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Abstract This study introduces five linear regression models developed to accurately predict proton
intensities in the critical energy range of 92.2–159.7 keV. To achieve this task we utilized 14 years of data
sourced from the Cluster's RAPID experiment and NASA's OMNI database. This data was then aligned with the
Solar wind‐Magnetosphere‐Ionosphere Link Explorer (SMILE) mission's trajectory, to increase model accuracy
in the relevant regions. Our approach diverges from existing methodologies by offering a user‐friendly model
that doesn't require specialized software, making it accessible for broader applications in satellite mission
planning and risk assessment. The research segregates the data set into four distinct regions, each analyzed for
proton intensity dynamics. In the outer regions (|YGSE|≥ 6 RE) there is a pronounced dependence on radial
distance and solar wind speed. In contrast, the inner regions (|YGSE|≤ 6 RE) demonstrate a significant
dependence of proton intensities on the absolute value of the z‐coordinate and the magnetic field line topology.
Our models achieved a Spearman correlation ranging from 0.57 to 0.72 on the test set, indicating good
predictive capabilities. The findings emphasize the role of regional characteristics in space weather prediction
and underscore the potential for tailored approaches in future research.

Plain Language Summary We developed a new model to predict space weather, specifically
focusing on proton intensities, which can impact how well satellites work in space. We used 14 years of space
observations to create five easy‐to‐use numerical models. These models are designed to help with planning and
protecting future satellite missions, such as the upcoming SMILE mission, from space weather effects. In our
study, we looked closely at different areas in space around Earth. We found that in the outer areas
(|YGSE|≥ 6 RE), the distance from Earth and the speed of the solar wind are important for understanding proton
behavior. However, in areas (|YGSE|≤ 6 RE), the vertical distance from Earth's equatorial plane measured
along the north‐south axis and the type of magnetic field lines play a more significant role. This shows us that
different areas in space around Earth can be affected by space weather in different ways. Our models did a good
job of predicting these effects, showing that choosing a tailored approach can be useful when forecasting proton
intensities.

1. Introduction
Space weather events driven by solar activities pose significant challenges to satellite operations and measure-
ments. Notable examples include the European Space Agency's (ESA) Cluster and X‐ray Multi‐Mirror (XMM‐
Newton) missions. The Cluster mission, particularly its Research with Adaptive Particle Imaging Detector
(RAPID)/Imaging Electron Spectrometer (IES) (Wilken et al., 1997), has encountered challenges due to energetic
protons leading to measurement contamination (Kronberg et al., 2016; Smirnov et al., 2019). This contamination
can affect observations in regions of enhanced proton intensities unless corrected, though it does not cause
permanent damage. For example, in the ring current contamination ranges from ∼ 20%–67% across energy
channels covering the range of 40–400 keV (Kronberg et al., 2016). Similarly, the X‐ray telescope aboard the
XMM‐Newton spacecraft experienced significant operational disruptions, with approximately 40% of its
observation time compromised due to background contamination (Walsh et al., 2014). Furthermore, in-
vestigations into the XMM‐Newton telescope's susceptibility to soft protons highlight intensities in the sub‐100 to
300 keV range, particularly around 100 keV, as the most damaging, leading to significant operational challenges
and data contamination, see (Fioretti et al., 2016) and references therein. These experiences suggest that the SXI
telescope of future satellite missions may face similar contamination issues.

The upcoming European‐Chinese Solar wind‐Magnetosphere‐Ionosphere Link Explorer (SMILE) mission
(Branduardi‐Raymont et al., 2018), slated for launch in 2025, aspires to deepen our understanding of the Sun‐
Earth interaction, decoding space weather hazards and understanding energy entry into Earth's magnetosphere.
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With its highly inclined elliptical orbit around Earth, akin to that of Cluster and XMM‐Newton, SMILE will pass
through the cusps, the plasma sheet, and the bow shock, regions known for enhanced levels of soft proton ra-
diation, posing significant contamination risks to onboard instruments. The Soft X‐ray Imager (SXI) on SMILE is
equipped with a shielding door mechanism to protect the Charge‐Coupled Devices (CCDs) during high‐radiation
periods (Branduardi‐Raymont & Wang, 2022; Raab et al., 2016). This mechanism allows for the shutter to be
closed during periods of high proton intensity, protecting the CCDs, and opened during low‐intensity periods to
maximize observation time. Therefore, a model for the soft proton intensities in the relevant regions would be
helpful for guiding the operations of the SXI.

Furthermore, the need for accurate models to predict proton radiation levels, which significantly affect the Total
Ionizing Dose (TID) and Total Non‐Ionizing Dose (TNID) absorbed by the CCDs of the SXI was demonstrated by
Hubbard et al. (2024). Notably, the ESP‐PSYCHIC model, which is recommended by the ECSS‐E‐ST‐10‐04C
standard (Space engineering: Space environment, 2020), has been shown to under‐predict proton fluxes in the
low‐energy spectrum (below 200 keV). This includes the already mentioned critical energy range (around
100 keV) which poses the biggest radiation threat to the SXI (Hubbard et al., 2024). Given these limitations, there
is a strong need for models that can provide accurate estimates in this specific energy range, as the ESP‐PSYCHIC
model does not currently meet the requirements for SMILE's objectives. Additionally there is a strong preference
for models that are straightforward and interpretable for every user.

To meet these needs, our study adopts a distinct approach compared to existing research on soft proton
contamination and intensities, which is based on machine learning black box models, such as the works of
Kronberg et al. (2020, 2021). Other models, such as the AE9/AP9/SPM, cover the desired energy range but lack
the necessary spatial coverage for SMILE (extending only up to <9 RE for the ∼100 keV energy range) (Ginet
et al., 2014). Additionally, climatological models such as the AE9/AP9/SPM do not allow us to investigate re-
lationships between solar, solar wind, and geomagnetic parameters with the soft proton flux, which is an addi-
tional key interest of this study. Therefore, we aim to develop a simple, user‐friendly linear regression model
leveraging data from the Cluster mission and NASA's OMNI database (King & Papitashvili, 2005). Our model's
simplicity and ease of use make it accessible to a broader range of users, not requiring specialized software or
extensive computational resources. This approach not only contributes to the scientific understanding of space
weather phenomena but also offers practical tools for satellite mission planning and risk assessment.

2. Data Analysis and Processing
2.1. Data Preparation: Adapting CLUSTER's Data Set for the SMILE Mission's Trajectory

The proton intensity data for this research was taken from the Cluster's RAPID experiment, ranging from 2001 to
2015. The experiment captures 3‐D energetic electron and ion fluxes above approximately 30 keV using the
Imaging Electron Spectrometer (IES) and the Imaging Ion Mass Spectrometer (IIMS) instruments. Situated in the
SCENIC detector head, the IIMS instrument identifies ion energies and species. Energy is measured by a solid‐
state detector (SSD). Mass is calculated using this energy along with a time‐of‐flight (TOF) measurement, which
is determined from a start signal from an entrance foil and a stop signal from the SSD (Daly & Kronberg, 2024;
Wilken, 1984). This study specifically uses data from the p3 channel, targeting proton intensities between 92.2
and 159.7 keV. As predicting parameters for solar, solar wind and geomagnetic activity we used variables from
the OMNI database (https://omniweb.gsfc.nasa.gov/), see also King and Papitashvili (2005).

Aiming for a model tailored to the SMILE mission's trajectory (see Figure 1), data filtering was imperative. Only
points adhering to the following spatial parameters were included: − 10.5RE ≤ x≤ 11.2RE; − 10.8RE ≤ y≤ 11.5RE;
z≤ 18.5RE;

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x2 + y2

√
≤ 11.6RE;

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x2 + z2

√
≤ 19.8RE;

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
z2 + y2

√
≤ 20.0RE. These constraints were chosen by

rounding the maxima and minima of the spatial parameters to the nearest tenth. As a result, we were left with a
trimmed data set, reduced from 1,172,923 to 462,615 data points. Though compact, this data set is centered on the
space region significant for SMILE, thereby enhancing its relevance. It's noteworthy that negative z‐values were
included, considering the SMILEmission's highly inclined, elliptical orbit, which dips to − 3.5 RE. Including these
ensures required data is retained, especially since the Cluster's trajectory spent a notable amount of time in the
southern hemisphere.
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2.2. Predictor Introduction

The spacecraft's location in the Geocentric Solar Ecliptic (GSE) coordinate system is defined by x, y, and z in
Earth radii (RE) . In the GSE system, the X‐axis points from the Earth toward the Sun, the Y‐axis lies in the ecliptic
plane pointing toward dusk (opposing planetary motion), and the Z‐axis is parallel to the ecliptic pole
(NASA, 2024). The variable rdist denotes the satellite's radial distance from Earth. The magnetic field line
type, termed as “Foot Type”, indicates the connectivity of the IMF field lines to Earth, calculated using the
Tsyganenko (1995) model. The initial definition stated by Kronberg et al. (2020) is as follows: the interplanetary
magnetic field lines (IMF) with no connection to Earth have Foot Type 0, open magnetic field lines with one
connection to Earth have Foot Type 1, and closed field lines with both ends connected to Earth have Foot Type 2.
This simple label encoding could be improved by considering the ordinal relationship between field line type and
proton intensities evident in Figure 4. Therefore, it was decided to redefine the IMF to 1 and open field lines to 0,
to include the ordinal relationship between Foot Type and the target variable, which eventually led to improved
correlation as discussed in chapter 2.3.2. Experiments with different encoding methods such as one‐hot and target
encoding resulted in a degraded model performance with increased model complexity and were, therefore, not
applied.

The Disturbance storm time index (Dst_index) characterizes geomagnetic storms in the unit nT
(Sugiura, 1964). The Auroral Electrojet (AE_index) quantifies magnetic activity in the auroral zone, also

Figure 1. SMILE mission's trajectory in 3D and projections of the trajectory in the GSE coordinate system's xy, xz, and yz
planes. Distinct colors represent individual years with Earth, having a radius of 6,731 km, at the center.
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denoted in nT (Davis & Sugiura, 1966; Nose et al., 2015). The 10.7 cm solar radio flux (F10.7) with unit sfu serves
as a solar activity level indicator and a proxy for solar emissions (Tapping, 2013).

The IMF direction is described by its components BimfxGSE, BimfyGSE, and BimfzGSE in the GSE system
in nT. The IMF direction at the magnetopause determines if reconnection happens on the dayside (Crooker
et al., 1979; Koga et al., 2019; Luhmann et al., 1984). Plasma properties of the solar wind are described by solar
wind speed (VSW) in km/s, proton density (NpSW) in cm− 3, and temperature (Temp) in K. The directional
components of the solar wind velocity are described by VxSW_GSE, VySW_GSE, and VzSW_GSE. The solar
wind dynamic pressure (Pdyn, in nPa) is calculated using the methodology in the OMNI database (King &
Papitashvili, 2005). The equation used is Pdyn = ρV2, where ρ is the mass density and V is the flow speed.
When accounting not only for protons but also for alpha particles in the solar wind plasma, the mass density is
ρ = 1.2 ⋅mp ⋅NpSW, where mp ≈ 1.67 × 10− 27 is the proton mass in kg and NpSW is the proton density in cm− 3.
Substituting this into the flow pressure formula, we obtain Pdyn = 1.2 ⋅mp ⋅NpSW ⋅VSW2. Converting this to
nPa, we have Pdyn = 2 × 10− 6 ⋅NpSW ⋅VSW2.

2.3. Exploratory Data Analysis

2.3.1. Spatial Proton Intensity Distribution

To analyze the proton intensity distribution in relation to the spacecraft's trajectory, we combined the y and z
coordinates to produce a radial distance variable, termed yz_axis. We introduced this variable because
Cluster's trajectory is predominantly in the southern hemisphere, contrasted with SMILE's expected northern
trajectory. The yz_axis is computed by

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
y2 + z2

√
, offering a simplified yet informative perspective on proton

intensity's spatial distribution. Figure 2 depicts the spatial distribution of proton intensities in the x,
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
y2 + z2

√

coordinate system. The color gradient represents the percentage of measurements that exceed 2, the mean value of
log10(proton intensities) rounded to one significant digit, highlighting regions with prolonged high proton in-
tensities. The central black void indicates missing measurements. This gap arises from our deliberate exclusion of
data points with radial distances (rdist) below 6 Earth radii (RE) in order to emphasize regions beyond the
radiation belts. Historically, proton intensities surge in zones under 6 RE, which encompass the ring current and
radiation belt regions. Our focus shifts to lesser‐studied areas, with their generally lower intensities outside of the
radiation belts, primarily because the SXI telescope's shutter mechanism, designed to protect its CCDs from
radiation, will remain closed during time spent in these inner regions. Since this study aspires to guide the
operation of the shutter mechanism, the regions where it will already be closed are not of primary interest to us.
The decline in proton intensities with increased distance from Earth is observed, irrespective of whether it's along
the x axis or the y‐z plane. This observation aligns with subsequent feature plots and correlation matrix analyses.
Moreover, this analysis reveals areas along closed magnetic field lines with heightened proton intensities, as well
as sparser regions corresponding to open magnetic field lines over the polar cap, demonstrating a clear spatial
correlation between magnetic field line configuration and proton intensity distribution.

2.3.2. Cross‐Correlation and Feature Plot Analysis

Cross‐correlation matrices, employing the Pearson coefficient, are used in feature selection for linear regression
models. The coefficient quantifies the linear relationship strength and direction between two variables, spanning
from − 1 (perfect negative relationship) to 1 (perfect positive relationship), with 0 indicating no linear correlation.
Such analyses illuminate potential multicollinearity issues in data sets, which can adversely affect regression
coefficient stability and model interpretability (James et al., 2013; Raschka et al., 2022). Multicollinearity occurs
when two or more predictor variables in a regression model are highly correlated. This high correlation makes it
difficult to determine the individual effect of each predictor on the response variable. For example, density and
dynamic pressure are highly correlated, therefore, it becomes challenging to assess their independent contribu-
tions, signaling the need for caution during the feature selection process, when considering both parameters as
predictors.

Analyzing the cross‐correlation matrix (Figure 3), we observed:
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• FootType: The feature plot in Figure 4 highlighted a clear potential for refining the correlation between
FootType and p3. The initial positive correlation of 0.24 with p3was improved to 0.41 upon redefining the
foot type as mentioned in Section 2.2 indicating improved prediction capabilities.

• AE_index: While the correlation was weak (0.07), the feature plot identified AE values surpassing 2,600 nT
as possible outliers.

• F10.7 solar radio flux index: Given its correlation coefficient of − 0.20, the feature plot shows a predominantly
monotonically decreasing relationship between F10.7 and the target variable.

• VxSW_GSE: The feature plot demonstrated that proton intensity increases with higher absolute wind speeds
up to 950 km/s. Values exceeding this were considered as potential outliers.

• Distance variables: While z showed a positive correlation of 0.21, its relationship with proton intensities
displayed a clear maximum around 0 on the feature plot. This insight led to the introduction of |z| as an
improved predictor.

• Other Variables: The strong negative correlations of rdist and yz_axis with p3 were supported by the
feature plot's linear regression lines, emphasizing their importance as predictors.

Analysis of the proton intensity histogram identified two extreme outliers exceeding 100,000 1/cm2/s/sr/keV (see
Figure A1). Removing these and other above‐identified outliers from different predictors did not improve model
performance, justifying their retention. Further analysis revealed 606 F10.7 measurements above 900, deemed
unrealistic and consequently removed.

2.4. Data Split and Data Scaling

This section outlines the additional processing steps applied to the data set, already reshaped for the SMILE
mission as detailed in Section 2.1. These steps include splitting the data into training and testing sets, transforming
the target variable, and scaling features.

Records before 31 December 2012, were allocated to the training set, while records from 1 January 2013, onwards
formed the test set. This temporal division results in an approximate 75%–25% split between the training and test
data sets and ensures the preservation of the chronological order of the data, which is critical for preventing
information leakage in time series analysis. Randomly splitting the data could lead to overfitting and inflated
performance estimates, because the algorithm interpolates between adjacent times. This is a common mistake
made in time series analysis (Kronberg, 2022; W. Wang & Ruf, 2022). Our training set covering over 11
continuous years, ensures the inclusion of a full solar cycle, mitigating solar cycle induced biases. The training set,
was then later further divided into training and validation sets by the use of five‐fold cross‐validation, where the
data set is divided into five parts, with each part being used as a validation set while the remaining four parts are
used as training data.

Figure 2. (Left) Heatmap of proton intensities against the x‐coordinate and
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
y2 + z2

√
. The color gradient represents the

percentage of measurements where log10(proton intensity) > 2, which is the mean value rounded to one significant digit.
(Right) Data point density for each bin, with the blue line representing the magnetopause, derived using Shue et al. (1997). Both
plots incorporate the 462,615 data points post‐reshaping for the SMILE mission.

SpaceWeather 10.1029/2024SW003934

MISCHEL ET AL. 5 of 17

 15427390, 2024, 12, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024SW

003934, W
iley O

nline L
ibrary on [16/04/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



The proton intensities recorded in channel 3 (p3), our target values, display a wide spectrum. We therefore
transformed these values using a base 10 logarithmic function. Addressing the challenge of logging zero values,
all such occurrences in p3 were substituted with 0.5. However, this introduces potential pitfalls as we expect an
artificial population with the same values, a concern later revisited during model evaluation (Bellégo et al., 2021).

Optimizing gradient descent requires careful attention to feature scaling (Raschka et al., 2022). In our polynomial
regression model, we employed a double‐scaling technique to ensure numerical stability and facilitate the
optimization process. Initially, the original features were scaled to zero mean and unit variance using the
StandardScaler() method, aligning with the desired outcomes (Pedregosa et al., 2011). Subsequently,
polynomial features were generated from these scaled features. To further enhance the model's robustness, these
polynomial features were subjected to a second round of scaling using the same StandardScaler()method.

By scaling both the original and polynomial features, we ensure that the coefficients are directly comparable in
terms of their contribution to the model and that all features display a mean and unit variance of zero.

3. Methodology
3.1. Linear Regression Model

The choice of employing linear regression models in this study is underpinned by several reasons. First and
foremost, linear regression models offer a simple and interpretable framework for understanding how input
variables affect the output. Furthermore, the methodology allows for the transformation of input variables to

Figure 3. Pearson coefficient‐based correlation matrix for the predictors and the proton intensity post‐data reshaping for the
SMILE mission.
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enhance their predictive capabilities, such as the introduction of polynomial terms and interaction effects (Hastie
et al., 2001).

The Ordinary Least Squares (OLS) model serves as the foundational approach, focusing on minimizing the sum
of squared differences between observed and predicted values (Galton, 1886; James et al., 2013). To tackle the
possible issue of multicollinearity, Ridge Regression can be utilized, which incorporates an L2 penalty term into
the loss function (Kutner et al., 2005). The L2 penalty adds the squared magnitude of the coefficients to the loss
function. This approach discourages large coefficients, thus addressing multicollinearity by stabilizing the co-
efficient estimates (Hoerl & Kennard, 1970). Lasso Regression is employed when feature selection is essential, as
it uses an L1 penalty to drive certain coefficients to zero, effectively eliminating them from the model. The L1
penalty adds the absolute value of the coefficients to the loss function, promoting sparsity in the model (Santosa &
Symes, 1986). Lastly, Elastic Net Regression can be used to combine the strengths of both L1 and L2 penalties,

Figure 4. Mean of the logarithmically scaled proton intensities from the p3 channel against potential predictors. Vertical lines depict the standard 95% confidence level,
while horizontal lines indicate bin half‐widths. Linear regression lines in red are shown for rdist, yz_axis, and F10.7. This plot uses the updated labeling method of
the field line type to visualize the predictor's ordinal nature.
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providing a balanced approach that can handle both multicollinearity and feature selection (Pedregosa
et al., 2011). Multiple models were trained using the scikit‐learn library in Python (Pedregosa et al., 2011).

3.2. Model Selection and Optimization

For model evaluation, we utilized a set of metrics, including Mean Squared Error (MSE), Mean Absolute Error
(MAE), R2 (coefficient of determination), Pearson correlation, and Spearman correlation. Model selection was
primarily guided by the performance of R2 and Spearman correlation on the validation set. To ensure a robust and
generalizable evaluation, five‐fold cross‐validation was applied to the training set using the KFold function from
sklearn.model_selection. Five‐fold cross‐validation involves splitting the training data into five equal
parts, or “folds.” The model is then trained on four folds and validated on the remaining fold. This process is
repeated five times, each time with a different fold used for validation. The results are averaged to provide a more
reliable estimate of model performance. This technique helps in assessing how well the model will generalize to
unseen data. Given the time‐series nature of our data set, the shuffle parameter within the cross‐validation
procedure was intentionally set to false to maintain some temporal order of the data. The shuffle param-
eter controls whether the data is randomly shuffled before splitting into folds. Subsequently, the evaluation
metrics were computed as the average values derived from the five cross‐validation folds, thereby offering a more
reliable measure of the model's true performance.

3.2.1. Simple OLS, Lasso, Ridge, and Elastic Net

Following the initial selection of linear regression models, two distinct approaches were undertaken to optimize
model performance. The first approach involved the application of various linear regression techniques, including
OLS, Lasso, Ridge, and Elastic Net. This approach, however, did not yield satisfactory results. The maximum R2

value on the validation set was only 0.02, and the highest Spearman correlation coefficient was 0.43.

3.2.2. Introduction of Polynomial Terms

To improve upon this, the second approach incorporated polynomial terms into a standard Lasso model from
sklearn.linear. Themodelwas optimized for the regularization parameterα using five‐fold cross‐validation.
The parameter α controls the strength of the regularization in the Lassomodel. The optimal αwas determined using
LassoCVwith amaximum iteration of 10,000 and a tolerance of 1 × 10− 5. This approach significantly improved
the model performance, achieving an R2 value of 0.22 and a Spearman correlation coefficient of 0.51 on the
validation set.

3.2.3. Heuristic‐Based Feature Selection Technique

However, this model included 52 predictors, making it complex and potentially prone to overfitting. Further work
was needed to develop a more parsimonious model with a maximum of 25 predictors while maintaining
acceptable performance. To reduce the number of predictors while maintaining model performance, we adopted a
heuristic‐based feature selection strategy. For this strategy the Stochastic Gradient Descent (SGD) framework
was employed. SGD is an optimization technique that minimizes a loss function by updating the model's pa-
rameters iteratively. The algorithm was configured as follows: the regularization term (α) was set to the optimal
value identified through cross‐validation. The learning rate was set to a constant value, initialized at
η0 = 1 × 10− 5. The hyperparameter defining the loss function was set to the squared error loss. An L1 penalty
term was incorporated for feature selection. The algorithm was set to terminate when the tolerance reached
1 × 10− 5, with a maximum of 100 iterations for convergence.

Unlike earlier approaches that solely aimed to minimize the Mean Squared Error (MSE), this method also
considers the number of predictors in the final model. We tested a range of regularization parameters (α) and
sought to identify a point before a drop in performance in the plot of MSE versus α. This point represents a
compromise between model performance and complexity.

To enhance the robustness of the feature selection process, we employed K‐Fold cross‐validation with the shuffle
parameter set to True. This approach allows for a more representative sampling of the training data across each
fold. Specifically, we aimed to identify the most stable set of predictors corresponding to the drop in performance
point for the regularization parameter α. By enabling shuffling during cross‐validation, we increase the likelihood
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that the predictor set extracted from one of the folds offers a more comprehensive representation of the entire
training data set. The α range chosen was from 0.03 to 0.17, which covered all models with the amount of non‐
zero predictors ranging from 28 to 4.

Upon employing this approach, we identified a subset of 13 predictors by analyzing the MSE versus α plot in
Figure 5. Importantly, we operate under the assumption that all predictors remaining after the feature selection
process are relevant to the outcome. Therefore, penalizing these predictors, as Lasso does, could introduce an
unwanted bias into the model. Given this consideration, an OLS model was chosen for the final training rather
than a Lasso regression model.

Although the resulting model exhibits lower performance on the validation set, as evidenced by Table 1, it better
aligns with the study's objectives of interpretability and usability compared to the Lasso model with 52 predictors.
Simpler models are preferable because they require fewer computational resources and provide clearer insights
into the relationships between variables. Therefore, it allows for a more intuitive understanding of the key factors
influencing the outcome.

Thus, our heuristic‐based feature selection represents a balance between model complexity and performance,
improving interpretability without sacrificing too much accuracy, making it more suitable for both practical
application and further scientific analysis.

3.2.4. Data Split

An in‐depth analysis of the relationship between the y and p3 variables revealed that the data could be divided
into four distinct parts, each characterized by an increasing or decreasing slope, see Figure 4d. This lead to the
decision to split the data set into four separate parts based on specific conditions, as described below:

• Part 1: y ≤ − 6.6 RE
• Part 2: − 6.6 RE ≤ y ≤ 2.3 RE
• Part 3: 2.3 RE ≤ y ≤ 6 RE
• Part 4: y ≥ 6 RE

Figure 5. Plot of AverageMean Squared Error (MSE) against the regularization parameter α. A noticeable increase inMSE is
observed when the number of predictors is reduced from 13 to 12, suggesting that all 13 predictors left, display significant
importance for the model. This drop point serves as the basis for selecting an optimal α value and, consequently, the number
of predictors for the final model.

SpaceWeather 10.1029/2024SW003934

MISCHEL ET AL. 9 of 17

 15427390, 2024, 12, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024SW

003934, W
iley O

nline L
ibrary on [16/04/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Upon splitting the data, separate models were built for each part, using the same heuristic‐based predictor se-
lection technique previously described. These outperformed the non‐split OLS model in the Spearman correlation
coefficient and the R2 metric for three out of the four subsets (see Table 1), all while maintaining low model
complexity.

4. Results
This chapter presents the empirical results obtained from the evaluation of various OLS models on the unseen test
set. The models are compared based on a set of evaluation metrics and feature importances. To check for possible
cyclical dependencies, we conducted a comparison between shuffled and unshuffled training data to change the
order of the data and performed an Augmented Dickey‐Fuller (ADF) test using the adfuller function from the
statsmodels library (Seabold & Perktold, 2010). The model's performance remained identical across shuffled
and unshuffled data sets, and the ADF test confirmed stationarity in the target variable, indicating no significant
cyclical dependencies were present in the data providing additional validity to our results.

4.1. Presentation of Final Models

In this section, we present the final forms of our linear regression models developed for predicting proton in-
tensities. Each model is displayed with its coefficients in basic, unscaled units, offering a clear view of the relative
impact of each predictor variable. These models encapsulate our findings and are ready for practical application.

Heuristic_Poly_OLS:

log10( p3) = 2.1 × 10
− 2 ⋅ y − 3.0 × 10− 1 ⋅ |z| − 1.7 × 10− 1 ⋅ rdist + 1.1 ⋅ FootType

− 2.0 × 10− 3 ⋅ VxSW_GSE + 3.1 × 10− 2 ⋅ Pdyn − 1.1 × 10− 3 ⋅ F107

+ 3.7 × 10− 4 ⋅ AE_index + 8.3 × 10− 4 ⋅ x ⋅ |z| + 1.8 × 10− 2 ⋅ |z| ⋅ rdist

− 7.4 × 10− 2 ⋅ rdist ⋅ FootType + 7.7 × 10− 4 ⋅ rdist ⋅ F107

− 3.1 × 10− 5 ⋅ F1072 + 2.3

(1)

Split_Poly_Part1:

log10( p3) = − 5.9 × 10− 1 ⋅ rdist + 8.4 × 10− 1 ⋅ FootType − 2.5 × 10− 3 ⋅ VxSW_GSE

+2.0 × 10− 2 ⋅ rdist2 − 5.0 × 10− 2 ⋅ rdist ⋅ FootType + 4.2
(2)

Split_Poly_Part2:

Table 1
Average Performance Metrics for Different Models Resulting From Five‐Fold Cross‐Validation and the Number of Data
Points N_train Used for Training

Model MSE MAE R2 Pearson Spearman Predictors N_train

Basic_OLS 0.92 0.76 0.02 0.43 0.43 9 353,660

Poly_Lasso 0.73 0.68 0.22 0.51 0.51 52 353,660

Heuristic_Poly_OLS 0.78 0.71 0.17 0.47 0.47 13 353,660

Split_Poly_Part1 0.58 0.60 0.24 0.53 0.53 5 60,961

Split_Poly_Part2 0.82 0.73 0.09 0.50 0.50 19 145,952

Split_Poly_Part3 0.79 0.72 0.19 0.46 0.46 15 70,137

Split_Poly_Part4 0.65 0.64 0.29 0.55 0.55 6 76,610
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log10( p3) = − 6.2 × 10− 1 ⋅ |z| + 2.3 × 10− 1 ⋅ rdist + 7.5 × 10− 1 ⋅ FootType

+7.8 × 10− 4 ⋅ VxSW_GSE + 6.4 × 10− 2 ⋅ Pdyn + 3.0 × 10− 4 ⋅ AE_index

+3.4 × 10− 3 ⋅ x ⋅ |z| + 3.4 × 10− 5 ⋅ x ⋅ VxSW_GSE − 5.3 × 10− 4 ⋅ y ⋅ rdist

+5.1 × 10− 2 ⋅ |z| ⋅ rdist − 3.7 × 10− 2 ⋅ rdist2 − 7.2 × 10− 2 ⋅ rdist ⋅ FootType

− 2.5 × 10− 4 ⋅ rdist ⋅ VxSW_GSE + 6.0 × 10− 4 ⋅ rdist ⋅ F107

+1.8 × 10− 1 ⋅ FootType2 − 2.9 × 10− 2 ⋅ FootType ⋅ Pdyn

+4.6 × 10− 8 ⋅ Temp ⋅ Pdyn − 5.0 × 10− 5 ⋅ Pdyn2 − 2.3 × 10− 5 ⋅ F1072 + 1.9

(3)

Split_Poly_Part3:

log10( p3) = 3.6 × 10
− 1 ⋅ y − 2.8 × 10− 1 ⋅ |z| − 5.7 × 10− 2 ⋅ rdist + 1.1 ⋅ FootType

− 1.7 × 10− 3 ⋅ VxSW_GSE + 2.5 × 10− 7 ⋅ Temp + 2.6 × 10− 2 ⋅ Pdyn

− 1.3 × 10− 3 ⋅ F107 + 4.6 × 10− 4 ⋅ AE_index + 2.5 × 10− 3 ⋅ x ⋅ |z|

− 2.8 × 10− 2 ⋅ y ⋅ rdist + 1.4 × 10− 2 ⋅ |z| ⋅ rdist − 8.2 × 10− 2 ⋅ rdist ⋅ FootType

+8.2 × 10− 4 ⋅ rdist ⋅ F107 − 3.1 × 10− 5 ⋅ F1072 + 1.2

(4)

Split_Poly_Part4:

log10( p3) = − 5.1 × 10− 2 ⋅ |z| − 1.6 × 10− 1 ⋅ rdist + 2.2 × 10− 1 ⋅ FootType

− 2.6 × 10− 3 ⋅ VxSW_GSE − 1.9 × 10− 3 ⋅ F107 + 7.4 × 10− 4 ⋅ AE_index + 2.7
(5)

4.2. Performance on the Test Set

In the Heuristic_Poly_OLS model, the hexagonal bins largely align with the ideal fit line (see Figure 6), which is
indicative of good predictive performance. However, this model exhibits a tendency to underestimate observed
values with a negative mean bias of − 0.31, notably at higher proton intensities. The mean bias is calculated as the
mean of the difference between the predicted versus the actual values. A significant peak at log(0.5) in the
histogram of observed values is associated with an overestimation in the Heuristic_Poly_OLS model's pre-
dictions. This peak stems from the substitution of zero values in the target variable p3 before applying the
logarithmic transformation. This overestimation at log(0.5) potentially skews the model's learning process,
causing it to adjust its predictions downward to minimize the overall loss. While this adjustment mitigates the
error for overestimated values, it concurrently introduces a bias leading to the underestimation of other observed
values. This behavior is consistently observable across all models, particularly those focusing on specific regions.
As an alternative to zero substitution, we also explored the removal of these zero values. While this approach
enhanced performance on the training set, it consistently led to diminished performance on the validation set.
Consequently, despite its limitations, the zero substitution technique was retained to ensure better generalization
to unseen data.

Turning our attention to Split_Poly_Part1 and Split_Poly_Part4, these models exhibit the most well‐centered
distribution around the ideal fit line in their respective heatmaps. This observation is consistent with their per-
formance metrics as recorded in Table 2, showcasing R2 values of 0.38 and 0.50 and Spearman coefficients of
0.61 and 0.72 for the test set. Notably, these models also maintain low complexity, employing only 5 and 6
predictors, respectively.

Conversely, Split_Poly_Part2, with its high complexity due to having 19 predictors, exhibits subpar performance
despite an acceptable Spearman coefficient. Significantly, with an R2 value of only 0.11, this model is the sole
split variant that exhibits notably inferior performance compared to the unsplit Heuristic_Poly_OLS model in the
test set. The more inhomogeneous distribution of hexagonal bins in its heatmap and the larger mean bias of − 0.43
are indicative of this weaker performance. On the other hand, Split_Poly_Part3 shows a modest improvement
over the unsplit model. This is evident not only in the performance metrics but also in a more concentrated
distribution in its heatmap, compared to Split_Poly_Part2.
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Figure 6. Joint plots comparing observed and predicted values of proton intensities, of the test set for the different OLS
models. The red lines represent ideal fits where observed values equal predicted values. Color bars indicate the number of
samples in each hexagonal bin. Histograms at the top and right margins show the distributions of observed and predicted
values for each model.
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4.3. Feature Importance

In order to derive feature importance in a linear regression model, one can
examine the coefficients of the model. The magnitude of the coefficients
indicates the relative importance of the corresponding feature in predicting
the target variable. A larger absolute value of a coefficient suggests a stronger
influence of the associated feature on the outcome. The features are scaled
appropriately by scaling the features once before the creation of the poly-
nomials and once afterward. Scaling ensures that all features are on a com-
parable scale, which prevents features with larger values from dominating
those with smaller values in the model. The feature importance for each
model was plotted in Figure 7.

The variations in feature importance across the different models offer insights into the underlying mechanisms
affecting proton intensities in various regions. For the Heuristic_Poly_OLS model and models corresponding to
the inner regions (Split_Poly_‐Part2 and Split_Poly_Part3), the absolute value of z (|z|) emerges as the most
significant predictor, followed by Foottype and VxSW_GSE. The Split_Poly_‐Part2 model additionally
identifies the polynomial terms |z| rdist and rdist2 as significant features. The similarity between the
models for the inner part and the model trained on the full data is most likely partially influenced by the fact that
the inner regions contain 61% of the total data points. The models tailored to the outer regions (Split_Poly_Part1
and Split_Poly_Part4) prioritize rdist, VxSW_GSE, and Foottype as their top predictors, in that order. A
notable distinction from the inner region models is the elevated significance of VxSW_GSE.

5. Discussion
The most critical predictor for our Heuristic_Poly_OLS_Model, which utilizes the full data set, is the absolute
value of z, denoted as |z|. Themodel reveals a negative correlation between |z| and the proton intensities, indicating
that as |z| increases, the proton intensity declines. This trend can be primarily attributed to the circulation of protons
in Earth's magnetic field. Most ions are concentrated at the equatorial plane during their drift trajectories on the
closedmagnetic field lines. At higher latitudes where openmagnetic field lines dominate, the proton intensities are
expected to drop with |z| distance. Consequently, the proton intensities reduce with an increase in |z|.

The predictor FootType categorizes magnetic field line types and ranks as the second most influential factor.
Closed field lines, known for the highest proton intensities, trap charged particle populations. The importance of
this parameter aligns with the studies byWalsh et al. (2014) and Kronberg et al. (2020). In contrast, open field line
regions typically correlate with lower particle energies outside the soft proton (SP) range, resulting in weaker
count rates as detailed in Kronberg et al. (2020). IMF regions show slightly higher count rates since particles can
experience acceleration in the bow shock region, especially quasi‐parallel bow shock configurations (normal to
the shock is parallel to the IMF direction) (Blandford & Ostriker, 1978; Kronberg et al., 2009; Sundberg
et al., 2016).

The high importance of solar wind speed in the X‐direction is consistent with the analysis of the feature plot in
Figure 4. Kronberg et al. (2021) also found that VxSW_GSE displays “the most substantial linear dependence of
the proton intensities among the OMNI parameters.” The solar wind speed, directly correlated to its electric field
as E = Vx × Bz, is crucial for magnetospheric dynamics as it determines the rate of magnetic reconnection on
Earth's dayside (Dorelli, 2019), and consequently magnetic reconnection at the night side. A surge in solar wind
speed correlates with an increased rate of magnetic reconnection. Additionally, magnetic reconnection events,
which can accelerate charged particles, also impact soft proton intensities significantly, as noted by Read and
Ponman (2003). Research by Gonzalez et al. (1994), Milan et al. (2012), and C. Wang et al. (2014) further
elucidates this concept, indicating that a variety of solar wind‐magnetosphere energy transfer models are
dependent on the velocity of the solar wind.

6. Conclusion
In this study, we developed five user‐friendly linear regression models to predict proton intensities in the energy
range of 92.2–159.7 keV with a Spearmen correlation ranging from 0.57 to 0.72 on the test data. Utilizing data
from the Cluster's RAPID experiment, supplemented with solar, solar wind, and geomagnetic data from the

Table 2
Performance Metrics of the Final Models on Test Data

Model MSE MAE R2 Pearson Spearman Bias

Heuristic_Poly_OLS 0.74 0.71 0.22 0.56 0.57 − 0.31

Split_Poly_Part1 0.46 0.54 0.38 0.62 0.61 − 0.03

Split_Poly_Part2 0.83 0.74 0.11 0.56 0.57 − 0.43

Split_Poly_Part3 0.77 0.73 0.24 0.61 0.62 − 0.37

Split_Poly_Part4 0.47 0.56 0.50 0.72 0.72 − 0.11
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Figure 7. Feature importance plots for five different OLS models: Each plot presents the absolute values of the model coefficients, serving as indicators of feature
importance. Accompanying error bars represent the standard errors, providing a measure of the coefficient's reliability. The plots collectively offer insights into the
relative significance of each predictor across different models.
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OMNI database, the study focused on aligning the models with the anticipated spatial area covered by the up-
coming SMILE‐mission.

Segmenting the data into four distinct regions based on the y coordinate with thresholds − 6.6 RE, 2.3 RE, and 6 RE,
resulted in enhanced model performance for three of the four segments, surpassing the main model's performance.
The primary predictors in these outer regions were identified as radial distance and the radial solar wind speed.
Conversely, the inner region models and the comprehensive main model demonstrated a significant dependence
on the absolute value of z and the type of magnetic field lines.

The redefinition of the FootType variable and the incorporation of the absolute value of z as key model features
significantly improved the model compared to previous relevant studies. This study suggests that the development
of more accurate predictive models for space weather phenomena may not solely rely on novel algorithms, but
also on crafting tailored models, each addressing distinct regions with their specific characteristics.

Appendix A: Histogram of Proton Intensities
Figure A1 illustrates the histogram of proton intensity measurements captured by channel 3, covering an energy
range from 92.2 to 159.7 keV.

Data Availability Statement
The authors express their gratitude to the team at the Cluster Science Archive (https://csa.esac.esa.int) for sup-
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regression model can be found via (Mischel et al., 2024).
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