1986; Meyers et al., 1992) that are not coupled to

aerosols due to computational restrictions. Yet, studies show that if included, explicit aerosol-ice interactions improve weather

forecasting (Hermes et al., 2024). The simplified immersion freezing parameterisations depend solely on temperature and

are insensitive to changes in aerosol concentrations driven by seasonality or climate change. Motivated by this shortcoming50

and the possibility of bypassing assumption-based INAS density parameterisations, this study shows how machine learning

(ML) methods can be used to predict a global INP distribution. Recent advancements in the field have brought an increase in

atmospheric applications of ML methods. The eXtreme Gradient Boosting algorithm (XGBoost) (Chen and Guestrin, 2016)

has been used to understand the Southern Ocean radiation bias (Fiddes et al., 2024), improving the prediction of low-cloud

fraction (Zhang et al., 2024), as well as for predictor selection for tropical rainfall forecast (Satheesh et al., 2025). XGBoost55

is a supervised learning algorithm that builds predictions by combining many simple decision-tree models. Each decision tree

makes a series of basic yes-or-no splits based on the input features (variables used to train the ML model), grouping similar data

points together to produce a prediction. In XGBoost, these trees are constructed sequentially using a process called boosting:

each new tree is trained to focus on the mistakes made by the previous trees. By repeatedly correcting earlier errors, the full

collection of trees produces increasingly accurate predictions.60

In this study, we train an XGBoost model to predict a global distribution of INP concentration. The input data include field

measurements of INP concentration at surface sites from 5 continents and from ship-based campaigns spanning 49 datasets

amounting to 416,469 data points (Table A1, Fig. A1) in immersion freezing mode at activation temperatures between -36 ◦C

and -3 ◦C. The features include: activation temperature of the immersion freezing INPs, and collocated Copernicus Atmosphere

Monitoring Service (CAMS) aerosol mass concentration reanalysis. This includes aerosol mass concentrations from three65

modes of dust and sea salt, and hydrophilic OM from natural and anthropogenic sources. These species contribute or act as a

proxy to the INP concentration in the mixed-phase temperature range. The XGBoost model is evaluated by assessing its: 1)

predictive skill using unseen data, 2) ability to capture the temperature dependence in regional climatological INP predictions,

and 3) ability to produce realistic global INP distributions.
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2 Data and Methods70

2.1 INP Datasets

The INP datasets used for this proof-of-concept study are outlined in Table A1 and shown spatially in Fig. A1. Some limitations

were imposed on the selection of datasets. Due to the temporal collocation with CAMS data, measurements must fall within

the years 2003-2025. The selected INP datasets were not chosen for a complete inclusion of all INP measurements. Rather,

a set of measurements was selected for a broad distribution across the globe. Aircraft samples were excluded to homogenise75

the sampling altitude at the surface. However, data collected from multiple measurement techniques, i.e. online and filter

measurements, were used to enable a broader global distribution as well as to cover the entire temperature range for immersion

freezing. The focus is on immersion freezing experiments due to the importance of this process for mixed-phase clouds, and the

limited availability of deposition nucleation data. The measurement techniques are also indicated in Table A1. For discussion

on differences between instruments, we refer the interested reader to Lacher et al. (2024). The data was cleaned for outliers80

above 104 L−1, and below 10−6 L−1. This removes zeros (no detected INPs) in some datasets. Further outliers were removed

after visual inspection of the data. The large dataset from Beijing was randomly subsampled to 60,000 data points to reduce

domain dominance. Care was taken to ensure the subsampled dataset represents the full range of INP concentrations measured.

For the Southern Ocean dataset, the ACE campaign measurements were not corrected for background INP levels, which may

have resulted in reported INP concentrations that were higher than those actually present. The split between land and ocean85

data points is approximately 85% land and 15% ocean (including coastal Arctic sites). The number of data points per location

is tabulated in Table A1. The temporal and size resolutions are heavily dependent on the measurement technique. For specifics

on each campaign, we refer the reader to the corresponding articles listed in Table A1.

2.2 CAMS Data

The observed INPs were collocated through nearest neighbour interpolation with a daily mean aerosol mass concentration re-90

analysis product from CAMS (Inness et al., 2019). Specifically, the ECMWF Atmospheric Composition Reanalysis 4 (EAC4)

global reanalysis between 2012 and 2025 (Copernicus Atmosphere Monitoring Service (CAMS), 2020a). The reanalysis con-

tains assimilated aerosol optical depth (AOD) and is continuously evaluated against observations (Langerock et al., 2024). A

daily mean (6-hourly data) was calculated for the closest model level to the altitude at which measurements were performed.

For measurement altitudes below 50 m, the surface model level was used to simplify the collocation. For the observations95

performed at higher elevation, the model level used for collocation was approximated from the calculated model level height

during 01-01-2025 (an arbitrary date), as the model levels are not constant in time. The use of another date (01-08-2025) shifts

the model level by one, a maximum of 300 m.

EAC4 has a horizontal grid spacing of 0.75 ◦, which limits our spatial resolution. Included are surface aerosol mass mixing

ratios of three modes of dust (0.03 µm -0.55 µm (small dust), 0.55 µm - 0.9 µm (mid dust), and 0.9 µm - 20 µm (large dust)),100

three modes of sea salt (0.03 µm -0.5 µm (small sea salt), 0.5 µm - 5 µm (mid sea salt), 5 µm - 20 µm (large sea salt)), and

hydrophilic OM generated from wildfires, anthropogenic sources such as biomass burning, fossil fuels, and secondary organic
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aerosols (Dentener et al., 2006; Inness et al., 2019) aged by sulfate. SHAP values (see below) were used to examine the relative

importance of each species. Across 4 Arctic stations, sporadic dates when the daily mean of all aerosol fields is zero were

removed (1600 data points, primarily from Villum, Greenland). For evaluation against modelled global INP distributions from105

H25 and CH25 (Herbert et al., 2025; Chatziparaschos et al., 2025), we calculate a four-year climatology between 2020-2024

based on day-count weighted monthly mean aerosol fields (EAC4) (Copernicus Atmosphere Monitoring Service (CAMS),

2020b) at 600 hPa. For the regional comparison, we calculate a four-year climatology between 2007 and 2011 (Copernicus

Atmosphere Monitoring Service (CAMS), 2020b) at the surface (model level 60) to ensure no temporal overlap with the

training data.110

2.3 Machine Learning Methods

The prediction of INPs is a regression task and is performed by XGBoost (Friedman et al., 2000; Chen and Guestrin, 2016),

package version 3.2.0 (Chen et al., 2016). Furthermore, linear regression, using the package from scikit-learn version 1.8.0

(Pedregosa et al., 2011), is used as a benchmark for the XGBoost performance.

2.3.1 Features and Target115

The features for the INP prediction were chosen based on the results of DeMott et al. (2010) who found a correlation between

INPs and the number concentration of aerosols larger than 0.5 µm in diameter. From a mechanistic standpoint, INP concentra-

tion scales with surface area. This parameter is, however, not readily available. We hypothesise a correlation, but not necessarily

linear, between the mass in each size mode of aerosols and the presence of INPs following previous heterogeneous immersion

freezing parameterisations (Phillips et al., 2013). Thus, the features used for the prediction include aerosol mass concentrations120

for the established dust INP. Furthermore, sea salt can be used as a tracer for PMOA as it is co-emitted in sea spray (DeMott

et al., 2016). To what level OM is acting as an INP in the mixed-phase temperature range is still debated (Chen et al., 2025).

However, the inclusion of this species allows for particles from biomass burning to act as INP. The mass concentrations were

log-transformed with a base of 10. Further features include INP activation temperature. The activation temperature is the tem-

perature at which the INP concentration was measured. This introduces a temperature dependence for the INP prediction to125

capture the INP spectra (Fig. 2). The observed INP data (Table A1, Fig. 2a,b) used as our target variable were log-transformed

with a base of 10.

Feature importance was explored using the SHapley Additive exPlanations (SHAP) values (Lundberg and Lee, 2017) and

the TreeExplainer (Lundberg et al., 2020). SHAP values are a type of feature importance that is calculated using game theory

and enables machine learning models to be explainable. Temperature dominates the feature importance. This is an expected130

outcome as the INP spectra are highly dependent on temperature (Fig. 2). The SHAP values can be understood through the

example of the impacts of temperature; low temperatures tend to increase the INP concentration, thus in Fig. B3, low values

of temperature have positive SHAP values. This indicates an increase in the prediction of INP concentration compared to the

mean. For warmer temperatures (red colours), the SHAP values are negative, which indicates a reduction in INP concentration

compared to the mean. Mid-size dust particles have a high importance, while the largest dust particles have the third lowest135
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importance. This may be due to both the lack of large dust particles in the training data and the correlation to OM (not shown),

which has high importance. Whether this is due to OM acting as an INP or rather that it is used as a tracer for other aerosol

species is impossible to disentangle, and we refrain from stating any physical importance of OM apart from its use in predicting

the INP concentration.

2.3.2 Model Setup and Evaluation140

The training, test, and validation data were split with a 70%-20%-10% distribution. The data were split according to dates to

reduce the correlation between the training, test, and validation datasets. No identical data points exist in all three categories,

but we note that data points from the same location were present in training, validation, and test data. This method was chosen

as the INP distributions differ substantially between each dataset, and the spatial coverage is too sparse to exclude locations

for testing. The final product is a prediction of the spatial distribution, not the individual stations, where the presence of similar145

samples in training and test data may inflate the scoring. The prediction was evaluated on a previously unseen test data set from

different dates (Fig. 1) using root mean square error (RMSE) and the coefficient of determination (R2) score. We define these

as

R2 = 1− res

tot
, where res =

∑

i

(yi − fi)
2, and tot =

∑

i

(yi − ȳ)2 (1)

RMSE =

√√√√ 1

n

n∑

i

(yi − fi)2 (2)150

where yi is the observed value, fi the predicted, ȳ the observed mean, and n the sample size. When calculating the RMSE

in log-space, it becomes non-dimensional, and the RMSE is represented by a factor calculated as 10RMSE . For the RMSE

for XGBoost, an RMSE of 0.71 corresponds to approximately a factor of 5 error, while the linear regression RMSE of 0.86

corresponds to a factor of 7.

The model was trained by minimising the mean square error, with RMSE used for evaluation. The hyperparameter opti-155

misation package Optuna (Akiba et al., 2019) was used to optimise the number and depth of trees, and learning rate using a

5-fold cross-validation on the training dataset. The depth of the trees and the learning rate were identified as the main hyper-

parameters impacting the results. A range of 4-7 for the maximum depth of the trees, and 0.01-0.3 for the learning rate, was

used to produce a range of XGBoost models. Using a 10-fold cross-validation on the training data, 20 of these models obtained

RMSE values within 5% of the minimum. These models were chosen to quantify the uncertainty in the spatial variability of160

the predicted INPs as an XGBoost ensemble. This is shown in Fig. 4. The final XGBoost model (used in Fig. 1, 2, 3 and as a

scatter in Fig. 4) was decided for a maximum depth of 5 and a learning rate of 0.05, as this model produced the lowest RMSE

(10-fold cross-validation on training data). Early stopping was further used to limit the trees (final number of trees (n estima-

tors) is 175). XGBoost can predict an INP concentration at any temperature. Outside of the observed INP temperature range,
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extrapolation occurs and becomes unreliable. Evaluation of XGBoost is thus only performed within the temperature range of165

the observations.

There is a clear domain dominance (85% data points over land) in the dataset. Ways to mitigate this were explored by 1)

selecting an equal number of data points from each region, and 2) boosting the Oceanic and Antarctic datasets by weights.

Both these methods subsequently failed to capture a realistic spatial distribution (not shown).

3 Results170

3.1 Predicting INPs with Machine Learning

INP concentrations are predicted using an XGBoost regression with input features and parameters as described in Sect. 2.3.

As a benchmark for the performance of XGBoost, a linear regression model is used with the same features. Figure 1 shows the

observed INP concentration, Test INPOBS, (from dates of samples not included in training), vs predicted INP concentration for

the linear regression model (Test INPLIN) and XGBoost (Test INPXGB). To evaluate the ML models, the point-based metrics,175

coefficient of determination, R2, and root mean square error, RMSE, in log space (see Sect. 2.3) are used. Metrics show better

performance for XGBoost, with a log-based RMSE of 0.71 compared to 0.86 for the linear regression model. R2 values reach

0.83 (0.75) for XGBoost (linear regression), where a perfect fit would render 1.0. Most of the overprediction by both ML

models is due to the very low observed INP concentrations over Antarctica (Wex et al., 2025). This is discussed further below.

3.2 Regional INPs as a Function of Temperature180

Regionally averaged datasets of observed INPs, INPOBS, summarised in Table A1, are shown in Fig. 2a,b as INP spectra (INP

concentration as a function of temperature). The corresponding predicted regional climatological surface spectra for XGBoost

(INPXGB (SFC, T)) are shown in Fig. 2c,d, where the spread in the 5th to 95th percentile indicates the variability across the

latitudes and longitudes selected for each region. The prediction over continental regions follows the Cooper parameterisation

(Cooper, 1986) at low temperatures (below -20 ◦C), and the Fletcher parameterisation (Fletcher, 1962) at higher temperatures185

(above -20 ◦C), similar to the observations. The INP prediction is driven by this temperature dependence (Sect. 2.3, Fig. B3)

together with mid-sized dust particles. Discrepancies between the observations at low temperatures (Fig. 2 and Fig. B1) may

be due to instrument limitations, such as detection limits of the different instruments, as well as differences in the presence

of low-temperature activating INPs, such as dust. The normalised occurrence of INPOBS for each temperature bin is shown in

the histograms above Fig. 2a,b and indicates a comparatively lower frequency of INPs measured at temperatures below -25 ◦C190

for the oceanic regions. A bias ratio is defined as the mean XGBoost values divided by the mean observational values at the

same temperature. For Europe, Asia, North and South America, the bias ratio varies between 0.1 and 10 (Fig. 2e), indicating a

good fit to the observations by XGBoost. The mean absolute bias (over temperature bins) reaches 2.4 for Europe, while East

Asia has the overall smallest bias (0.98). The Arctic and Southern Ocean have a mean bias of about 4, while oceanic regions

are better predicted at a mean bias of 1.5, with a tendency of over-prediction by XGBoost. For Antarctica, a bias of up to195
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Figure 1. Observed vs predicted INP concentration for the linear regression model (a) and the XGBoost regression (b). The orange line shows

the 1:1 relationship. The 10x and 100x biases are outlined in black. The box shows the log-based RMSE and R2 values. Colours signify the

region of the test data. Normalised distributions for each region are shown in the histograms, where the combined dataset is shown in black.

3 orders of magnitude is obtained (mean bias of 152) (Fig. 2f). This large discrepancy may be due to less well-constrained

aerosol concentrations over this region and the small number of data points, focused on West Antarctica, limiting its presence

in the training dataset. The use of annual mean aerosol mass concentrations for INP prediction does not support the presence

of a strong seasonal cycle in dust and OM over Antarctica (not shown) and thus leads to overprediction. In general, XGBoost

tends to have a smaller spread between the regions, indicating that the prediction of both high and low values is limited. This200

is likely due to the usage of an annual mean aerosol mass concentration, which smooths out variability, as well as an inherent

characteristic of the XGBoost setup, as it is developed to reduce the mean error and not to capture extremes.

3.3 A Global Spatial Distribution of INPs across Models

To further test XGBoost, a spatial distribution of INPs is predicted at approximately 600 hPa and at -20 ◦C, INPXGB (600 hPa

-20 ◦C), shown in Fig. 3a, together with the modelled INPs from CH25 (Chatziparaschos et al., 2025) (Fig. 3b) and H25205

(Herbert et al., 2025) (Fig. 3c). Across the two aerosol-aware global models, CH25 and H25, large differences can be seen,

owing to differences in their aerosol and INP assumptions, but the main features of the INP distribution are consistent. The

peaks in CH25 and H25 coincide with the large dust sources: the Sahara and the Gobi desert, and across the south-western part

of Asia, also seen in XGBoost. However, the INP plume extending from the Sahara over the Atlantic is weaker in XGBoost

8
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Figure 2. Mean (geometric) continental (a) and remote/oceanic (b) INPOBS spectra with temperature for each region, the regions are sepa-

rated for better readability. The temperature is binned in bins of 2 K for temperature ranges containing more than 10 data points. A histogram

showing the normalised occurrence frequency of INPOBS for each temperature bin is included on top of the INP spectra. c) and d) Predicted

INPXGB (SFC, T) spectra with temperature for each region using a 2007-2011 surface aerosol climatology based on CAMS (Copernicus

Atmosphere Monitoring Service (CAMS), 2020a). Common parameterisations are shown in a) -d) from Cooper (1986) (Cooper, 1986) and

Fletcher et al. (1962) (Fletcher, 1962) for their respective temperature range of validity. e) and f) Bias ratio, defined as the mean XGBoost

values divided by the mean observed values for each temperature. Below (above) 1, XGBoost is under- (over-)predicting. The region separa-

tion is shown in Fig. A1. These region definitions do not further impact XGBoost and are shown for a general overview of the data. Dashed

lines outline the predicted and observed 5th and 95th quantiles.
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compared to CH25 and H25. In H25, this peak is unreasonably large (Herbert et al., 2025), attributed to the increase in INP210

concentration with the fertile soil dust parameterisation (O’Sullivan et al., 2014). The prediction over Antarctica has very low

concentrations, comparable to CH25. XGBoost produces a larger peak over Central North America in comparison to the other

models. INP prediction over Australia is also high, as seen in H25. The oceans, including the Arctic region, have a larger

variability across the two aerosol-aware global models, CH25 and H25, with a lack of consensus in any region apart from the

most remote parts of the Pacific. XGBoost predicts between H25 and CH25 for most of the regions with observational data.215

The regional geometric mean for the regions explored in Fig. 2 is shown in Fig. 4. The INP concentration over the oceans

in XGBoost is greater than H25 and CH25 by a factor of 2.5 (Fig. 4). To explore the XGBoost model uncertainty, in terms

of how XGBoost is tuned with hyperparameters (parameters that tune the model, see Sect. 2.3.2), 20 XGBoost models with

similar RMSE are chosen to quantify the variance across the spatial distribution. The violin plots in Fig. 4 show the spread of

the predicted INP concentration and can be thought of as an uncertainty in the prediction. Overall, all regions have less than220

an order of magnitude spread. Antarctica has the comparatively largest spread, reflected in its contribution to the dataset with

only approximately 13700 data points, corresponding to 0.03% of the full dataset. Overall, XGBoost predicts a realistic global

INP distribution. The spatial distributions at -10◦ C and -30◦ C are shown in Fig. B2.

4 Discussion

Using the gradient boosting decision tree algorithm XGBoost, a global INP distribution is obtained. CAMS surface aerosol225

mass concentrations from three modes of dust and sea salt, and natural and anthropogenic hydrophilic organic matter, are used

together with the activation temperature of observed INPs to produce a five-dimensional (space, time, and temperature) INP

product.

Spatially, a realistic distribution is obtained, with peaks over the deserts and lower values over the oceans and remote

regions (Fig. 3). A comparison with two aerosol-aware global models, using INAS densities for INP prediction, shows a decent230

agreement over the oceans and continents, within the uncertainty between the aerosol-aware global models (CH25 and H25)

themselves. INP concentration varies strongly with temperature, and XGBoost captures this inherent quality (Fig. 2). As global

INPs cannot be accurately simplified to a single parameterisation, XGBoost can better represent regional nuances in aerosol

availability (Fig. 2, 3). Regional INP spectra can be extracted from XGBoost and can serve as a better alternative to global

parameterisations, reducing biases introduced by aerosol-cloud interactions. To put our result into perspective, observational235

intercomparisons at the same location often vary within an order of magnitude (Lacher et al., 2024; DeMott et al., 2025); thus,

our predictions are within observational measurement uncertainty.

As with any machine learning approach, the results presented here remain influenced by the characteristics of the underlying

training data. In particular, the predicted spatial distributions depend on the quality and coverage of the aerosol reanalysis used

as input. The framework is also constrained by the availability and representativeness of existing INP observations. Although240

the current dataset captures a broad range of environments, some regions remain comparatively undersampled (Fig. A1).
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Figure 3. Global distributions of predicted INP concentration, NINP, at approximately 600 hPa and at -20 ◦C. In a) INPXGB (600hPa -

20 ◦C), a global INP distribution is predicted at an activation temperature of -20 ◦C using CAMS aerosol mass concentrations at 600 hPa

(Copernicus Atmosphere Monitoring Service (CAMS), 2020b). It is linearly interpolated to the same grid as CH25 (b). The horizontal grid

spacing is 2 ◦ x 3 ◦ for CH25 and 1.25 ◦ x 1.875 ◦ for H25 (c). H25 is an annual mean from a 20-year simulation with aerosol emissions from

2010, while CH25 represents the annual mean with simulations spanning 2009-2016.

Additional observations from Africa, Asia, Australia, Antarctica, and especially remote oceanic regions would help further

constrain, evaluate, and improve the model.

Finally, this study serves as a proof-of-concept, producing a global INP distribution with fewer INP assumptions than

aerosol-aware global models while retaining a similar accuracy. INP prediction can thus be performed at ambient tempera-245
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Figure 4. Geometric mean INP concentration for H25, CH25, and XGBoost for data shown in Fig. 3 averaged over specific regions defined

in Fig. A1. Violin plots show the spread of the predicted INP concentration using 20 XGBoost models with varying hyperparameters.

tures across the globe and allows for a more variable INP concentration, as it is not constrained by a species-specific INAS

density. The XGBoost model can serve as a cheap and easy-to-implement immersion freezing parameterisation in regional and

global weather and climate models, potentially reducing long-standing biases in cloud representation.

Data availability. RADAR4KIT repositories (Wallentin, 2026a, b) will contain the pre-processing scripts for the aerosol collocation, Python

scripts for the machine learning models, and the final machine learning models upon manuscript acceptance. XGBoost INP predictions for the250

surface and 600 hPa at the three activation temperatures are included. The INP data are available under the respective references in Table A1.

The CAMS data used for daily collocation have been obtained from Copernicus Atmosphere Monitoring Service (CAMS) (2020a), while the

monthly means used for prediction are available from (Copernicus Atmosphere Monitoring Service (CAMS), 2020b). Neither the European

Commission nor ECMWF is responsible for any use that may be made of the Copernicus information or data it contains. The CH25 data used

for model comparison in Fig. 3b can be located in the open research section of Chatziparaschos et al. (2025). The data from H25 Herbert255

et al. (2025) has been extracted from their model simulation to match the same pressure levels as presented here.

Appendix A: INP Datasets
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Figure A1. Locations of observational datasets used with region specification as indicated in the legend. The size of the scatter indicates the

size of the dataset. Grey patches indicate the region selected for XGBoost comparison in Figs. 2 and 4. The ocean region is roughly defined

to cover most of the oceanic regions.
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Appendix B
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Figure B1. INP number concentration (NINP) as in Fig. 2 but combined for all regions for a) observations, b) XGBoost, INPXGB (SFC, T),

with INP prediction performed at the surface.
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Figure B2. As in Fig. 3 at an activation temperature for INP prediction of a) -10◦ C and b) -30◦ C.
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Figure B3. Feature importance using SHAP (Lundberg and Lee, 2017) values. Features are sorted according to their mean absolute SHAP

value, as shown on the right of each feature label. A SHAP value of 0 indicates the mean prediction, while negative (positive) values indicate

a prediction that is lower (higher) than the mean due to the specific feature. The feature values are indicated by the colour. Temperature shows

an expected feature importance where high temperatures, as indicated by the red colours, decrease the INP concentration (negative SHAP

value) while low temperatures tend to increase the concentration.
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