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Coronal mass ejections (CMEs) are one of the major disturbance sources of space weather. Therefore, it is of great significance to
determine whether CMEs will reach the earth. Utilizing the method of logistic regression, we first calculate and analyze the
correlation coefficients of the characteristic parameters of CMEs. These parameters include central position angle, angular
width, and linear velocity, which are derived from the Large Angle and Spectrometric Coronagraph (LASCO) images. We have
developed a logistic regression model to predict whether a CME will reach the earth, and the model yields an F1 score of 30%
and a recall of 53%. Besides, for each CME, we use the recommendation algorithm to single out the most similar historical
event, which can be a reference to forecast CMEs geoeffectiveness forecasting and for comparative analysis.

1. Introduction

Coronal mass ejections (CMEs) are eruptive solar events.
They are often associated with solar flares and filaments.
CMEs can cause space weather events such as geomagnetic
storms, high energy electron storms, hot plasma injection,
ionospheric storms, and increased density in the upper
atmosphere [1–5]. Large CME events can impact communi-
cations, navigation systems, aviation activities, and even
power grids [6]. To avoid potential damage and asset loss,
there is a need to accurately predict the arrival of the CMEs
that may sweep across the earth. Over the last decades, much
literature has tried to reveal the eruption and evolution of
the CMEs [7, 8]. Until recently, the concept of CME geoef-
fectiveness becomes popular as a natural application exten-
sion of those theoretical researches alongside the boom of
the number of geospace satellites in the real world. There-
fore, we need to predict:

(1) Will the CME “hit” or “miss” the earth?

(2) If the prediction is “hit,” then the next question is
what is the expected arrival time of the CME?

Currently, models with the subject on CMEs roughly fit
into three categories: empirical models [9–15], physics-
based models, and black-box models with the last classifica-
tion is mainly consisting of machine learning models.
Benefitting from the advancement of the machine learning
theory and algorithm in recent years, machine learning
models [16–19] can achieve results that are comparable to
physics-based models, either the analytical drag-based
models [20–24] or the numerical MHD models [25–39].

Before the arrival time prediction, forecasters need to
assess whether or not the CME seen in the coronagraph
images can reach the earth. To improve the accuracy of
prediction, there is a lot of work that has to be done
[40–42]. Indeed, even with the aid of sophisticated models,
it is still a great challenge to identify a geoeffective CME.
Nevertheless, a combination of machine learning methods
and experienced forecasters may shed a ray of light over
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the path to reach a better result for forecasting the CME’s
geoeffectiveness.

Predicting whether or not a CME will reach the earth is
a dichotomous problem, requiring only a “yes” or “no.”
Logistic regression is often used to deal with this kind of
classification problem in machine learning. Besliu-Ionescu
et al. [43] have used a modified version of the logistic
regression method proposed by Srivastava [44] to predict
the geoeffectiveness of CMEs. Besliu-Ionescu and Mierla
[45] presented an update of a logistic regression model to
predict whether a CME will reach the earth and be associ-
ated with geomagnetic storms. In fact, forecasters need to
count on similar historical solar activity events to assess
the event in progress or the breed. The recommendation
algorithm can be used to recommend the similar historical
CME event. Therefore, recommendation algorithm and
logistic regression can act together to provide forecasters
an option to improve the prediction results. Shi et al. [46]
have applied the recommendation algorithm to anticipate
CMEs’ arrival time.

This paper is organized as follows: Section 2 describes
the process of data preparation, normalization, and the
selection of characteristic parameters. Section 3 discusses
the model method and criterion. Section 4 introduces the
experimental model development and the implementation
process. Section 5 is the experimental results and discussion,
and we conclude the paper in Section 6.

2. Data

2.1. Data Preparation. In this study, a total of 30,321 CME
events are collected from the SOHO/LASCO CME catalog
[47–54], from 1996 to 2020. This CME catalog is generated
and maintained by the CDAW Data Center by NASA and
The Catholic University of America in cooperation with
the Naval Research Laboratory. Furthermore, 227 near-
Earth interplanetary coronal mass ejections (ICME) events
are taken into account between 1996 and 2020, via the
near-Earth ICME list [55–57] to collect positive samples
for our study. We confirm a CME that hit the earth from
both the SOHO/LASCO CME catalog and the associated
near-Earth ICME catalog as a positive sample and the rest
in the catalogs are negative, resulting in a sample set of
227 positive samples and 30,094 negative samples, which is
unbalanced.

In order to balance the sample distribution, many cases
are removed from our data set:

(1) Generally, the angular width (AW) of most CME
events with possible geoeffectiveness is greater than
90 degrees. Therefore, CME events with angular
width less than 90 degrees are deleted.

(2) CME events (too faint or without sufficient observa-
tions) with missing characteristic parameters are also
deleted.

Eventually, within the remaining 3,667 CME events data
set, we have obtained 181 positive samples and 3,486 nega-
tive samples. From the SOHO/LASCO CME catalog, 10

characteristic parameters are gathered for further analysis.
These parameters are angular width, central position angle
(CPA), measurement position angle (MPA), linear velocity
(Vlinear), initial velocity (Vinitial), final velocity (V

final), the
velocity at 20 solar radii (V20Rs), mass, acceleration
(Accel), and kinetic energy (KE). The details of their cal-
culations are given in the SOHO/LASCO CME catalog.
We have analyzed and used the parameters above as the
input when applying the machine learning method: logistic
regression and recommendation algorithm, aiming at
developing a model to help forecasters assess the geoeffec-
tiveness of CMEs.

2.2. Normalization. Table 1 lists the statistical analysis results
for the 10 CME parameters, including the mean value (MV),
standard deviation (Std), the minimum (Min), the maxi-
mum (Max), and the percentile value at 25%, 50%, and
75%. It can be found that the values of kinetic energy and
mass vary greatly between the maximum and minimum
values, so the logarithm operation of parameters with the
base of 10 is carried out before normalization.

The 10 investigated CME parameters should be normal-
ized as scalars before subsequent calculations. We follow the
similar procedure as that in Shi et al. [46] and map each
quantity to the range of [-1, 1], and then feed them into
the model.

2.2.1. Deviation Standardization. Eight physical quantities,
angular width, linear velocity, initial velocity, final velocity,
V20Rs, kinetic energy, mass, and acceleration, are all con-
tinuous and normalized by the deviation standardization
given by:

X ′ = X − X:minð Þ
X:max − X:minð Þ , ð1Þ

where X is the original data. X.max and X.min represent the
maximum and the minimum for each CME parameter. X’
gives the normalized value.

2.2.2. Sine Function. Relying on artificial expertise, the direc-
tion of the CME eruption is crucial in determining whether
or not a CME can reach the earth. CPA and MPA are nor-
malized by the sine function to reflect the directions of
CMEs. Here, the position angle (PA) is indicated by a 360°

counter-clockwise rotation from the north of the sun. Based
on this measurement, the sinusoidal values of CPA and
MPA are in the exact range of [-1, 1]. The degree range of
them in the eastern hemisphere is [0°, 180°] that corresponds
to the sinusoidal value in [0, 1]. On the contrary, the sinusoi-
dal values in the western hemisphere fall are [-1, 0]. It is
obvious in Figure 1 that the eruptions on the east side have
a good degree of distinction from those on the west side in
terms of the sinusoidal value.

2.3. Characteristic Parameters Selection. After normalization,
we need to select meaningful characteristic parameters to
input machine learning models for training. The purpose
of selecting characteristic parameters is to improve the train-
ing speed and the accuracy of the models by reducing the
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noise features. Some noise features will lead to the wrong
generalization of the model, which will perform poorly in
the test set. In addition, the more features are, the higher
the complexity of the model is. It is easier to lead to
overfitting.

The characteristic parameters with too small variance are
eliminated to obtain the final appropriate characteristic
parameters. If the variance of the parameter is close to 0,
there is no difference in this parameter which is not useful
to distinguish samples. The reason for choosing the variance
method is that it only considers the internal properties of the
data and is independent of all learning algorithms. There-
fore, it has strong universality.

Figure 2 shows the variance distribution of characteristic
parameters of all CMEs. MPA and CPA have high variances,
suggesting that they play important role in judging whether
CMEs can reach the earth. And then there are the speeds of
several CMEs. The last three are acceleration, mass, and
kinetic energy. The variances of the three parameters are less
than 0.01, indicating that their changes are very small. At the
same time, there is a certain problem of feature coincidence
that several parameters are also correlated. Acceleration is
directly related to velocity [54]. Kinetic energy is obtained
from the mass and linear velocity [58]. In a comprehensive
consideration, we removed the acceleration and kinetic
energy and retained the mass and the other seven character-
istic parameters. Because there are no characteristic parame-
ters in the top seven related to mass, the mass is retained.

Finally, we choose 8 characteristic parameters, including 7
characteristic parameters with variance over 0.01 and mass
as the input of the models.

At this stage, a complete and unified dimensionless data
set of the 8 characteristic parameters is set up and ready to
facilitate the development of the prediction model.

3. Methodology

We adopt the recommendation algorithm and logistic
regression to develop our experimental model to assess a
CME’s geoeffectiveness and recommend akin CME events
that may occur before. Therefore, the following analyses
are required.

3.1. Distance Similarity. We search for the most similar his-
torical event for a specified CME event by checking the
similarity of the two events. The similarity is evaluated by
pre-defined object distance. Each CME event can be repre-
sented by a vector with the associated 8 parameters as the
elements. Thus, each event can be regarded as either a
point or a vector in an 8-dimensional space. The similarity
measure is then to compute the distance between the two
points or two vectors within the 8-D space. Shorter dis-
tance means higher similarity, and vice versa. Here, we
adopt two distances commonly used in machine learning
and computer artificial intelligence: cosine distance and
Euclidean distance.

Cosine distance compares two events for their similarity
by the cosine of the angle between the two vectors in the 8-D
space. It is expressed by:

cos θ = A ⋅ B
Ak k ⋅ Bk k =

∑n
i=1 Ai ⋅ Bið Þffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
i=1A

2
i

q
×

ffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1B
2
i

p , where

Ai = ω1a1, ω2a2,⋯ωiaið Þ, Bi = ω1b1, ω2b2,⋯ωibið Þ:
ð2Þ

Ai and Bi are the spatial vectors representing the two
CME events, respectively. aiði = 1, 2,⋯,nÞ and biði = 1, 2,⋯,
nÞ are the normalized CME parameters, respectively. Each
parameter is multiplied by a specific weight (ωi), which mea-
sures the impact of the physical nature of each parameter on
the prediction results, and is adjustable. The cosine distance
falls within the range of [-1, 1].

Table 1: The characteristic statistics of CME physical quantities.

CPA
(deg)

AW
(deg)

Vlinear
(km/s)

Vinitial
(km/s)

V
final

(km/s)
V20Rs
(km/s)

Accel
(m/s2)

Mass
(gram)

KE (erg)
MPA
(deg)

MV 206.16 172.26 581.54 560.91 603.98 624.30 0.53 5.02× 1015 2.20× 1031 178.58

Std 114.12 90.12 383.48 445.73 361.86 376.05 23.74 8.29× 1015 1.01× 1032 102.50

Min 0.00 91.00 35.00 0.00 69.00 34.00 -240.10 6.20× 1011 9.60× 1025 0.00

Percentiles

25% 95.50 108.00 323.00 256.50 369.00 378.50 -5.30 1.30× 1015 8.20× 1029 86.00

50% 223.00 134.00 488.00 462.00 512.00 529.00 1.60 3.10× 1015 3.50× 1030 179.00

75% 305.00 197.00 736.00 755.00 735.00 766.50 7.00 6.30× 1015 1.30× 1031 272.00

Max 360.00 360.00 3387.00 3703.00 3284.00 3731.00 434.80 2.00× 1017 4.20× 1033 360.00

Sin 180° = 0

Sin 270° = –1

Sin 0° = 0

Sin 90° = 1

Figure 1: The sinusoidal values at the solar disk for CPA and MPA.
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As mentioned before, each event can also be regarded as
a point in the 8-D feature space. The definition of the
Euclidean distance of two CME events is given by:

d A, Bð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ω1a1 − ω1b1ð Þ2 + ω2a2 − ω2b2ð Þ2+⋯+ ωnan − ωnbnð Þ2

q

=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
〠
n

i=1
Ai − Bið Þ2

s
,

ð3Þ

in which Ai and Bi represent the two points (two CME
events). ωi, ai, and bi are defined similarly to those in for-
mula (2).

3.2. Logistic Regression. Logistic regression is often used in
dichotomies. The binary logistic regression model we adopt
in this work is the following:

gω xð Þ = 1
1 + e−ωTx

, where

ωTx = ω0 + ω1x1 + ω2x2 + ω3x3+⋯+ωnxn,
ð4Þ

where ωTx in the range of [-∞, ∞] refers to the linear
regression fitting function. xiði = 1, 2,⋯,nÞ is the input char-
acteristic parameters, ω0 is a constant, and ωiði = 1, 2,⋯,nÞ is
the coefficient that reflects the degree of contribution for
parameter xi to the value of ωTx. The Sigmoid function gω
ðxÞ maps a set of input parameters to a classification proba-
bility. As the value of ωTx approaches positive infinity, the
probability given by gωðxÞ approaches 1, in which case the
event is considered to sweep across the earth.

The ultimate purpose of function optimization is to
obtain a set of appropriate coefficients (ω) by reducing the
loss function. The main objective is to minimize the value

of the loss function by adjusting the coefficient (ω), and
the loss function of logistic regression is:

J ωð Þ = −
1
m
〠
m

i=1
y ið Þ log gω x ið Þ

� �� �
+ 1 − y ið Þ
� �

log 1 − gω x ið Þ
� �� �h i

:

ð5Þ

Here, yðiÞ is the real value of the sample. It is customary
to call xðiÞ the eigenvalue and yðiÞ the label. 1/m is used to
average the loss function values of m sample values.

With the loss function, the gradient descent method can
be used to solve the optimal coefficients (ω), and the optimal
model is established when the optimal coefficients are
obtained. Gradient descent is to find the descent direction
through the first derivative of JðωÞ to ω, and iteratively
update the coefficients. The update method is:

ωk+1
i = ωk

i − α
∂J ωð Þ
∂ω

, ð6Þ

where α is the learning rate, usually less than 1, which is used
to control the specification of each movement in the gradi-
ent descent process. k is the number of iterations, and the
iteration is stopped by comparing kJðωk+1Þ − JðωkÞk less
than the threshold or reaching the maximum number of
iterations. The learning rate, threshold, and the maximum
number of iterations can be set manually.

3.3. Evaluation Index. As shown in Table 2, the prediction
model is reviewed by the confusion matrix [59]. The model
is determined to give a binary value of “yes” or “no” in terms
of whether a CME will arrive at the earth. Generally, we
divide the prediction results of the model into the following
categories:

Ranking of CME characteristic parameters

MPA 0.6032

0.5247

0.0626

0.0145

0.0128

0.0121

0.0102

0.003

0.001

0.0008

CPA

Angular width

Acceleration

Mass

Kinetic energy

0.0 0.1 0.2 0.3

Variance

0.4 0.5 0.6

Vinitial

Vlinear

Vfinal

V20Rs

Figure 2: Ranking of all 10 CME characteristic parameters for variances.
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(1) If the case is that the CME reaches the earth and the
forecast is consistent with the truth, the sample is a
hit (H) event.

(2) If the case is that the CME reaches the earth while
the forecast is “no,” the sample is a miss (M) event.

(3) If the case is that the CME does not arrive at the
earth while the forecast is “yes,” the sample is a false
alarm (FA) event.

(4) If the case is that the CME does not arrive at the
earth while the forecast is consistent with the truth,
the sample is a correct rejection (CR) event.

In Table 2, the orange background represents the correct
predictions and the purple background represents the wrong
predictions. Table 3 illustrates how to calculate the skill
scores from the confusion matrix to appraise the model per-
formance [60]. Higher recall, F1 score, accuracy, and preci-
sion values correspond to a more accurate model. The
lower the POFA (probability of false alarm) is, the lower
the false alarm of the model is.

4. Experimental Design

Figure 3 is the schematic of the experimental process for
developing the CME geoeffectiveness prediction model.
The experiment is a controlled trial and divided into three
stages which are boxed in Figure 3 with rectangles outlined
by dashed lines of a different color. The three stages are
the following:

4.1. Data Sampling. The first stage is the data sampling and
is framed by the orange dashed line. A total of 3,667 samples
including 8 characteristic parameters from Section 2 are ran-
domly divided into two equal subgroups. One (1,833 sam-
ples) is for weight training and the other (1,834 samples) is
for the subsequent recommendation test. 80 percent of the
samples (1,466 samples) in the weight training subgroup
serve as the training set and the rest as (367 samples) the val-
idation set.

4.2. Weight Training. The second stage is weight training and
is framed by the blue dashed line. We use 1,466 training sam-
ples to train weights following both the logistic regression pro-
cedure and the recommendation algorithm. Each type of
method can output a set of weights of its own. Two logistic
regression frameworks are adopted for comparison. One is the
logit function provided in the Python-based statsmodels mod-
ule and referred to as “sm.logit.” The other also Python-based
is the LogisticRegression classifier provided in the scikit-learn
(sklearn) library and referred to as “sk.LR.” Since the distribu-

tion of positive and negative samples in the data set is extremely
imbalanced, we oversample the examples in the minority posi-
tive class. The most widely used approach to synthesizing new
examples is called the Synthetic Minority Oversampling Tech-
nique (SMOTE) described by Chawla et al. [61]. SMOTEworks
by selecting examples that are close in the feature space, draw-
ing a line between the examples in the feature space, and draw-
ing a new sample at a point along that line. Therefore, each
framework is tested against both the original data set and the
oversampled data set.

In Figure 3, the experiments using the original data are
denoted by ① and ③, and the experiments using the over-
sampling data based on SMOTE are denoted by ② and ④,
respectively. As for the recommendation algorithm, both
the distance calculation methods introduced in Section 3.1
are implemented for comparison marked by ⑤ and ⑥ in
Figure 3, respectively. The original data is used in the dis-
tance algorithm. Briefly, a total of 6 experiments are con-
ducted to train weights, and hence, 6 sets of weight
coefficients are obtained with 4 from the logistic regression
algorithm and 2 from the recommendation algorithm.

The validation process is necessary to verify the quality of
the trained model. The validation set containing 367 events is
used to verify the above 6 trained models. The verification is
done according to the evaluation index in Section 3.3. The
priority order of the applied skill scores is F1 Score, Recall,
POFA, Precision, and Accuracy to determine the most
appropriate weights for the prediction model before entering
the recommendation stage. The procedure that compares the
performance of the different sets of weights and chooses the
best set is called optimal weight combination.

4.3. Recommendation Test. The last stage is the recom-
mended test outlined by the purple dashed lines in
Figure 3. The purpose of this stage is to combine logistic
regression and recommendation algorithms for a better
forecast service. We demonstrate this stage from the three
aspects below and will explain the benefit of combining
both logistic regression and recommendation algorithms
later.

Table 2: Confusion matrix.

True condition
Total Observed arrival No observed arrival

Predicted condition
Predicted arrival Hit (H) False alarm (FA)

No predicted arrival Miss (M) Correct rejection (CR)

Table 3: Brief description of the skill scores obtained from the
confusion matrix.

Skill score Equation Perfect score

Recall H/H +M 100%

Precision H/H + FA 100%

Accuracy H +CR/Total 100%

POFA FA/CR + FA 0

F1 score 2 ⋅ Precision ⋅ Recall/Precision + Recall 100%
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(1) Experiments (a) and (b) test the recommendation
algorithm against the test set of 1,834 events. How-
ever, instead of using its own set of weights through
the recommendation algorithm, experiments (a) and
(b) utilize the weights from the optimal weight com-
bination obtained in Section 4.2, indicated by the
black dashed arrow in Figure 3

(2) For comparison, the test group is processed against
both the sm.logit scheme referred to as experiment
(c) and the sk.LR scheme referred to as experiment
(d). Similar to (a) and (b), experiment (c) uses the
weights of experiment ②, while experiment (d) uses
the weights computed in experiment ④ during the
training stage (see the yellow dashed arrow and the
orange dashed arrow, respectively)

(3) Since the optimal weight is singled out from experi-
ments ① to ⑥, there is a chance that it is from
experiment ⑤ or ⑥. If this is the case, experiments
(a) and (b) are using the weight calculated from ⑤

or ⑥. Otherwise, we can do two more experiments
for comparison using the weight calculated from ⑤

or ⑥. In our actual practice, the optimal weight is
from experiment ②. Therefore, we continue to test

the recommendation algorithm module against the
samples using the weights from ⑤ and ⑥. In
Figure 3, cosine distance and the Euclidean distance
are indicated by the dark blue dashed line and light
blue dashed line corresponding to experiments (e)
and (f), respectively

5. Results and Discussion

5.1. Results in the Weight Training Stage. Six training pro-
cesses are executed with four based on logistic regression
and two based on recommendation algorithm. In sm.logit,
it will predict the probability for each CME event after train-
ing, so we need to manually define a threshold. When the
probability is greater than this threshold, we think that the
event will reach the earth; otherwise, it will not reach. In
experiment ①, the result is the best when the threshold is
0.2. When the threshold is 0.3, the F1 score and recall of
the model are 0, which indicates that the probability of all
events predicted by the model is less than 0.2. That is, the
model believes that almost all samples do not reach the
earth. Because there are too many negative samples and a
lack of necessary positive sample information, which makes
the model not learn the useful characteristics. In experiment

Data set
(3667 events) 

Weight training
1833 events

Training set
1466 events

Validation set
367 events

Logistic 
Regression

Recommendation 
Algorithm

Statsmodels.logit

Sklearn.Logistic 
Regression

�e original data 

SMOTE 
Oversampling 

Cosine distance 

Euclidean distance 

�e original data 

SMOTE 
oversampling 

Recommendation test
1834 events

Cosine distance (a)

Euclidean distance (b)

Statsmodels.logit (c)

Sklearn.logistic regression (d)

Cosine Distance (e)

Euclidean Distance (f)

Optimal weight 
combination

Logistic Regression

Recommendation 
Algorithm

Optimal weight 
combination

Evaluation
index

Data 
sampling

Weight 
training

Recommended 
test

1

3

4

5

6

2

Figure 3: The experimental flow chart. The experimental process is divided into three stages: (1) The first stage is the data sampling that is
framed by the orange dashed line. (2) The second stage is weight training framed by the blue dashed line. At this stage, firstly train the
models with the training set to get the weights, and the different models are numbered in the order of ① to ⑥. Then, according to the
evaluation index, the optimal weight combination is selected with the verification set results for subsequent experiments. (3) The last
stage is the recommended test outlined by the purple dashed lines. Different models are numbered in the order of (a) to (f). Experiments
(a) and (b) utilize the weights from the optimal weight combination obtained in the second stage, indicated by the black dashed arrow.
Experiment (c) uses the weights obtained from experiment ② from the second stage indicated by the yellow dashed arrow. Experiment
(d) uses the weights obtained from experiment ④ from the second stage indicated by the orange dashed arrow. Similarly, the weights
used in experiments (d) and (f) correspond to the weights after the corresponding model training in the second stage. The experimental
processes are indicated by the dark blue dashed line and light blue dashed line, respectively
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②, we added SMOTE method and listed the skill scores
under different thresholds in Table 4. It can be seen from
the table that the corresponding result is the best when the
threshold is 0.7. We choose this group of results as the final
result of the weight training stage of this model. Therefore,
the results of the sm.logit are improved by oversampling.

As for other models, there is no need to set the threshold
manually. The trained model will directly give a “yes” or
“no” conclusion. The validation results of all models are
shown in Table 5. The first column corresponds to the
experimental number in Figure 3. The third column indi-
cates whether or not it is an oversampling training. Accord-
ing to the evaluation index mentioned above, it is concluded
that the best result coming from experiment ② with a
threshold of 0.7, in which the F1 score is 38%, recall is
68%, POFA is 14%, the precision is 26%, and the accuracy
is 85%.

As mentioned in Section 3.2, the weights of sm.logit and
sk.LR are the coefficient corresponding to the minimum loss
function obtained. When computing the training weights by
the recommendation algorithm, in order to find the most
appropriate weight for each parameter, we vary the weight
of one specified quantity from 0 to 50 with a step size of 1
and simultaneously fix the weights of the rest to 1. Subse-
quently, we select a set of weight values corresponding to
the best result.

The weights of all the training models are listed by rows
in Table 6. By observing the weight of each characteristic
parameter in the table, the greater the absolute value of the
weight, the more important this parameter is. If the value
is positive, this parameter is positively correlated with the
probability that the target value is “yes.” If it is negative, it
indicates that this characteristic is positively correlated with
the probability that the target value is “no.” In terms of
weight distribution, the angular width and V

final of several
models account for a large proportion. Moreover, in Section
2.3, these two parameters are also at the forefront. In prac-
tice, CME with faster speed and larger angular width is more
likely to reach the earth. It is consistent with the current
understanding of the nature of CMEs.

Upon the completion of the training and the validation
for all the configurations in Table 5 (see columns 2 to 4),
we assess the performance from columns 5 to 9 in Table 5
and choose the set of weights with the best result as the final
optimal weight set. The optimal weight set, also called the
optimal weight combination coming from the training stage,
can be used in the next recommendation stage.

5.2. Results in Recommendation Test Stage. Using the recom-
mendation algorithms to train the weights of characteristic
parameters is very time-consuming, but it is easier to obtain
the weights by logistic regression. A new attempt is to apply
the weights obtained by the logistic regression to the recom-
mendation algorithm. Therefore, the purpose of the recom-
mendation test stage is to better test the feasibility of such
operation. The corresponding weights for each test run are
shown in Table 7. In experiments (a) and (b), two different
recommendation algorithms are used to test, but the weights
in the recommendation process use the optimal weight com-

bination of the previous stage, whose results are compared to
those coming from the subsequent experiments (c) to (f).
Experiment (c), i.e., the sm.logit test, adopts the same
weights as in experiment ② with the threshold value of
0.7, which is the optimal weight combination. Similarly,
experiment (d), i.e., the sk.LR test, adopts the weight from
the previous training stage using the sk.LR algorithm. Exper-
iments (e) and (f) adopt the weights directly from experi-
ments ⑤ and ⑥, respectively.

The results of the test set are summarized in Table 8. The
results of experiments (c) to (f) are for comparison with the
results of experiments (a) and (b). At the same time, they are
also the test sets of experiments ②, ④, ⑤, and ⑥, which is
equivalent to 1-fold cross-validation. It can be found that
the results of experiments (a) and (b) combining logistic
regression with recommendation algorithm are better than
the results of experiments (e) and (f) using recommendation
algorithm only. Therefore, it is feasible to combine the two
methods to save a tremendous amount of time and com-
puter resources.

As can be seen from the test results, experiments (c) and
(d) are more prominent than other models. The result of
sm.logit model is the best, the F1 score is 30%, recall is
53%, POFA is 10%, the precision is 20%, and the accuracy
is 88%, respectively. It further confirms the stability of the
model and the reliability for selecting weights. However,
the two models only used the logistic regression, which can
only give the results of “yes” or “no,” and cannot recom-
mend similar historical events. Therefore, the combination
of the logistic regression and recommendation algorithm
has the best effect. Once the logistic regression model con-
firms the geoeffectiveness for a CME, the recommendation
algorithm is used to recommend similar historical events.

5.3. Discussion. To better understand the model, Figure 4
shows the working process of the model. For instance, there
was a halo CME that erupted on 2006 August 16 16 : 30 UT
as shown in Figures 5(a)–5(c). We can input its 8 parameters
(as shown in Figure 4) into the model. Then, the model will
recommend the most similar historical CME which erupted
on 1997 April 7 14 : 27 UT, which is shown in Figures 5(d)–
5(f). It can be found that the two CMEs are very similar by
comparing the data in Table 9. First of all, both of the two
events are halo CMEs, and the CPA and MPA are very

Table 4: The skill scores under different thresholds in sm.logit with
SMOTE.

Threshold F1 score Recall POFA Precision Accuracy

0.2 16% 96% 72% 9% 33%

0.3 21% 80% 42% 12% 59%

0.4 28% 76% 27% 17% 73%

0.5 33% 76% 21% 21% 79%

0.6 33% 68% 18% 22% 81%

0.7 38% 68% 14% 26% 85%

0.8 38% 60% 12% 27% 86%

0.9 12% 8% 2% 25% 92%
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similar. In addition to this, the four CME velocities of the
two events are around 900 km/s. By directly comparing the
images of the recommended events, the reliability of the
model is proved on the other hand.

Compare the results with other models that use logistic
regression to predict the geoeffectiveness of CMEs, and list
all results in Table 10. Srivastava [44] used 55 geoeffective
events that were defined as full chains CME-ICME-

geomagnetic storms (intense and super intense). The data
set was divided into a training set (46 events) and a test
set (9 events). The accuracy of the model was 85% in
the training set and 78% in the test set, respectively.
Besliu-Ionescu et al. [43] had slight differences in the data
set division. They divided the data set (264 events) into
four different ways. Therefore, their results are averaged
and shown in Table 10. Their accuracy is very high and

Table 5: The results of the validation set of different models in the weight training stage.

No. Model Oversampling or not Threshold F1 score Recall POFA Precision Accuracy

① sm.logit No 0.2 29% 32% 7% 26% 89%

② sm.logit Yes 0.7 38% 68% 14% 26% 85%

③ sk.LR No ... 0 0 0 0 93%

④ sk.LR Yes ... 32% 76% 22% 20% 78%

⑤ Cosine distance No ... 12% 12% 6% 13% 89%

⑥ Euclidean distance No ... 10% 8% 4% 13% 90%

Table 6: The weights combination of different models in the weight training stage.

No. Model Oversampling or not Threshold
The weight combination

CPA MPA AW Vlinear Vinitial V
final V20Rs Mass

① sm.logit No 0.2 -0.01 -0.19 4.75 -40.01 19.26 21.76 0.10 -6.72

② sm.logit Yes 0.7 -0.05 -0.17 5.38 -8.72 -0.38 8.55 -1.78 -3.49

③ sk.LR No ... 0.02 -0.18 3.45 -0.02 -0.35 0.39 0.33 -0.04

④ sk.LR Yes ... 0.02 -0.19 4.66 -0.53 -1.82 1.10 0.07 -1.01

⑤ Cosine distance No ... 0 1 13 1 1 1 2 1

⑥ Euclidean distance No ... 0 39 9 0 24 13 28 14

Table 7: The weights combination of different models in the recommendation test stage.

No. Model
Whether to use the optimal weight

combination
Threshold

The weight combination
CPA MPA AW Vlinear Vinitial V

final V20Rs Mass

(a) Cosine distance Yes ... -0.05 -0.17 5.38 -8.72 -0.38 8.55 -1.78 -3.49

(b)
Euclidean
distance

Yes ... -0.05 -0.17 5.38 -8.72 -0.38 8.55 -1.78 -3.49

(c) sm.logit Yes 0.7 -0.05 -0.17 5.38 -8.72 -0.38 8.55 -1.78 -3.49

(d) sk.LR No ... 0.02 -0.19 4.66 -0.53 -1.82 1.10 0.07 -1.01

(e) Cosine distance No ... 0 1 13 1 1 1 2 1

(f)
Euclidean
distance

No ... 0 39 9 0 24 13 28 14

Table 8: The results of the test set in the recommendation test stage.

No. Model Whether to use the optimal weight combination Threshold F1 score Recall POFA Precision Accuracy

(a) Cosine distance Yes ... 13% 13% 4% 13% 91%

(b) Euclidean distance Yes ... 12% 12% 4% 13% 92%

(c) sm.logit Yes 0.7 30% 53% 10% 20% 88%

(d) sk.LR No ... 29% 78% 23% 18% 81%

(e) Cosine distance No ... 10% 9% 4% 11% 92%

(f) Euclidean distance No ... 10% 10% 4% 11% 91%
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Figure 4: The model diagram.
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Figure 5: Top: From left to right, snapshots of the CME event occurring at 2006 August 16 16 : 30 UT provided by SOHO LASCO C2.
Bottom: From left to right, snapshots of the CME event occurring at 1997 April 7 14 : 27 UT.

Table 9: The characteristic parameters of CMEs (2006/08/16 16 : 30 UT and 1997/04/07 14 : 27 UT).

CME
Date and time

CPA
(deg)

MPA
(deg)

AW
(deg)

Vlinear

(km/s)
Vinitial

(km/s)
V
final

(km/s)
V20Rs

(km/s)
Mass
(gram)

2006/08/16 16 : 30 360 161 360 888 873 905 896 1.00× 1016

1997/04/07 14 : 27 360 123 360 878 878 905 896 1.00× 1016
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can reach 100% in the test set. Besliu-Ionescu and Mierla
[45] used 2097 events to train the model and 699 events
to test. The accuracy is 99% in both the training set and
test set. Unfortunately, the model did not successfully pre-
dict any positive samples, and recall is 0 in both the train-
ing set and test set. Compared with others, the advantage
of our model is that we have a high ability to predict pos-
itive samples, resulting in high recall, F1 score, and
precision.

6. Conclusion

In this study, 30,321 CME events from 1996 to 2020 are
obtained according to the SOHO/LASCO CME catalog
[47–54]. Of these, 227 near-Earth interplanetary coronal
mass ejections (ICMEs) are identified as positive samples
by the Richardson and Cane list [55–57]. After screening, a
sample set of 181 positive samples and 3,486 negative sam-
ples are obtained. From the SOHO/LASCO CME catalog, 8
characteristic parameters are gathered by characteristic
parameters selection, including angular width, CPA, MPA,
Vlinear, Vinitial, Vfinal, V20Rs, and mass. We first calculate the
weights of the characteristic parameters of CMEs based on
logistic regression and then feed them into the recommenda-
tion algorithm to provide the most similar historical events
as a reference for CMEs geoeffectiveness forecasting. Space
weather forecasters can make use of this method to execute
a comparative analysis. Through the experiment presented
in this article, we can draw the following conclusions:

(1) The number of positive samples (CMEs that reached
the earth) is 181 and the number of negative samples
(CMEs that did not reach the earth) is 3,486. We use
oversampling to solve the unbalanced data and have
obtained good results. Therefore, we can try to adopt
this method for other unbalanced data

(2) Comparing all models, the sm.logit model performs
the best in both the validation set and the test set.
In the test (validation) set, F1 score is 30% (38%),
recall is 53% (68%), POFA is 10% (14%), and the
precision is 20% (26%). It is appropriate to choose
the weights of sm.logit as the optimal weights in
the recommended test stage in this particular work

(3) Here, we conduct a new attempt to combine logistic
regression and recommendation algorithms. By
comparing the test results of experiments (a) and
(e) (or (b) and (f)), we find that in each skill score
the model applying the weights of logistic regression
to the recommendation algorithm is better than that

using recommendation algorithm alone, so this
hybrid model is feasible. Such a treatment avoids
training the recommendation weights to save time
and computer resources

(4) The cosine distance and Euclidean distance are
applied to the experiment. From several skill scores,
it is found that their scores are very similar. It is dif-
ficult to choose which method is more suitable for
this experiment. Therefore, it can be said that they
both perform well

(5) At present, applying the recommendation algorithm
to the prediction of CMEs is very rare in literature.
That recommending similar historical events as a
vivid reference for forecasters is a great improvement
to the forecast service by contrast to the binary “yes”
or “no” forecast provided by the logistic regression
model only. In the future, we will focus on improv-
ing the model results by accumulating and analyzing
more CME data

Data Availability

The SOHO/LASCO CME catalog is available at https://cdaw
.gsfc.nasa.gov/CME_list/UNIVERSAL/text_ver/. The near-
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ACE/ASC/DATA/level3/icmetable2.htm.
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