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The magnetic activity of the Sun can trigger various energy-releasing events, such
as solar flares and coronal mass ejections (CMEs). These energy bursts can lead
to acceleration and ejection of matter into interplanetary space, where they can
be observed as solar energetic particle (SEP) events. On this thesis the focus is
on predicting the proton peak energy fluxes observed during these events. It has
been shown that the properties of the SEP event energy spectra are related to the
properties of the associated phenomena, such as flares, CMEs and the solar wind
conditions during the event.

In the last years, machine learning (ML) models have also been applied to predicting
SEP events. In their 2024 paper [1], Liu et al. research team presented an iterative
decision tree model for predicting SEP event energy spectra. In this thesis our first
goal was to recreate this ML model and then expand our approach to other classical
machine learning methods. Using SEP event data with associated flare, CME and
solar wind speed data we created machine learning models with ridge, K-nearest
neighbor and decision tree regressors for predicting the SEP event energy spectra.
In this thesis we also introduced feature cost analysis for the different input feature
combinations. As the flare, CME and solar wind speed data are obtained from
different instruments, we explored whether just some of these properties would be
sufficient in predicting the SEP events.

Our results indicate that the ridge and KNN regression models seem to be somewhat
equal in prediction performance and overall better than the decision tree regression.
The decision tree regressor performed very poorly in predicting the SEP energy
spectra. However, the prediction performances across all model types were overall
lacking. For the feature set cost analysis, the results show that models trained with
flare strength parameters perform better than other models and models trained
with only flare strength parameters seem to perform nearly as well as models with
additional parameters. Based on these results, further research with more robust
models and if possible, larger datasets, is encouraged.
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Introduction

The magnetic activity of the Sun can trigger various energy-releasing events on

its surface such as solar flares and coronal mass ejections (CMEs). These bursts of

energy can also cause the acceleration and ejection of solar energetic particles (SEPs)

into the interplanetary space, where the particles can be observed in so-called SEP

events. The particle bursts consist of electrons, protons and to a lesser extent of

heavier elements up to zinc [2]. In this thesis our focus is proton flux observations

of these SEP events.

The proton fluxes of SEP events can be observed in multiple different energy

channels in order to construct energy spectra for the events. The energy of the

protons that are usually detected in the interplanetary space can vary from 5 MeV

up to several hundred MeV [3] but in principle the lowest energy protons have their

energies at the keV levels. The SEP events usually contain a majority of lower energy

particles, which means that the events have higher peak fluxes in the lower energy

channels than in the high energy channels. However, the shape and the intensities

of the energy spectra do vary event by event. It has been shown that the SEP events

are closely related to the solar flares and the CMEs. Also, they seem to have some

relation to the solar wind conditions at the time of the event, due to it changing the

trajectories of the SEPs [2]. These properties of the associated flare and CME and

the solar wind conditions have been shown to have an effect on the observed SEP

event energy spectra.

Modeling the relationships between the SEP event energy spectra and its asso-

ciated parameters is not straightforward. During the last decades, empirical models

for predicting SEP event energies have been built. These models use historical data

of SEP events and associated phenomenon data, such as flare, CME and solar wind

properties in order to predict the SEP event energies [1]. During the last years,

machine learning (ML) techniques have also been applied in different areas of space
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physics, including SEP event observations. One of these studies in the recent years

was conducted by Liu et al. in 2024 [1], which used in iterative decision tree algo-

rithm in order to predict the energy spectra based on flare, CME and solar wind

properties. However, there haven’t been many previous studies on the SEP event

prediction based on more classical ML methods. In this thesis our first goal was to

explore the technique presented by the Liu et al. research team in their 2024 paper

[1]. Our main goal that this thesis addresses to was to expand on this research

by employing different ML methods on the SEP energy spectra prediction and also

study whether using different associated properties in these ML models would have

an effect on the performance of the models. These properties include observational

data regarding the flares, the CMEs and the solar wind which are obtained using

different instruments on board different spacecraft. Hence if we could get sufficiently

good results using just some of these properties in our model, it could also reduce

the cost of creating the models, since less observational data would be needed.

In this thesis we will first introduce the basic physics of the solar energetic

particles and the theory behind the machine learning models used. Then we will

introduce our data set and the machine learning methods we used in predicting the

SEP event energy spectra. We have built three different classical machine learning

models (ridge regression, K-nearest neighbors regression and decision tree regressor)

of which we compare the performances. We also train these models with different

subsets of observable properties and compare the performances of the models with

these different subsets.

1 Solar Energetic Particles

The Sun is the central object of our solar system. It is an active star and phenomena

caused by its activity in the near-earth space are very important in the field of space

physics. Among other phenomena, the activity on the Sun’s surface can cause
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energetic charged particles to be accelerated in bursts into the interplanetary space

where they can be observed as solar energetic particle events. In this chapter we

will take a brief look into the physics and observable properties of these SEP events.

In addition to the physics of this phenomenon, in this chapter we will also take a

brief look into the theory of the ML models that can be used in predicting the SEP

spectra.

1.1 Solar Energetic Particle events

In this section we introduce the physical theory behind the solar energetic particle

events. First we will introduce the main sources of these events: solar flares and

coronal mass ejections. Then we will look at the solar particle event observations.

1.1.1 Solar Flares

The solar magnetic activity creates sunspots and active regions on the surface of the

Sun. These are regions of strong magnetic fields and are created when the magnetic

field lines produced below the Sun’s surface emerge through the photosphere. These

regions are visible in different wavelength ranges and can be observed via magne-

tograms. Notably the sunspots are visible in the visible spectrum wavelengths as

the surface of the Sun is cooled around them and the spots are seen as darker areas

[4].

There is an enormous amount of energy stored in the magnetic fields near the

solar surface. This energy can be sometimes released through magnetic reconnection

in events known as solar flares. Solar flares have been observed to occur in nearly

all regions of the sun with the exception of the very high latitude regions. However,

the strongest seems to occur in the active regions and also are more likely to be

closer to the equator of the Sun [6].

The energy release in flares is impulsive and can be observationally defined
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Figure 1. A M7.5 class solar flare imaged in EUV wavelength of 131 Å by Solar
Dynamics Observatory on 7.2.2025 [5].

as a brightening of any electromagnetic radiation emission at low, minute-to-hour

timescale. One example of such a bright flash can be seen on Fig. 1. During this re-

lease of energy a large part of the magnetic energy is transformed into kinetic energy

of electrons and ions thus creating accelerated SEPs. However, the exact details of

particle acceleration during the impulsive energy release is not yet certain [7]. Flares

have been shown to be one of the main sources of SEPs along with coronal mass

ejections [2]. Flares at the visible side of the Sun as seen from Earth are nowadays

observed by the United States’ National Oceanic and Atmospheric Administration’s
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(NOAA) Geostationary Operational Environmental Satellites (GOES). The GOES

spacecraft conduct flare X-ray flux observation in the 0.1 to 0.8 nm passband. The

1-minute averaged peak intensity in this passband is used to classify the flare by

intensity. The classification includes a letter representing the order of magnitude of

the irradiance and a number within the order. From the lowest irradiance to highest,

the letters are A, B, C, M and X. For example the classification X corresponds to

a peak irradiance of 10−4 W m−2. Thus for example a flare class of M5.8 would

correspond to a peak irradiance of 5.8× 10−5 W m−2 [8]. In addition to the inten-

sity, the location of the flare on the solar surface is also important since it affects

the probability of observing the accelerated particles in interplanetary space further

away from the Sun. This relation of the location and the particle trajectory is gone

through more in detail in the next section.

1.1.2 Coronal Mass Ejections

Along with radiation, the Sun can also eject mass into the space in events known as

coronal mass ejections. They can be observed by coronagraphs on near-Earth space-

craft. The coronagraphs show the flow of particle matter from the Sun by observing

Thomson-scattered sunlight in the solar corona and heliospheric plasma thus giving

us a "plane of the sky" view of the emissions. In recent years, most of these observa-

tions have been made by the Large Angle and Spectrometric Coronagraph (LASCO)

which is onboard the NASA/ESA joint operation Solar and Heliospheric Observa-

tory (SOHO) spacecraft. One exampled of a CME event captured by LASCO C2

and C3 instruments is shown in Fig. 2.

The relation between the flares and CMEs was debated in the 20th century but

nowadays they are thought to be different manifestations of a single magnetically-

driven event [10]. This is also seen observationally as there is a correlation between

the larger CMEs and the larger flares but both of these phenomena can also be
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Figure 2. A lightbulb-shaped CME captured by LASCO C2 and C3 instruments
on 27.2.2000. The direct view of the Sun is blocked and the size of the Sun’s disc
is shown as a white circle in the center. The C2 image on the left shows a smaller
field of view of the inner solar corona and the C3 view has a larger field of view of
32 solar radii [9].

observed without the other. [2] CMEs generally expel large amounts of plasma and

magnetic fields into the heliosphere. The expelled structures are generally much less-

localized than the eruptions from flares. Most of the ejected CME mass comes from

the lower parts of the solar corona. If the CME has a higher speed than the local

Alfvén speed of the corona and the interplanetary medium, it can create a forward

shock. These CME-driven shocks can then accelerate electron and ions producing

SEPs. The CMEs also can cause disturbances in the interplanetary space leading to

geomagnetic storms if they come into contact with the Earth’s magnetosphere [10].

From the coronagraph observations one can deduce several properties of a CME

that can be used to identify and measure the event. These properties include speed,

acceleration, width, mass, kinetic energy and mechanic energy of the CME. However,

these coronagraph observations only give us the "plane of the sky" view so to obtain

the velocities and geometric values from these two-dimension views one has to make

approximations and assumptions so there will always be uncertainty about the true



7

values. The leading edge of the CME may accelerate or decelerate near the Sun but

have been found to have relatively constant velocity beyond a height of two solar

radii. The CME speeds have quite a large variance reaching up to over 2500 km

s−1 with the average speed being somewhere in the range of 300 to 500 km s−1 [10].

Measuring the width of the CME is also of importance as it has been shown that the

angular width of the CME is important factor for determining whether the CME

and its shock are connected to Earth [11]. The observed width depends largely on

the direction of the CME as CMEs pointed directly towards at or away from the

observer can be seen as halo CMEs where the CME surrounds the disk of the Sun

completely. In non-halo CMEs the widths do vary with the average width being

around 40◦ [10].

1.1.3 Solar Energetic Particles

SEP events have historically been classified into two major classes: impulsive and

gradual. The impulsive events seem to be associated with flares and solar jets created

by magnetic reconnection and not major CME events whereas the gradual events

seem to relate to the shocks driven by major CMEs [2]. The difference between the

origins of these two types of events is shown in the cartoon Fig. 3. The figure shows

how flares induce a more narrow area of particle acceleration whereas CME shocks

create a region where the particles are accelerated in a wider area. In addition to

the width of the acceleration regions, these two types of events can also differ by

many other properties such as elemental abundances, onset timing and duration.

An example of gradual SEP event is shown in Fig. 4, where we see two SEP events

in a timespan of 12 days, with the latter event being caused by the local crossing

of the CME-driven shock at the spacecraft. In short, the impulsive events are

small and brief, lasting for some hours, whereas the gradual events are larger, more

energetic and intense with durations of hours to days. However, this kind of stark
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classification is partly outdated as mixed-type events have been observed. Figuring

out the contributions of flare and shock in a single event is still a problem in space

physics [2].

Figure 3. Impulsive, flare-induced source of a SEP event on the left and gradual,
CME shock-induced source of a SEP event on the right. On the right-hand picture
the CME is coloured as gray, the shock wave as solid black line. The particle
trajectories are shown as spirals along the dashed magnetic field lines [2].

Figure 4. An example of proton flux profiles during a SEPEM reference event at
4.-17.3.2012 in the 11 lowest energy channels. Plot created with SEPEM application
[12].
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There are a large number of missions that observe SEP events. In this thesis

we use data from SEP observations conducted by the GOES satellites. The GOES

mission has been in operation since 1976 with new spacecraft launched every few

years. The satellites measure proton fluxes in several energy channels from 4 MeV

up to >700 MeV. This data can be accessed for example by using the Solar Energetic

Particle Environment Modelling (SEPEM) application1 created by The European

Space Agency (ESA) which contains all the GOES proton data in addition to a

reference SEP event list. An example plot of proton flux data during a reference

event for the 11 lowest proton energies ranging from 5 MeV to 289 MeV channels is

shown in Fig. 4 [12]. In our thesis the main interest is in the peak energy spectra of

the SEP events. These spectra give us a concise look at the intensity and the profile

of the SEP events. An example of a peak energy spectrum is shown in Fig. 5, which

shows the observed peak particle flux in the same 11 energy channels as in Fig. 4.

The energy spectra is plotted as a peak flux vs. energy graph in logarithmic scale.

When observing SEP events, the connection between the observer and the tra-

jectory of the particles is also important. The trajectories are largely constrained

by the curved magnetic field around the Sun, the Parker spiral. The Parker spiral is

visualized in Fig. 6 with a reference flare event. This spiral configuration is caused

by the solar wind that carries plasma and along it magnetic field outwards from

the sun. The solar wind expansion can be approximated as radial but the rotation

of the sun draws the field lines connected to a certain point on the solar surface

into a spiral [2]. Due to the Sun’s rotation from east to west points on the western

hemisphere of the Sun are more likely to be connected via the Parker spirals to

the Earth. Hence the longitude of the SEP origin (flare or CME) also affects the

observation of the associated SEP event. The solar wind speed also varies over time

and has an effect on how tightly the spiral structure winds. For an SEP event to be
1http://www.sepem.eu/
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Figure 5. The observed peak particle flux of a SEPEM reference event showing the
peak flux in 11 different energy channels in logarithmic scale.

observed in-situ by a spacecraft it has to be connected via the Parker spiral to the

SEP triggering event site. As Fig. 6 shows, the Parker spiral field line connecting

to the reference event at a certain longitude gets wound into a tighter spiral as the

solar wind speed decreases.
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Figure 6. Parker spiral visualization of field lines connecting to Earth, STEREO
A and STEREO B satellites along with a reference flare at longitude of 240◦ and
latitude 0◦ with different solar wind speeds of 300 km s−1 (left) and 600 km s−1

(right). Figure created with the Solar-MACH tool [13].

2 Machine Learning

Machine learning (ML) is an umbrella term for describing computational pattern

recognition methods. Machine learning can be divided into three main categories;

supervised learning, unsupervised learning and reinforcement learning depending on

how the ML model is trained on [14]2. In supervised learning the model is given

the input vector x = (x1, x2, ..., xn) for n features with the output vector y as the

response. The model then tries to find the best estimate for the connection between

the outputs and inputs [15]. For example, in the case of our study, the input features

would be the CME, flare and solar wind parameters and the output features would

be the SEP peak fluxes at the different energy ranges.

Unsupervised learning differs from supervised learning in that the model isn’t

given output features as a response during its training and thus the model is not

trying to find a connection between the output and input features. It often deals with

finding the underlying connections between the features and/or the observations.

One example of this is finding similar groups of observations in a process called
2In this thesis we are mainly interested in unsupervised and supervised learning. Basics of

reinforcement learning can be found for example in Russell & Norvig’s 2016 textbook [14].
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clustering [15].

In this thesis the main focus is on supervised learning where an algorithm tries

to approximate a function that maps the inputs to the outputs with the smallest

error. It assumes that there is a relationship between the output features and the

input features which can be shown in general form as

y = f(x) + ϵ, (1)

where the y is the output vector, f(x) represents the function mapping the input

vector x to the outputs and ϵ represents the error term independent of the input

vector. Now the model tries to estimate the function that best approximates the

relationship between x and y. This estimation function can be described as:

ŷ = f̂(x), (2)

where ŷ is the model’s prediction for the output y and f̂ is the model’s estimate for

the function. Here the error term present in Eq. (1) is averaged to 0 since the error

term is defined as having the mean value of 0 and thus is left out of the equation

[15].

2.1 Training and Test Sets

The set of input-output pairs of data that is used to train the model to estimate

the relationship f between the inputs and the outputs is called the training set.

The set of data that is used to evaluate the model’s performance after the training

phase is called the test set. These sets can be formed from the original data set by

a random split of desired ratio for the train-test data [16]. In the model training

phase the model is given both the inputs and outputs of only the training set and

learns the connection between them. During the training the model assesses how

well the estimated function f̂ approximates the true relationship f by calculating

some training score. After the model has created the estimation function f̂ , it is
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then applied to the yet-unseen test set. The test set input feature values are fed

into f̂ and the quality of the fit can be then measured by comparing the output

estimates ŷi given by the model to the real test set yi values [15].

It is important to keep the training and test sets separate in order to get a

realistic assessment on how the model performs on unseen data. Also, finding the

ratio between the train and test set sizes is a problem in its own, since the model

needs to have enough training data to learn the underlying patterns but also enough

test data for giving a reasonable evaluation of the model’s performance with data

points unseen during the training phase [16]. Additionally, it is important to keep

in mind the possibility of overfitting the model, where the model creates a very

accurate estimate f̂ for the training set. Traditionally, it has been thought that

overfitted models perform very poorly with unseen data and thus overfitting has

been something to avoid [15]. However, recent research about modern machine

learning methods has been conducted on ’benign overfitting’ that has shown that in

some deep neural networks the overfitted models seem to perform remarkably well

also on the unseen data [17].

2.2 Model Evaluation

The most common approach for measuring the closeness of the model and the real

data in a regression problem is the least squares criterion. For this the model tries

to find the appropriate coefficients to minimize the residual sum of squares (RSS).

The RSS can be defined as

RSS =
n∑︂

i=1

e2i (3)

where the ei-terms represent the ith residual, which is the difference between the ith

observed output value and its value as predicted by the linear model. The equation

for the residual is

ei = yi − ŷi, (4)
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where yi is the true value of the ith output and ŷi is the i:th predicted value of y.

After a model has been trained and used to create predictions on the test data,

it is important to quantify how well the model fits the data. There are multiple

ways to do this evaluation. For this, two commonly used quantities are the mean

square error (MSE) and the R2 score. The MSE is given by

MSE =
1

n

n∑︂
i=1

(yi − f̂(xi))
2 =

1

n
RSS, (5)

where n is the number of observations, yi is the true value of the ith observation

and f̂(xi) is the model’s estimate for the ith observation [15]. In this thesis we used

the root mean square error (RMSE) as one of the evaluators of the ML models. The

RMSE score is measured in the units of the output feature y which may help assess

the absolute value of the error but can sometimes confound the assessment of what

is a good RMSE value.

Alternatively, one can use a measure that is independent of the scale of the

original feature and standardizes the measure. The R2 score does this by using the

proportion of the RSS and the total sum of squares, TSS. The TSS can be defined

as the sum of all squared differences between the observations and their mean:

TSS =
n∑︂

i=1

(yi − ȳ)2, (6)

where the ȳ represents the mean value of the observations. The formula for the R2

score is

R2 =
TSS− RSS

RSS
= 1− RSS

TSS
= 1−

∑︁n
i=1(yi − ŷi)

2∑︁n
i=1(yi − ȳ)2

(7)

[15]. Usually the range of R2 value is defined as R2 ∈ [0, 1] [15]. Interpreting the

R2 in this range is relatively simple. The closer the value is to 1 the better the

model is at predicting the outputs. If R2 = 0, the model performs poorly and the

prediction result of the model can be interpreted being as good as one would get

just by predicting the mean for all of the data points. However, from the eq. (7)

we can see that if RSS > TSS, then R2 < 0 . If the R2 value is negative, it can be



15

interpreted as the model prediction being worse than predicting the mean value for

all data points.

2.3 Model Bias and Variance

Both variance and bias are important properties of a ML model relating to how well

the model performance generalizes on data outside of the training data [16]. Model

variance tells us how stable the model’s estimate f̂ is related to the data used to

train the model. If the variance is high, even a small change in the training data

may lead to large changes in the estimate. The more flexible a model is (i.e. how

well the model can fit different functional forms), the more variance it usually has.

The bias of the model explains the error that is caused by approximating the real-life

situation into a mathematical model and thus more flexible models usually result in

less bias [15].

There are multiple ways to show how the bias-variance relationship relates to the

expected prediction error of the model. We can show that the expected risk of the

model can be composed of the bias, which is not dependent on the training sample,

the variance which is dependent on the training sample and an error component,

which isn’t dependent on any model parameters. Without going into the detailed

derivation, this can be shown mathematically as

ED

[︂
Exy[(y − f̂(x))2]

]︂
= Ex

[︂(︂
y∗ − ED[f̂(x)]

)︂2]︂
+ Ex

[︂
ED[(f̂(x)− ED[f̂(x)])2]

]︂
+ Exy

[︂
(y − y∗)2

]︂
,

(8)

where y∗ = Ey|x[y] is the Bayes-optimal prediction for each point x. The expected

value ED is taken with regard to all possible training sets, Ex is taken with regard

to the input vector of the new data point, Ey is taken with regard to the output

and the Exy is the joint expectation with regard to both the input vector and the

output. In this formula the left-hand side term is the expected risk of the trained
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model f̂ , the first term on the right-hand side is the bias of the model, the second

term is the variance of the model and the third term is the noise term independent

of the model parameters [18].

Now if we wanted to minimize the expected test error (risk), we would need

a model that has both as low bias and variance as possible. This introduces the

problem known as bias-variance trade-off since it is very easy to train a model with

low bias but high variance or vice versa but finding the optimal point where both

of these variables are low is very challenging [15].

2.4 Hyperparameters and Cross-Validation

Most ML models have hyperparameters (also known as tuning parameters) that are

not determined by the model itself but set separately by the user when training

the model. These parameters, such as the λ parameter for ridge regression and

K parameter for K-nearest neighbor regression discussed in the following sections

usually create some kind of restriction for the model to adjust its complexity in order

to minimize the error [16]. Some models also allow using multiple hyperparameters.

Choosing the most optimal combination of hyperparameters is not trivial. For this

one can use cross-validation, which is one method of finding the best model among

different models. An often used technique is the K-fold cross-validation, which is

illustrated in Fig. 7. In this technique, the training set is divided into K different

folds of equal sizes. The model is then trained with K − 1 folds as the training set

and the remaining set left as the validation set. The prediction error of the fitted

model is then calculated with the validation set. This process is iterated until all

K folds have acted as a validation set and the results of the K validation sets are

averaged. This process is repeated for all different hyperparameter combinations

and the best one can then be picked to be used with the test data [16].
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Iteration 1 Train Train Val

Iteration 2 Train Val Train

Iteration 3 Val Train Train

Fold 1 Fold 2 Fold 3

Training set

Figure 7. Training and validation folds in a K = 3 K-fold cross-validation situation.
In each iteration the model is trained on the training folds (blue) and validated on
the single validation fold (red).

2.5 Regression Models

Depending on the type of the output data the ML problem can be either classification

(categorical output values) or regression (numerical and/or categorical outputs). In

our case we are interested in proton peak fluxes in different energy ranges, which can

in theory have any positive real number as their value, making our study a regression

problem. There are many different ML techniques one can use to tackle a regression

problem. For our study we have picked three commonly used techniques that are

then compared with each other. As the techniques, we picked ridge regression, K-

nearest neighbors (KNN) regression and a decision tree regression model. All of

these models are quite simple to implement and also relatively easy to interpret.

The decision tree model was also used previously in a similar task predicting proton

fluxes from a similar data set as in this thesis by Liu et al in 2024 [1]. Choosing

these models also lets us approach the regression problem in different ways since

each of these models have a different method of solving the problem.
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2.5.1 Linear regression

Ridge regression is a variant of a linear regression model. Linear regression models

have a very straightforward approach for predicting the output based on inputs by

assuming that there is approximately a linear relationship between them. Mathe-

matically this linear relationship for a model with multiple predictors and a single

output can be written as

y = β0 +
n∑︂

j=1

βjxj + ϵ, (9)

where y is the output variable, β0 is the intercept, n is the number of input variables,

xj represents the jth input variable and βj is a coefficient specifying the association

between the output and ϵ is the error term. The error term covers all the possible

error sources that are missed by the model, including the non-linearity of the rela-

tionship, other variables associated with y and possible measurement errors. The

error term is usually assumed to be independent of x [15].

For a situation with multiple outputs each output is thus calculated separately

of each other. So in essence the goal of the model is to find the best values for

the βj-coefficients so that the resulting hyperplane of the regression function lies as

close as possible to all of the data points used to train the model. The model aims

to do this by finding the coefficients that minimize the RSS Eq. (3). For a multiple

linear regression model with multiple input features and one output feature, the

RSS equation becomes

RSS =
n∑︂

i=1

(yi − ŷi)
2 =

n∑︂
i=1

(yi − β̂0 −
p∑︂

j=1

β̂jxij)
2, (10)

where n denotes the size of the data sample, p is the number of different input

parameters x and β̂0, β̂j are the estimated coefficients. So in essence the simple

linear regression model works by finding the coefficients β0, βj that minimize the

RSS [15].
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2.5.2 Ridge Regression

Ridge regression is a form of linear regression which employs an additional tuning

parameter to shrink the regression coefficients towards zero. Instead of trying to

minimize only the RSS eq. (10), it introduces a shrinkage penalty term to the

function it tries to minimize:

n∑︂
i=1

(yi − β0 −
p∑︂

j=i

βjxij)
2 + λ

p∑︂
j=1

β2
j = RSS + λ

p∑︂
j=1

β2
j (11)

where λ ≥ 0 is a tuning parameter and the sum term λ
∑︁p

j=1 β
2
j is called the shrink-

age penalty [15]. The value of the tuning parameter acts as a hyperparameter and

can be chosen by cross-validation when training the model as described in Sect. 2.4.

If λ = 0, the Eq. (11) reduces to the ordinary RSS. When λ is increased, the

shrinkage penalty term also increases resulting in the coefficients being restricted

and starting to approach zero. As the model produces different coefficient estimates

for each λ, finding a good value for it is important when training the models. The

advantage of the ridge regression over the simple least squares-method is that by

restricting the coefficients the model reduces the variance of the estimate with the

cost of increasing the bias. If the data has a linear relationship, bias is often low

but variance may be high and a least squares-estimate will result in high variability

among the estimates. With ridge regression this variance is reduced [15].

2.5.3 K-Nearest Neighbors Regression

In case of non-linear relationship between the inputs and outputs, a non-parametric

method which doesn’t have any strong assumption about the form of the function

relating the inputs and outputs is often a reasonable approach. The K-nearest

neighbors (KNN) regression is one of the simplest and most-used non-parametric

methods. In essence it works by identifying a certain number, K, training obser-

vations that are closest to a prediction point and then estimates the value of that
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point using the average of the closest training responses. This can be expressed as

f̂(x0) =
1

K

∑︂
xi∈N0

yi, (12)

where the f̂(x0) is the value of the estimate for input feature values at a certain point

x0, K is the number of nearest neighbors, xi are the observation points belonging to

the set of the closest K observations N0 and yi are the values of the output features

of the training set [15].

The number of nearest neighbors, K, is a hyperparameter of the model. If a large

K is used, the resulting function will be smoother as the points are averaged over

larger amount of neighbors. With a lower K value the variability of the function

increases and with K = 1 the resulting function is a rough step function as only the

closest training point is considered. This also results in a complete overfit of the

training data when K = 1. Generally said a non-parametric approach such as KNN

regression is better than a linear regression method, when the relationship between

the outputs and inputs is clearly non-linear. However, this is not always true as the

KNN regression suffers from the curse of dimensionality, meaning that if there is

a large number of different input features compared to the number of observations

to be predicted, it might run into a situation where a given observation does not

have sufficiently near neighbors leading to an inferior prediction. So generally in a

situation with a low number of observations per input feature the non-parametric

approaches tend to perform better [15].

2.5.4 Decision Tree Regression

Decision trees can be used for both classification and regression problems. They are

relatively simple to interpret but still quite powerful. There are multiple ways to

construct a decision tree. Here we focus on one of the most popular methods called

Classification and Regression Trees (CART), that was also used with the SEP data

in this thesis [16].
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Figure 8. Example of a decision tree constructed from two-dimensional (two input
features, X1 and X2) data using recursive binary splitting. The figure on the left
shows the splitting of the data along split points t1, t2, t3, t4. The figure on the right
side shows the resulting tree plot. Figure edited from [15].

Constructing a decision tree is relatively simple. A simple example of a deicsion

tree construction is shown in Fig. 8. First the data is divided into smaller subsets

by splitting the input feature (xi) spaces into separate, non-overlapping regions Rj

and then applying the same prediction to all the points inside the same region. The

prediction is the mean of all of the output values inside the region. The algorithm

tries to minimize the RSS, which is given in the regression tree as

RSS =
J∑︂

j=1

∑︂
i∈Rj

(yi − ŷRj
)2, (13)

where the ŷRj
is the mean of the outputs inside the j:th region Rj and J is the total

number of the regions. This splitting can be in theory done by any means resulting

in irregular areas. However, it is often simplest to use splitting that is recursive and

binary, meaning that each split divides the split region into two and each region may

be split again, resulting in rectangle or box-shaped regions. During the splitting the

split points are decided so that each split results in the largest possible reduction of

RSS. The splits can also be in theory continued until each data point is in its own

region, but normally some stopping criteria is decided in advance [15]. This stopping
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criteria could be for example be a maximum or minimum number of observations

per region [15] or a maximum depth of the tree.

After a tree is built there is often a risk of overfitting the data. To mitigate

this, a pruning algorithm can be applied to the tree in order to optimize the test

error of the model. Simplified, the pruning works by taking a large decision tree

and then reducing the lower section splits in order to obtain a less complex subtree.

This subtree comes with a better test performance with the trade-off of worse fit on

the training data [15]. There are many different pruning algorithms which aim to

find the best trade-off between the tree complexity and goodness of the fit, such as

cost-complexity pruning [16], which was used in the 2024 article for predicting SEP

energy spectra by Liu et al [1].

Decision trees are also a relatively easy to interpret and visualize, at least with

a small data set. This is shown in Fig. 8, which visualizes how the splitting of the

data happens in the input feature space and what the resulting tree structure looks

like. However, they can sometimes be very non-robust and generally the simplest

trees do not usually perform predictions as well as some other regression methods.

This could be mitigated by aggregating many decision trees, but these methods are

not in the scope of this thesis [15].

3 SEP Data

For creating ML models that can predict SEP energy spectra one needs a data

set comprising of the energy spectra of as many clearly identified SEP events as

possible. In addition to the energy spectra data, data associated with the SEP-

generating events, the solar flares and the CMEs, are also essential. In addition,

the connectivity of the events is of interest so solar wind speed data is also used in

creating the predictions. In this section we will introduce the data sources and the

input and output features that were used in training the ML models.
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3.1 Data Sources

For the SEP event list we used a modified version of the latest SEPEM reference

event list (Sect. 1.1.3), which contains peak proton flux and proton fluence data

of verified SEP events from 1976 to 2017 [12]. The SEPEM list defines a refer-

ence event beginning when the proton flux in the 7.23− 10.46 MeV energy channel

reaches 0.01 cm−2s−1sr−1MeV−1 and ending when the flux drops below this value.

However, if multiple flux enhancements were observed within 24 hours of the pre-

vious enhancement, the events were combined as one in the list, as it was observed

that multiple enhancements in a short time span could be related to each other [3].

The modified SEPEM event list that was used for this thesis was provided us by

the research team of Liu et al. who had previously used an earlier version of their

modification of the original SEPEM event list in their 2024 article on predicting

SEP energy spectra [1].

The edited version of the list was created by the Liu et al. research team by going

through each entry on the SEPEM reference event list and separating the SEP events

containing multiple flux enhancements as their own events, ending up with an initial

list of 256 SEP events in the time range from 30.4.1976 to 6.9.2017. However, the

earliest entries in the list were not used for the study, since the availability of CME

feature data from LASCO restricts the time range of usable entries to start from

the year 1996 [19], setting the SEP event on 4.11.1997 as the first entry on our list.

In addition to separating the entries containing multiple events, the Liu et al.

research team had also identified an associated solar flare with each event and pro-

vided the flare features in their event list. The flare data was compiled from multiple

sources with the primary source being the National Oceanic and Atmospheric Ad-

ministration (NOAA) flare-CME-SEP event list3, which contains 184 flare-matched

SEP events. The events not found on the NOAA SEP event list were identified
3https://umbra.nascom.nasa.gov/SEP/
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with flares one by one by using the following criteria: First, the flare must occur

at maximum 10 hours before the SEP onset time in the 7.23 - 10.46 MeV channel.

Second, if there are multiple flares occurring during this time window the largest

flare is prioritized. And last, if multiple flares meet these two criteria, the ones lo-

cated on the Sun’s western side are prioritized. In addition to the NOAA event list,

SEP catalogue by Papaionnau et al. [20] and the integrated Geostationary Solar

Energetic Particle Events Catalog (GSEP) by Rotti et al. [21] were used to find

the corresponding flares. If the flare identification using these resources failed, the

SEP event was excluded. The associated CME featured data was obtained from the

LASCO CME observations by the Liu et al. research team [1], based on the online

CME catalog of the Coordinated Data Analysis Web4.

In addition to the SEP, CME and flare data, the solar wind speed data was con-

sidered to be of importance by Liu et al. in predicting the SEP energy spectra [1].

The solar wind speed affects the Parker spiral configuration and thus the magnetic

connection of the observing spacecraft to the Sun as described in Sect. 1.1.3. The

solar wind speed data used were obtained from the NASA Wind spacecraft observa-

tions. Solar wind speed values at the flare start time for each event were obtained

by us using the Solar-MACH Python interface [13].

3.2 Features

For our input feature selection, we decided on initially using the same set of seven

features that were used by Liu et al. in their 2024 paper [1]. Smaller subsets of input

features were split from these seven initial features. The input features associated

with the flare were the latitude (Latflare) and longitude (Lonflare) and the strength

of the flare, which was measured with the peak and integral values of the soft X-

ray flux (FSXRpeak
, FSXRint

). The X-ray flux values were converted to logarithmic

4https://cdaw.gsfc.nasa.gov/CME_list/
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scale before the analysis. The CME-associated features were the width of the CME

(WCME) as observed in degrees and the velocity of the CME (VCME) in km s−1. For

the solar wind, the solar wind velocity (VSW ) in km s−1 at the flare onset was used.

Table I. Energy ranges of the six lowest energy channels in the SEPEM reference
data set used in the analysis.

Peak number Energy Range [MeV]

1 5.00− 7.23

2 7.23− 10.46

3 10.46− 15.12

4 15.12− 21.87

5 21.87− 31.62

6 31.62− 45.73

For the output features, the SEPEM reference proton data set includes data for

fourteen different energy ranges ranging from 5 MeV to nearly 900 MeV [22]. In their

paper, the Liu et al. research team omitted the three highest energy range channels

from their analysis since the SEP events only rarely reach that high energies [1].

For our output features we initially worked with the same set of 11 peak proton flux

energy ranges with the lowest range being 5.00 − 7.23 MeV and the highest being

200.0 − 289.2. However, after initial testing we opted to drop the 5 highest energy

ranges since a large part of the events did not reach higher energies. The energy

ranges of the different peak values used in our analysis are shown in Tab. I. The

peak energy values were also converted to logarithmic scale before the analysis.

Sample values of our data set for the input features and output features are

shown in Tabs. II and III, respectively.
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Table II. Sample of our data set showing typical values of the input features. The
flare strength values have been converted to logarithmic scale.

event id VCME [km s−1] WCME[
◦] Lonflare[

◦] Latflare[
◦] logFSXRpeak

logFSXRint
VSW [km s−1]

85 1192.0 197.0 89 12 0.000008 0.025008 474.00653

86 1328.0 360.0 -42 4 0.000048 0.060507 613.19070

88 459.0 192.0 49 12 0.000011 0.002951 418.80225

Table III. Sample of our data set showing typical values of the output features. The
values have been converted into logarithmic scale.

event id logPeak 1 logPeak 2 logPeak 3 logPeak 4 logPeak 5 logPeak 6

85 2.266600 1.238126 0.771123 0.265464 0.101225 0.031870

86 6.308496 4.996169 3.808877 2.332386 0.877850 0.161129

88 2.598996 2.040375 1.861524 1.204355 0.719405 0.357648

4 Predicting SEP Energy Spectra with Machine Learn-

ing

In this section we present the details of our ML models used to predict the SEP peak

energy spectra. The goal of our analysis is to find out whether there is difference

on the performance of the different machine learning approaches (ridge regression,

KNN regression and decision tree regression) and how the different subsets of the

input features compare to each other in predictive power. First we will introduce

the data set and how it was preprocessed before the analysis. Then we will explore

our different machine learning models and their respective parameters. We will also

talk about how we picked our subsets of different feature combinations and how they

were used in the predictions.

The first goal of our work was to reproduce the results of the iterative decision
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tree regression model used by Liu et al. in their 2024 paper [1] After some tests

with their algorithm, it was observed that our models couldn’t produce as good

results as their paper had indicated. After our trials on the iterative decision tree

regression model, we proceeded to branch out to other more traditional machine

learning methods and also incorporate the study of the effect of different input

feature combinations on their performance.

4.1 Preprocessing

As described before in Sect. 3.2, after initial testing we opted to drop out the five

highest peak energy ranges from the data provided by the Liu et al. research team

and focus only on the lowest 6 energy ranges as our output features. This decision

was motivated mostly by the same reasons that lead the Liu et al. research team

to drop the highest 3 energy ranges out of the initial 14 channels provided in the

SEPEM reference data set [1]. Due to the nature of the SEP events, the observations

become increasingly rare at the highest energy channels. This means that in a

typical SEP event there is often a cut-off at certain peak energy channel after which

all intensity values at higher energies become 0. This high energy cut-off behavior

of the data leads to a skewness towards values of 0 at the higher energy channels,

which may have an effect on the prediction accuracy. This behavior in the data also

means that there is some dependence between the higher energy channels, since no

events had non-zero-valued observations in the higher energy channels if a value of

0 was observed in a lower energy channel. Our ML models work by treating the

output features as completely independent, so the dependency between the higher

energy channels isn’t accounted for and may affect the performance. By exploring

the data, we observed that the cut-off energy above which the event was not observed

anymore happened often after the sixth energy channel which motivated us to work

only on the six lowest energy channels.
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Data scaling was also applied to both the input and output feature data. Scaling

the data is essential for the ridge regression and the KNN regression models as their

performances are tied to the scale of the data. In ridge regression the function

(eq. 11) is minimized by finding the best estimates for the coefficients βj and the

values of the output features are then multiplied by their respective estimates for

the coefficients. Hence the value of this multiplication, β̂xi depends on both the

scale of the ith input value xi and the hyperparameter λ [15]. By transforming the

feature values to the same scale, we eliminate this effect. For the KNN regression

the distance between the different observation points is essential in determining the

value of the prediction. This distance is also affected by the scale of the different

input features and having features of different scales would distort the calculation of

the predictions [15]. The decision tree model is not affected by the scale of the data

and could have handled predicting the values using non-scaled data, but for the sake

of consistency, the decision tree model was also used with scaled data. All of the

input and output data were scaled to have a mean value of 0 and unit variance.

In addition to picking only the lowest energy channels for our analysis, we also

followed the Liu et al. paper in converting the values of all of the output features and

for the input features, the flare strength values (FSXRpeak
, FSXRint

) to logarithmic

scale [1]. The output features are the SEP peak intensities, which are usually treated

on logarithmic scales. During the data exploration, 14 events with missing data on

the CME widths and velocities and the flare strength values were excluded, leaving

us with a total of 142 SEP events to use in our analysis.

4.2 Feature Selection

For our analysis, we created seven subsets of input feature that were used in training

the ML models along with the set containing all input features. The input features

contained in each set are presented in Tab. IV. The subsets were created with the
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sources of the different input feature data in mind. The flare strength data FSXRpeak

and FSXRint
and the flare location data Lonflare, Latflare are usually obtained from

single spacecraft observations. As with the CME features, VCME and WCME are

also extracted from a observation by a single instrument. Additionally, the solar

wind speed VSW is usually observed by a spacecraft that does not conduct flare

observations. In our data set, the flare measurements are obtained from GOES

observations, which does not measure CME or solar wind parameters. The CME

measurements are obtained from LASCO onboard the SOHO spacecraft, which does

also have a solar wind measuring instrument also onboard [23]. However, for this

data set we used solar wind speed data obtained from the WIND spacecraft.

Table IV. Input features included in each of the input feature sets.

Set Input Features

1 VSW

2 VCME

3 Lonflare, Latflare

4 FSXRpeak
, FSXRint

5 FSXRpeak
, FSXRint

, VCME

6 Lonflare, Latflare, FSXRpeak
, FSXRint

7 FSXRpeak
, FSXRint

, Lonflare, VCME

8 VSW , WCME, Lonflare, Latflare, FSXRpeak
, FSXRint

, VSW

After the data was preprocessed as described in Sect. 4.1, a prediction model

was set up for each of the machine learning models. For each machine learning

model, a set of hyperparameters was also defined. For ridge regression, we had a

single hyperparameter, λ, for which we had 16 different values ranging from 1 ·10−15

to 100. For the KNN regression we also used a single hyperparameter K as the

number of neighbors, where the possible values for K were {1, 3, 5, 9, 12, 15}. For the
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decision tree hyperparameters we picked the max depth of the model with possible

values of {5, 10, 15}, minimum samples per leaf {1, 5, 10} and the minimum samples

per split {2, 5, 10}. Due to the amount of models trained we opted to increase

the efficiency of our process by not using the cost-complexity pruning with the

decision tree algorithm, which was used in the Liu et al. 2024 paper [1]. During the

training, for each model a grid search algorithm using 5-fold cross-validation was

applied to find out the optimal hyperparameter combination for each model/feature

set combination. The grid search algorithm works by training each model with

each possible combination of hyperparameters and then uses the cross-validation

technique to pick out the best-performing hyperparameter combination to train the

final model.

After the machine learning models and the input feature sets were established,

each model type was trained with all of the 8 different input feature sets and their

performances were evaluated by calculating the training and testing set R2 and root

mean square error values. The output for all of these models are the peak intensity

values for each event for the 6 first energy channels. Fig. 9 shows us one example

event taken from one round of model training, with the true observed values and the

predictions of the three different models. In the appendix, figures 12 and 13 show the

observed and predicted spectra for each event for one randomly picked test set. For

this example plot, the models were trained with the feature set containing FSXRpeak
,

FSXRint
and VCME as the input features. The event shown in Fig. 9 here is the same

as depicted in Fig. 5.

During our initial testing, it was observed that all of our models presented very

high variance when they were trained with different splits of training and testing

data. To mitigate this, we trained each model over 100 different train-test data

splits and calculated the average performance scores for each model/feature set

combination. The train-test splits were done with a ratio of 0.2 for the test set size
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Figure 9. True observed values and the predictions created by the three different ML
model types of an example SEP event peak particle flux. The models were trained
with FSXRpeak

, FSXRint
and VCME as the input features.

and 0.8 for the training set size. The averages were calculated in two ways. First

the average peakwise R2 and RMSE scores were calculated by taking the predictions

of all of the peaks per predicted event and calculating the evaluation scores against

the true values of the corresponding event. This gives us the peakwise evaluation

scores, which were then averaged over each peak giving us a single value for test and

train R2 and RMSE per model/feature set combination. Additionally, we calculated

a global R2 and RMSE for each model/feature set combination by first pooling each
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of the predicted values into one single vector, which was evaluated against similarly

pooled vector of observed values. The pooled vectors were created by taking all of

the values for each event for each peak and appending the peakwise values to the

vector one after another, with the sixth peak values appended last. The R2 values of

these methods for the test set were used for evaluating the prediction performance

on unseen data for the model/feature set combinations. The RMSE values could

also be used for evaluation, but due to their dependence on the scale of the output

features, we opted to use the R2 scores since it is easier to evaluate the relative

performances of different models with R2 scores.

5 Results

The global averaged R2 scores for the test set calculated over 100 train-test splits

for each model and input feature set combination are shown in Fig. 10 and the

peakwise averaged R2 test scores for these combinations over 100 splits are shown

in Fig. 11.

The resulting test set R2 averages for the global scores are overall higher than the

peakwise scores, with the the global R2 score means ranging from about 0.35 to 0.50

for the ridge regression and KNN regression and from about 0.2 to 0.4 for the decision

tree regression. For the peakwise test set R2 averages we also observe negative values

of R2 for some model/input feature set combinations. For the peakwise scores, the

test set R2 score means range from about −0.1 to 0.2 for the ridge regression, about

−0.2 to 0.2 for the KNN regression and about −0.3 to 0.0 for the decision tree

regression.

Regardless of the averaging over 100 train-test splits, there is still quite a signif-

icant amount of variance in both the global and peakwise R2 scores, which can be

visualized in the figs. 10 and 11 as the error bars showing the standard deviation

for each score. In all cases the standard deviation error bars for each model and
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Figure 10. Global R2 test score averages for each model/input feature set combina-
tion, calculated over 100 train-test splits.

feature set combination present overlapping. Especially in the case of the peakwise

averaged R2 scores, the decision tree models exhibit relatively even larger error bars

than the other models do.

For ranking the different input feature subsets, we observe similar behavior for
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Figure 11. Peakwise R2 test score averages for each model/input feature set combi-
nation, calculated over 100 train-test splits.

ridge regression and KNN regression for both the global and peakwise cases. In these

rankings the bottom three subsets are {VSW}, {VCME} and {Lonflare, Latflare} in

this order from the third-worst to the worst model. The other five input feature

subsets for these two models present similar scores among themselves. For the ridge
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regression and KNN regression, in all cases the top two best performing input fea-

ture subsets are {FSXRpeak
, FSXRint

, VCME, Lonflare} and {FSXRpeak
, FSXRint

, VCME}.

There is some variation of the rankings of the three other feature combinations for

the ridge regression and KNN regression, but the values of the R2 means of them

are very close to each other in all cases.

For the decision tree regression, we observe a sort of division in two in the

rankings of the input features. For both the global and peakwise test set R2 mean

scores, the worst-performing feature sets are {VSW} and {Lonflare, Latflare} with

clearly a worse score than the other five input feature sets. However, the remaining

five input feature set all produce very similar test set R2 scores for both the peakwise

and the global averages for the decision tree regressor. We also observe that for the

peakwise averages, the five best-performing feature sets for the decision tree regressor

have their mean test set R2 scores very close to 0, with the two worse-performing

models having their mean test set R2 scores around −0.3.

6 Discussion

Based on the test set R2 scores, the ridge regression and KNN regression models

appear to be performing in a similar manner when their performances are compared

over the different input feature combinations. For the decision tree regression, the

scores are overall worse. The ranking of the input feature subsets are also very

similar for the ridge regression and KNN regression models, with the same subsets

being the top five for all these cases. These slight ranking differences could still be

caused by the high variance in these models, since we can see that the standard

deviations of the scores are still quite high when averaged over 100 train-test splits.

For the decision tree regression models the scores are overall worse and especially

for the peakwise R2 we observe the scores being of mean 0 and even worse for

the input feature subsets {VSW} and {Lonflare, Latflare}. This indicates that the
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decision tree regression models perform very poorly in their predictions. Having

a R2 score of zero means that one would get the same result just by setting the

predictions as the mean values of each energy channel for each observation. Having

a negative R2 score means that the prediction would be worse than predicting the

mean for all observations, which indicates a very poorly performing model.

We have calculated the R2 scores in two ways: the global R2 score for the pooled

predictions and the average peakwise R2 score for the peak-by-peak predictions. As

the R2 score of zero can be compared to just using the mean value of the output

feature for the predictions, the R2 could be also interpreted as the mean square error

relative to just using the mean value for prediction. For the global R2 scores this

mean value would be the mean of all energy values across all peaks and observations,

which ignores the observed behavior of the energies in our data (higher energy

channels tend to have lower peak fluxes). Therefore this global mean R2 would be

a worse predictor than the peakwise mean R2. Thus when considering our test set

R2 scores, it is reasonable that the global test set R2 scores are overall higher than

the peakwise test set R2 scores. However, when considering the real physics behind

the SEP events, using the peakwise R2 scores in evaluating the model performances

would be more reasonable.

For the different input feature subsets, it can be observed that only using the

solar wind speed (VSW ) or only the flare coordinates (Lonflare, Latflare) as the

input features, the models score overall worse than the other combinations. For

the ridge and KNN regression models the feature set containing only the CME

velocity (VCME) also ranks among the three worst-performing models. For the other

five input feature subsets, the scores are quite close to each other and the order

of the subsets among the rankings vary only little. One notable element for these

best-performing input feature subsets is that all of them contain the flare strength

features (logFSXRpeak
, logFSXRint

) and zero to five other input features. However,
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the scores for these models are very close to each other, so it would seem like having

just the flare strength properties as the input features would already be a reasonable

basis for a ML model, as having additional input features does not seem to have a

significant effect on the score. In this analysis, we decided to use the set of all input

features and seven different subsets of these features in our comparison. However,

for a set of seven different input features, one could create 1265 smaller subsets of

input features for the comparison. Although computationally more expensive, with

more optimized code this would not be an impossible task. However, one needs to

take in account the real-life source of observations when considering these subsets.

One of our main issues in predicting the SEP energy spectra was the small size of

the data set, from which we included only 142 events in our analysis. We observed

that our models had a very high variance regarding the randomly created train-test

set splits, which is most likely caused by the size of the data set, as we only had

29 observations in our test sets. To mitigate this variance, we trained the models

over 100 train-test splits and calculated the averages for evaluation scores. However,

after this we still observed that these mean scores presented relatively high standard

deviations from the means. One could always take a higher amount of these train-

test splits to average over, but due to the small size of the data set, it would most

likely produce diminishing results at the cost of computing power. One could also

optimize the train-test split ratio, since our data set used the rather standard ratio

of 20 % test set size to 80 % train set size.

For the decision tree regression, we observed very poor results for all of our

input feature subsets. For this analysis we opted to use a simple decision tree

regression model without any pruning algorithms. However, the tree construction

was still regulated via hyperparameters. With a pruning algorithm implemented,

the decision tree regression scores could possible be improved. However, in this kind
5The size of power set of 7 is 128, from which the empty set and the set of all features are

subtracted.
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of situation where we train multiple models over a large amount of train-test splits,

introducing a pruning algorithm to the decision tree regressor greatly increases the

computational power needed to train the models.

We also opted to overall very simple machine learning models for our analysis,

since it is a good starting point when considering further research into the matter.

With a combination of ridge regression, KNN regression and decision tree regression

we do introduce linear and non-linear approaches to our regression problem. For this

analysis, we kept the number of hyperparameters per model relatively low for the

sake of simplicity, but with a larger array of hyperparameters, one could possibly find

more suitable models, albeit again with the cost of requiring increased computational

power.

We detected that the higher energy channels show dependencies on the other

channels, since if a certain channel had the peak energy flux of zero in an event,

all the higher energy channels above that would also have zero peak energy fluxes.

This is not accounted for in any of our machine learning models, which treat all

the predictions for the different energy channels as independent and the predictions

are made separately for each channel. In our analysis, we tried to mitigate this by

limiting the output features to the six lowest energy channels, where this kind of

behavior is not as prominent. However, for future endeavors in this kind of task,

one should consider using more robust and complex machine learning models that

are capable of handling these kind of dependencies in the data. One possible avenue

for future research could be using support vector machines for predicting the SEP

peak fluxes.

Considering the overall evaluation scores of all of the models, we still see quite a

large variance among the different subsets. The R2 mean scores are still overall in the

lower side, under 0.4 in all peakwise averaged test set R2 scores, which would indicate

that the prediction performance of the models is very modest at best. Based on these
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results, it is difficult to give any definite answers on whether there are any optimal

input feature subsets. However, based on our ranking of the different input feature

subsets, it would seem like the flare strength features would be a good candidate for

the most cost-effective features to use in training the models, since they are observed

by the same spacecraft and seem to perform by themselves nearly as well as larger

input feature subsets. However, one would need to construct better models in order

to definitively find out whether any particular input feature combination is more

cost-effective than others at predicting the SEP peak energy fluxes.
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Use of AI in thesis

For this thesis, ChatGPT6 was used extensively for creating the necessary code for

implementing the machine learning methods and data processing. ChatGPT was

used from September 2025 to May 2026 with the most recent free version available at

the time of use. The versions used during this project were GPT-5, GPT-5.1, GPT-5

Mini, GPT-5.2, GPT-5.3, GPT-4.3 Mini and GPT-5.5. ChatGPT was mostly used

to debug the code and help with the proper methods of handling the data in the

correct formats. It was also used to help generate Fig. 7 using the TikZ package

for Latex and with Latex formatting during the writing. ChatGPT was also used

during the coding part to generate the initial model hyperparameter lists as advised

by a thesis supervisor. AI was not used to direct the actual process or workflow of

the model training neither it was not consulted to interpret or draw conclusion from

the results.

Additionally, DeepL Translate7 was used in the writing process from March 2026

to June 2026 in translating Finnish words and expressions into English.

6https://chatgpt.com/
7https://www.deepl.com/en/translator
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Appendix

Figure 12. SEP events 1-15 of the test set of a randomly split data set with observed
and predicted spectra of the ridge, KNN and decision tree regression models. Each
model has been trained with the input features FSXRpeak

, FSXRint
and VCME

.
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Figure 13. SEP events 16-29 of the test set of a randomly split data set with observed
and predicted spectra of the ridge, KNN and decision tree regression models. Each
model has been trained with the input features FSXRpeak

, FSXRint
and VCME

.
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