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Solar flares, as intense solar eruptive events, have a profound impact on space weather, potentially disrupting human activities like spaceflight and communication. Hence, identify the key factors that influence the occurrence of solar flares and accurate forecast holds significant research importance. Considering the imbalance of the flare data set, three ensemble learning models (Balanced Random Forest (BRF), RUSBoost (RBC), and NGBoost (NGB)) were utilized, which have gained popularity in statistical machine learning theory in recent years, combined with imbalanced data sampling techniques, to classify and predict the labels representing flare eruptions in the test set. In this study, these models were used to classify and predict flares with a magnitude [image: image] C- and M-class, respectively. After obtaining the feature importance scores of each model, a comprehensive feature importance ranking was derived based on the ranking. The main results are as follows: (1) For the prediction of flares [image: image] C- and M-class, the best-performing model achieved a Recall of [image: image], [image: image] and a [image: image] score of [image: image], [image: image] on the test set, respectively. These are relatively high scores for model performance evaluation metrics. (2) The importance scores of each feature under different evaluation metrics and the comprehensive importance ranking can be directly obtained through the model without the need for additional feature analysis tools. Using this ranking to reduce the dimensionality of the data set for the three main models, similar or better classification results can be achieved using only about half of the original features. (3) Our results demonstrate the mean photospheric magnetic free energy (MEANPOT), the time decay value based on the magnitudes of all previous flares (Edec), and the total unsigned current helicity (TOTUSJH). They are the three quantities that have the most significant relationship with solar flares, which include free energy, twist degree, and the historical information of flare occurrences, respectively. Besides, analyzing the feature parameters of four different active regions, we find that the geographical information of the flare occurrence is an important factor. The object of this work is to provide prediction methods for imbalanced data as well as feature importance ranking methods.
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1 INTRODUCTION
Solar flares are one of the intense solar eruptive activities, manifesting as bright chromospheric ribbons and hot coronal loops on the Sun, releasing a large amount of energy, which typically lasts from a few minutes to several hours. Based on the magnitude of energy released, solar flares are classified into different levels, commonly using X-ray radiation intensity as the criterion. The flare levels range from A-, B-, C-, M-to X-class, with higher levels indicating greater energy release. High-level solar flares are often accompanied by coronal mass ejections (CMEs) (Jing et al., 2004; Yan et al., 2011; Chen, 2011; Webb and Howard, 2012), which can significantly impact space weather, thereby posing hazards to human activities such as communications and spaceflight (Baker et al., 2004). Therefore, analyzing variables related to solar flares and further establishing practical prediction models for solar flares is of great practical significance.
Currently, the primary methods for correlation analysis and prediction of solar flares encompass traditional statistical models (Gallagher et al., 2002; Bloomfield et al., 2012; Mason and Hoeksema, 2010), physical numerical models (Feng, 2020), and machine learning models. Traditional statistical models summarize the relationships between observed quantities and those to be predicted, deriving corresponding statistical distribution models. While these methods are simple and fast, they lack accuracy. Physical numerical models, which predict through numerical calculations simulating the generation mechanism of solar flares, are constrained by the incomplete understanding of solar flare triggering mechanisms. In recent years, due to the rapid advancement of computing capabilities, artificial intelligence algorithms have been introduced for predicting solar flares and addressing other space weather issues. The progress in machine learning technology has yielded efficient and accurate classification and correlation analysis algorithms, including Support Vector Machines (SVM) (Li et al., 2007; Bobra and Couvidat, 2015; Nishizuka et al., 2017), Random Forest (RF) (Breiman, 2001; Liu et al., 2017), XGBoost (XGB) (Sharma, 2017; He, 2021), and Long Short-Term Memory (LSTM) (Wang et al., 2020; Liu et al., 2019). These algorithms have found wide application in the analysis and research of space physics data. Concurrently, the development of solar activity observation techniques and instruments has provided extensive data on solar flares and magnetograms (Schou et al., 2012), serving as crucial sample support for the application of machine learning algorithms. Essentially, predicting solar flares boils down to a classification and prediction problem in machine learning. Therefore, machine learning algorithms can be leveraged to analyze large samples and identify variables that significantly impact solar flares. These selected variables can then be used to train classification and prediction models, enabling data-driven forecasting of solar flares.
In the realm of solar flare analysis and prediction utilizing machine learning techniques, scholars have extensively explored various methodologies. Song et al. (2009) constructed an ordinal logistic regression model based on three predictive parameters to forecast the likelihood of X-, M-, and C-class flares occurring within a 24-h window. Boucheron et al. (2015) developed an SVM regression model, incorporating 38 features that characterize the magnetic complexity of the photospheric magnetic field, to predict flare magnitude and timing. Wang et al. (2020) applied the LSTM method to predict the maximum flare class within the next 24 h, using a data set comprised of 20 SHARP parameters from the Joint Science Operations Center’s active region data spanning from 2010 to 2018. Huang et al. (2018) and Wang et al. (2023) harnessed the power of convolutional neural networks (CNN) for image processing to make predictions. While these studies primarily focus on prediction outcomes, they do not delve into the analysis of feature importance. Bobra and Couvidat (2014) merged a vast data set of vector magnetograms with the SVM algorithm to forecast X-class and M-class solar flares. They screened 25 parameters and retained the top 13, which include TOTUSJH, TOTBSQ, TOTPOT, TOTUSJZ, ABSNJZH, SAVNCPP, USFLUX, AREA-ACR, TOTFZ, MEANPOT, R-VALUE, EPSZ, and SHRGT. The physical implications of these parameters are detailed in Table 1. Building on the findings of Bobra and Couvidat (2014), Liu et al. (2017) employed the first 13 parameters and the RF method to predict flare occurrences within a 24-hour period. Liu et al. (2019) established three LSTM networks tailored for three classes of solar flares, marking the inaugural application of LSTM in solar flare prediction. Utilizing a time series data set featuring 25 magnetic field parameters and 15 flare historical parameters, they surpassed other machine learning methods in label prediction performance. Notably, they discovered that using a subset of 14–22 of the most significant parameters yielded better prediction results than utilizing all 40 parameters concurrently. He (2021) adopted the XGB method to scrutinize the importance of diverse physical parameters in the SDO/HMI SHARP data, subsequently establishing an LSTM network based on the selected features. Ran et al. (2022) investigated the continuous eruptions of flares using 16 SHARP parameters to pinpoint the most pertinent ones. By computing correlation coefficients and variable importance scores derived from the NGB algorithm, they pinpointed eight parameters that are most closely associated with flares within the same active region. Sinha et al. (2022) conducted a feature importance ranking with 19 features, concluding that magnetic properties such as total current helicity (TOTUSJH), total vertical current density (TOTUSJZ), total unsigned flux (USFLUX), sum of unsigned flux near PIL (R-VALUE), and total absolute twist (TOTABSTWIST) are the top-performing flare indicators. Lastly, Deshmukh et al. (2023) analyzed 20 features, encompassing both physics-based and shape-based attributes, and found that shape-based features are not significant indicators.
TABLE 1 | Names of 40 features and their physical descriptions.
[image: Table 1]Currently, the triggering mechanism of solar flares remains incompletely understood (Priest and Forbes, 2002). By applying machine learning algorithms to solar flare data for correlation analysis, we can obtain importance scores for various variables, which quantify the influence of corresponding physical quantities on solar flares. These scores serve as a valuable reference for elucidating the flare triggering mechanism. Furthermore, selecting variables with higher importance scores aids in simplifying the classification model, mitigating over-fitting, and enhancing the efficiency and accuracy of the classification prediction model. In summary, leveraging machine learning algorithms to analyze correlations between solar flare and magnetic field data in solar active regions, and subsequently utilizing these insights for solar flare prediction, holds considerable practical significance and theoretical value.
The structure of this study is organized as follows: In Section 2, we introduce the data set and define the criteria for Positive and Negative Samples. Section 3 presents the theoretical foundation of three models, elaborating on the theory behind imbalanced classification model algorithms and comparing the strengths and weaknesses of different algorithms from a theoretical standpoint. In Section 4, we delve into feature importance analysis and model evaluation metrics. Furthermore, we select four solar active regions to examine and compare their differences in feature importance. Section 5 presents the results and discussions. Lastly, we provide a summary in Section 6.
2 DATA ACQUISITION AND PREPROCESSING
Currently, commonly used observation data includes the magnetic field characteristic data of the photosphere in solar active regions and flare historical data. The former is considered to be closely related to solar flares (Shibata and Magara, 2011; Priest and Forbes, 2002), while the latter is widely used in machine learning methods involving time series. The flare prediction data set used in this article is primarily based on the paper “Predicting Solar Flares Using a Long Short-term Memory Network” (Liu et al., 2019). The data sources include the SHARP data set created by the SDO/HMI team and its derivative cgem. Lorentz data set (Fisher et al., 2012; Chen et al., 2019) as well as the GOES X-ray flare catalog from the NCEI (National Centers for Environmental Information) covering the period from May 2010 to May 2018. After removing missing values, feature construction, labeling, and standardization, 2,34,476 flare samples [image: image] C-class and above were selected. Among them, 1,27,709 samples were used for the training set, 36,953 for the validation set, and 69,814 for the test set. For flares [image: image] M-class, there were a total of 155,739 samples, with 84,577 samples in the training set, 26,473 in the validation set, and 44,689 in the test set. The sampling interval for each sample is 1 h, and each sample includes 40 features used for flare prediction. These features include 25 physical parameters describing magnetic field characteristics and 15 parameters related to flare historical data. The names of features and their physical descriptions are shown in Table 1.
Jonas et al. (2018) pointed out that historical flare data plays a significant role in flare prediction. This historical data primarily includes six time-decay parameters related to historical flare data: Bdec, Cdec, Mdec, Xdec, Edec, and logEdec, as well as eight flare count parameters. The specific calculation formulas are as follows.
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In the above formulas (Equations 1a–1f), [image: image] represents the observed sample data at time [image: image]. [image: image], [image: image], [image: image], and [image: image] denote the sets of all B-, C-, M- and X-class flares that occurred in the current solar active region before time [image: image]. [image: image] represents the time point at which flare [image: image] occurred, and [image: image] is the time decay constant, set to 12. [image: image] represents the set of all flares of any class that occurred in the current solar active region before time [image: image], and [image: image] represents the size (or energy) of flare [image: image]. Observing the above formulas, for the four parameters Bdec, Cdec, Mdec, and Xdec, flares that occurred closer to the observation time [image: image] have a greater influence on the respective parameters. Flares that occurred further away from the observation time are also included in the respective parameters, but have a smaller impact on the parameter values. In the calculation of Edec and logEdec, not only the influence of the flare occurrence time on the parameter values is considered, but also the different impacts of flare class sizes on the parameter values. By incorporating these six time-decay parameters and an additional nine parameters related to flare counts and X-ray maxima in the active region, the time series nature of flare data is fully considered.
The prediction target of this study is to forecast whether [image: image] C-class or M-class solar flare will occur in a specific solar active region within the next 24 h. Essentially, this is a binary classification problem, and thus the data needs to be appropriately labeled. The labeling method is as follows: As shown in Figure 1, each grid represents a 1 h time interval, which is also the sampling interval of the samples. Samples taken within the 24 h prior to the occurrence of a solar flare of or above the specified class are labeled as Positive i.e., positive samples, while the remaining samples are labeled as Negative, i.e., negative samples. The hour in which the flare actually occurs is excluded from the data set. After labeling, the positive and negative sample ratios of the prediction data sets for flares [image: image] C-class and [image: image] M-class (hereinafter referred to as the C data set and the M data set) are presented in Table 2 and Table 3, respectively. As can be observed from the tables, the ratio of positive and negative samples is imbalanced, with the proportion of positive samples being far lower than that of negative samples. This imbalance is even more pronounced on the M data set. Most ARs provide around 200 samples, with a few exceeding 300.
[image: Figure 1]FIGURE 1 | The labeling method for positive and negative samples.
TABLE 2 | Positive and negative sample ratios of C data set.
[image: Table 2]TABLE 3 | Positive and negative sample ratios of M data set.
[image: Table 3]3 INTRODUCTION OF THREE ENSEMBLE MODELS USED
Ensemble model uses the Boosting or Bagging algorithm to integrate some single models, which makes the algorithm powerful. These integrated single models are also called basic estimators. The main idea of the ensemble algorithm is to use basic estimators to accomplish the preliminary learning of the data set, and adjust the weight of each sample event according to the learning results. The weight of the correct sample event will be reduced in the next round of learning, while that of the wrong sample event will be increased in the next round of learning, and then the data set with adjusted weight will be re-trained by the next estimator. Finally, the weighted average of the errors of different basic estimators is taken as the final output result of the ensemble model. In this study, three ensemble learning prediction models were employed: BRF, RBC, and NGB, which are designed to handle imbalanced data. we compared the performance of several mainstream machine learning methods those have outstanding performance in this or other fields, including three kinds of ensemble models.
Random Forest algorithm was proposed by Breiman (2001), which is an ensemble learning model based on bagging and has strong generalization. The commonly used base learner of Random Forest algorithm is decision tree (Berk, 2016). The training set of each decision tree is obtained through bootstrap sampling, and the criterion for selecting the optimal splitting feature of its nodes is the Gini index. However, the traditional Random Forest algorithm has limitations in handling imbalanced classification problems. Since its training goal is to minimize the overall classification error rate, it tends to pay more attention to the classification results of the majority class and ignores the classification results of the minority class. In addition, during the generation of the training set for each decision tree, there is a possibility that only a few positive samples or even no positive samples are present in the sample subset obtained by bootstrap sampling. The decision trees trained by these sample subsets cannot learn the characteristics of positive samples. The above two points lead to the low accuracy of the Random Forest algorithm in predicting the minority class. To improve the performance of Random Forest algorithm in imbalanced classification problems, Chen and Breiman (2004) proposed Balanced Random Forest. Compared with the traditional Random Forest, Balanced Random Forest adds a down-sampling step to the bootstrap sampling, ensuring that the training set of each decision tree is balanced. By adding down sampling to the bootstrap sampling process, Balanced Random Forest ensures that each training subset is balanced. The base learner can fully learn the characteristics of the minority class samples, and since different base learners have different down sampling subsets for the majority class, the information of the majority class samples can also be learned by different base learners, alleviating the loss of information of the majority class samples in down sampling and effectively improving the classification effect on the minority class samples.
The RUSBoost algorithm, proposed by Seiffert et al. (2010), is a combination of RUS (Random under sampling) and AdaBoost. It further enhances AdaBoost’s predictive capabilities for imbalanced data through random downsampling. Although the introduction of sample weights in the AdaBoost algorithm effectively alters the distribution of the data set, the basis for weight updates remains the overall error rate of the base learner during the iterative process, thus increasing the focus on misclassified samples. However, for imbalanced data, the majority class samples still tend to dominate among the misclassified samples, and the issue of the model’s low attention to the minority class in imbalanced data remains unresolved. The RUSBoost algorithm addresses this by incorporating a random under sampling step before each iteration of AdaBoost to generate a balanced training set for that iteration, which is obtained by randomly under sampling the original training set. The random under sampling incorporated at the beginning of each iteration ensures that the training set for each base learner is a balanced data set, addressing the issue of low attention to minority class samples. Additionally, it retains the weight boosting of misclassified samples in the AdaBoost algorithm, making RUSBoost achieve better results in imbalanced data classification.
NGBoost (Duan et al., 2020) is a Boosting algorithm based on natural gradients. Unlike other Boosting methods used for classification or regression, NGBoost does not directly predict categorical labels or regression values. Instead, it predicts the parameters of the conditional distribution to which the samples belong, thereby obtaining the probability density of the target variable. The benefits of using natural gradients for parameter learning are obvious. Natural gradients take divergence as an approximate distance metric, representing the steepest direction of ascent in Riemannian space, and remain invariant to parameterization, making the optimization process unaffected by parameterization. In classification problems, NGBoost directly predicts probability distributions, which not only allows us to obtain predictions for label values but also the probabilities corresponding to different label values. This enables us to set appropriate probability thresholds based on practical requirements to handle imbalanced classification issues. The NGBoost algorithm boasts three main advantages. Firstly, it can predict conditional distributions, which provides more flexibility in utilizing predicted outputs in both classification and regression problems. While the type of distribution to be fitted needs to be specified beforehand, there are numerous options to choose from, making it applicable in areas such as counting, survival prediction, and data censoring. Secondly, it exhibits stability in multi-parameter boosting, where natural gradients are used as approximate distances, enabling various parameters to converge together at similar rates during the boosting process. Thirdly, it possesses strong parameterization capabilities, which also benefit from the invariance of natural gradients to parameterization, allowing for the fitting of various distributions and their parameters. However, the NGBoost algorithm also has the disadvantage of high computational cost. For each parameter, a set of base learners must be trained, and the natural gradient of each sample must be calculated. When the fitted distribution has a large number of parameters and the data set contains many samples, the computational cost increases significantly.
4 FEATURE IMPORTANCE RANKING AND MODEL EVALUATION METRICS
Feature selection is based on the importance ranking of the features and some thresholds. According to the correlation between the label and features or the contribution of the features in training, the importance of each feature is ranked by a certain criterion (scores obtained based on the contribution of features to model performance), and then the features with weak correlation are eliminated by setting a threshold. Feature selection can not only reduce the computational cost for large multivariate sample data sets, but also eliminate the interference of some redundant features to the prediction results (Yang et al., 2023). The crucial features selected out will be used for the machine learning model in the training and testing, so the feature selection results will directly influence the final prediction results of the model. The information gain method is a built-in method of ensemble models. It combines the learning process of the model to rank the features and can help select the important features that closely match the model. The information gain method of decision tree model is a typical representative of this kind of methods. The feature selection function of the ensemble model itself is based on the principle of Embedded Methods given the differences in calculation methods for variable importance among various models, the resulting variable importance scores also vary. We combined the variable importance results from three models. After obtaining the importance scores of each model, we take the average score of the three models, and based on the comprehensive score, we obtain the final ranking of each feature.
In binary classification problems, the most commonly used evaluation metrics are error rate and accuracy. The error rate is calculated by dividing the number of misclassified samples by the total number of samples, while the accuracy is calculated by dividing the number of correctly classified samples by the total number of samples. The error rate describes how many samples in the data set are misclassified by the model, while the accuracy describes how many samples in the data set are correctly classified by the model. These metrics that focus on the overall classification effect are appropriate as model evaluation metrics in data sets with balanced or approximately balanced positive and negative samples.
However, for imbalanced data sets, the effectiveness of using error rate and accuracy as evaluation metrics is not good (He and Garcia, 2009). Because these two metrics focus on the overall classification effect and tend to overlook the classification results on minority classes. An extreme example can be given: if an imbalanced data set has 1 positive sample and 99 negative samples, and a prediction model is established that predicts the label value [image: image] as negative regardless of the observed value [image: image], then the error rate of this model on this imbalanced data set is [image: image], and the accuracy is [image: image], which seems to be a very good result. However, such a prediction model is meaningless. The reason is that the proportion of minority class samples is low, and the model only needs to improve the prediction effect on the majority class samples as much as possible. Even if a large number of minority class samples are predicted incorrectly, the impact on the overall prediction metrics is still small. However, the model trained in this way has poor prediction performance on minority class samples and has no practical application value. To solve this problem, more sophisticated evaluation metrics such as recall, precision, [image: image] score, and [image: image] score need to be used.
First, we need to introduce the concept of confusion matrix. For binary classification problems, the confusion matrix is as follows: As shown in Table 4, in binary classification prediction, samples with a true positive label and a positive prediction are referred to as True Positives (TP), samples with a true positive label but a negative prediction are called False Negatives (FN), samples with a true negative label and a negative prediction are designated as True Negatives (TN), and samples with a true negative label but a positive prediction are known as False Positives (FP). Through the confusion matrix, the model’s prediction results on both positive and negative samples can be evaluated separately. The Recall (Equation 2a) and Precision (Equation 2b) are defined based on the four classification scenarios mentioned above.
[image: image]
[image: image]
TABLE 4 | Confusion matrix.
[image: Table 4]Recall represents the ratio of true positive samples found by the model to the total number of positive samples, describing how many positive samples the model can predict from all positive samples. Precision represents the ratio of true positive samples found by the model to the total number of samples predicted as positive by the model, describing how many of the positive samples predicted by the model are truly positive. There is a certain conflict between Recall and Precision, and it is difficult to achieve high values for both. Generally speaking, when precision is high, Recall tends to be low; and when Recall is high, Precision tends to be low (Duan et al., 2020). To improve Recall, it is necessary to predict as many samples as possible as positive, but this increases the probability of misjudgment and reduces precision. To improve Precision, it is necessary to predict samples as positive more cautiously, but this can easily miss some positive samples with less obvious features, reducing Recall. To comprehensively consider Recall and Precision for model evaluation, the following two comprehensive evaluation metrics are introduced: [image: image] score and [image: image] (true skill statistic) (Bloomfield et al., 2012). The [image: image] score (Equation 3a) and [image: image] (Equation 3b) are defined as.
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The [image: image] score is the harmonic mean of Recall and Precision, considering both evaluation metrics comprehensively. [image: image] is obtained by subtracting the ratio of false positives to the total number of negative samples from the Recall, also considering both Recall and Precision. However, in imbalanced classification, the total number of negative samples is often much higher than the number of positive samples, so [image: image] tends to favor Recall.
In this paper, Recall, Precision, [image: image] score, and [image: image] are used as the main evaluation metrics for models.
Additionally, we select four solar active regions[image: image] to compare their differences in feature importance.
5 RESULTS AND DISCUSSIONS
We have selected and processed two types of flare data sets, namely C-class and M-class, separately. Firstly, we input all the features into the BRF, RBC, and NGB model for training and testing. Adjust the hyper-parameter of BRF, RBC, and the threshold probability value of NGB, on the validation set. The final hyper-parameters settings or threshold probability value are obtained by maximizing the [image: image] on the validation set as the tuning target. For BRF, there are two hyper-parameters to be adjusted: the number of decision tree (ntree) and the size of the random feature subset (mtry). The tuning ranges are set as ntree [image: image] with an interval of 1, and mtry [image: image] with an interval of 200. For RBC, two hyper-parameters are adjusted: the learning rate and the number of boosting iterations (n-boost). The tuning ranges are set as learning rate[image: image] with an interval of 0.2, and [image: image] with an interval of 10. Figure 2 shows the changes in [image: image] score with respect to different hyper-parameter for the BRF and RBC model on the C and M data set. The highest point corresponds to the optimal combination of hyper-parameters. Therefore, the final hyper-parameters settings obtained are: (1) For BRF on the C data set, ntree[image: image] and mtry[image: image] (shown in Figure 2A) (2) For BRF on the M data set, ntree[image: image] and mtry[image: image] (shown in Figure 2B) (3) For RBC on the C data set, learning rate[image: image] and n-boost[image: image] (shown in Figure 2C) (4) For RBC on the M data set, learning rate[image: image] and n-boost[image: image] (shown in Figure 2D). For NGB, the based learner is set as a decision tree, the scoring rule is logarithmic scoring, and the fitting distribution is a normal distribution. The critical probability value (p) is adjusted within the range of [image: image] with an interval of 0.01. Figure 3 are line graphs showing the changes in evaluation metrics with respect to the threshold probability value p on the C and M data set, respectively. In Figure 3A, as the threshold probability value p increases, the conditional probability required for predicting a sample label as positive also increases, making the model’s prediction strategy for positive samples more conservative. The corresponding changes in Recall and Precision are that Recall decreases with the increase of p, while Precision increases with the increase of p. This verifies the conflict between recall and precision mentioned earlier. The comprehensive evaluation metrics [image: image] score and [image: image] both increase first and then decrease with the increase of p. Taking the critical probability value p corresponding to the maximum [image: image], at this time [image: image]. In Figure 3B, Recall decreases with the increase of p, Precision increases with the increase of p, and the comprehensive evaluation metrics [image: image] score and [image: image] both increase first and then decrease with the increase of p. Due to the more severe imbalance on the M data set, [image: image] only shows an upward and then downward trend within the range of [0,0.1], and decreases with the increase of p when p is greater than 0.1. There are large fluctuations in the [image: image] values at an interval of 0.01. To further refine the value of p, a line graph showing the changes in the four evaluation metrics with respect to the threshold probability value [image: image] is plotted within the parameter tuning range of [image: image] with an interval of 0.001, as shown in Figure 3C. In Figure 3C, the threshold probability value [image: image] corresponding to the maximum [image: image] is chosen, which in this case is [image: image]. Tables 5, 6 represent the evaluation metrics of each model on the C and M data set, respectively. On the C data set, the [image: image] of the three models on the test set all exceeded 0.6 with both the Recall of RBC and NGB exceeding 0.75. While BRF has a Recall of 0.68, it has the highest Precision among the three models, resulting in the highest [image: image] score. On the M data set, the [image: image] of the three models on the test set all exceeded 0.75. Among them, the Recalls of RBC and NGB both exceeded 0.85, while the Recall of BRF was slightly lower at 0.76. However, BRF had the highest Precision among the three models, resulting in the highest [image: image] score. The performance of the three models is consistent on both of the C and M data set. To better demonstrate the advantages of these three methods in dealing with imbalanced data sets, we use RF and XGB as two comparison methods. For the prediction results of imbalanced data, the ability to accurately predict the minority positive samples becomes a key criterion for evaluating the performance of a model. Therefore, Recall and [image: image] serve as the primary metrics for assessing such problems. By comparing, Recall and [image: image], BRF, RBC and NGB demonstrate remarkable advantages than RF and XGB.
[image: Figure 2]FIGURE 2 | Changes in [image: image] score with respect to different hyper-parameters for the BRF and RBC model on the C and M data set. (A) BRF and C data set (B) BRF and M data set (C) RBC and C data set (D) RBC and M data set.
[image: Figure 3]FIGURE 3 | Line graphs showing the changes in evaluation metrics with respect to the threshold probability value p. (A) on C data set (B) graph1 on M data set (C) graph2 on M data set.
TABLE 5 | Evaluation indicators of each model on the C data set.
[image: Table 5]TABLE 6 | Evaluation indicators of each model on the M data set.
[image: Table 6]The feature importance rankings obtained by the three methods on C data set are shown in Figure 4. Since the parameter distribution fitted in the NGB model is normal distribution with a parameter dimension of 2, the NGB model outputs two rankings of importance scores. Observing these Figures, there is some overlap in the features with high importance scores across various models, but there are also significant differences. Edec and MEANPOT remain in the top ten in four different importance score rankings. TOTUSJH, Cdec, MEANALP, EPSX, and ABSNJZH rank in the top ten in three different importance score rankings. While TOTPOT, USFLUX, TOTBSQ, Xmax1d, and TOTFY rank in the top ten in two different importance score rankings. Additionally, SAVNCPP, Chis, MEANJZD, Bhis, Chis1d, TOTUSJZ, and EPSY only rank in the top ten in one of the importance scores.
[image: Figure 4]FIGURE 4 | Feature importance ranking obtained by the three methods (BRF, RBC, and NGB) on the C data set.
The feature importance rankings obtained by the three methods on M data set are shown in Figure 5. In these sub-figures, we can see that there is some overlap in the features with high importance scores across various models, but there are also significant differences. Edec, MEANPOT, and TOTUSJH consistently rank in the top ten in four different importance score rankings. TOTUSJZ ranks in the top ten in three different importance score rankings, while Xmax1d, Cdec, ABSNJZH, Chis1d, EPSX, MEANGBH, logEdec, and TOTFX rank in the top ten in two different importance score rankings. Additionally, TOTPOT, TOTBSQ, USFLUX, Bhis, AREA-ACR, MEANALP, Xdec, SAVNCPP, and SHRGT only rank in the top ten in one of the importance scores.After obtaining the importance rankings score for each feature within each model, we averaged these scores across the three models to determine the comprehensive importance ranking. The results for the C and M data sets are presented in Table 7 and Table 8, respectively. Ran et al. (2022) studied the most relevant to flares with 16 SHARP parameters by calculating correlation coefficients and variable importance scores, and they identified eight parameters (TOTPOT, MEANPOT, USFLUX, MEANGAM, MEANJZH, MEANGBH, MEANALP, MEANSHR) most relevant to flares. All of these features are physical parameters describing magnetic field characteristics. In fact, TOTPOT and MEANPOT represent the same characteristic, while the other six parameters are all related to the distortion and deformation of the magnetic field. We have analyzed more characteristics, including 40 parameters, not only parameters related to the magnetic field, but also additional historical information of flare occurrences and exponential time decay values. According to Tables 7, 8, MEANPOT, Edec, and TOTUSJH have high importance scores on the two data sets. They are three quantities that have the most significant relationship with solar flares, which include free energy, twist degree, and the historical information of flare occurrences, respectively. Moreover, there is a high overlap between the top ten features in terms of importance on the two data sets, with seven features appearing in the top ten of both lists: MEANPOT, Cdec, Edec, TOTUSJH, ABSNJZH, Xmax1d, and EPSX. Among them, Cdec, Edec, and Xmax1d are all features related to historical flare data, indicating that flare history data contributes significantly to flare prediction. Furthermore, compared to simple counting of historical data, exponential time decay values are more valuable in prediction. Meanwhile, MEANPOT, TOTUSJH, ABSNJZH, and EPSX are physical parameters that describe the overall magnetic field situation and also have high importance scores in flare prediction. This aligns with reality because solar flare eruptions involve a significant process of storing and releasing free energy. The frequency and temporal decay characteristics of flare eruptions in an active region represent the vitality of that region. Active regions that store a large amount of free energy and experience frequent eruptions with low decay rates are more likely to generate flares.
Using the comprehensive ranking of feature importance obtained in Section 4, feature selection is performed for the three prediction models. Starting from a model trained with at least two features, features are added in descending order of importance. Observe the changes in the evaluation index values of the BRF, RBC, and NGB models trained with different numbers of features on the C data set, as shown in the following figure: In Figure 6A, as the number of features increases, the Recall of the BRF model on the validation set generally decreases, while the Precision generally increases. When the number of features is greater than or equal to 15, the Recall and Precision are basically stable, and the [image: image] score and [image: image] also tend to stabilize. In Figure 6B, when the number of features is less than 20, four evaluation indicators of RBC fluctuate violently with the change of feature numbers, and the performance is very unstable. When the number of features is greater than or equal to 20, the Recall, Precision, [image: image] score, and [image: image] all tend to stabilize. In Figure 6C, the evaluation metrics of NGB change little with the increase of feature numbers. The Recall shows a slow growth trend, while the Precision shows a slow decreasing trend. There is only a large fluctuation when the number of features increases from 2 to 3. And the Recall tends to be stable when the number of features is greater than or equal to 22, and at this time, the [image: image] score and [image: image] tend to be stable. Based on the prediction performance of the above three models under different feature quantities, the number of BRF features is selected as 15, the number of RBC features as 20, and the number of NGB features as 23.
[image: Figure 5]FIGURE 5 | Feature importance ranking obtained by the three methods (BRF, RBC, and NGB) on the M data set.
[image: Figure 6]FIGURE 6 | Line graphs of four evaluation metrics changing with the number of features by the three methods [(A) BRF (B) RBC (C) NGB] on the C data set.
TABLE 7 | Comprehensive importance ranking on C data set.
[image: Table 7]TABLE 8 | Comprehensive importance ranking on M data set.
[image: Table 8]The evaluation metrics of the three models on the training set after feature selection are as follows: Comparing the evaluation indicators of the three models in Table 5 and Table 9, after feature selection, the prediction effects of BRF, RBC, and NGB models are basically consistent with those before feature selection. The difference in [image: image] scores is less than 0.02, while the [image: image] scores of BRF and RBC are slightly lower than those before feature selection, and the [image: image] score of NGB is slightly higher. After feature selection, the biggest loss of prediction performance is BRF. Observing the changes in various evaluation metrics of the BRF, RBC, and NGB models trained with different numbers of features on the M validation set, as shown in Figure 7: Based on the prediction performance of the above three models with varying feature quantities, we selected 12 features for BRF, 26 for RBC, and 18 for NGB. Comparing Tables 6 and 10, after feature selection, the prediction effects of the three models, BRF, RBC, and NGB, all showed slight improvements. Among them, the [image: image] scores of RBC and NGB increased by less than 0.01, while the [image: image] score of BRF improved by 0.044. Feature selection enhanced both the Recall and Precision of the BRF model. Furthermore, we analyzed the textual feature parameters of four active regions [image: image] using three ensemble machine learning models (RF, XGB, and NGB). Figures 8–11 present the feature importance rankings obtained by these three models. By summing the scores from the four results, we derived the final feature importance ranking, as shown in Table 11. From these results, we observe that the temporal decay parameter for flare history (Cdec) and physical parameters reflecting the overall magnetic field conditions, such as TOTUSJH, TOTBSQ, SAVNCPP, and MEANALP, consistently exhibit high feature importance across different active regions. Conversely, features related to coordinate directions and positions, including EPSZ, EPSY, and EPSX, show significant variations in their importance rankings across different ARs. This indicates that the importance of parameters related to location may vary in different activity zones. When analyzing and predicting solar flares, geographic location information is also a factor that should be considered. Firstly, the probability of flare occurrence varies with different latitudes. As the latitude of the active region reflects the activity of the current solar cycle, and the size of active regions varies at different locations, according to Murakozy (2024), larger active regions may have a higher number of interacting sunspots and a smaller distance between the positive and negative poles of newly emerged sunspots, leading to differences in activity among different active regions. Secondly, the surrounding environment of an active region can also affect its eruptive activities. For example, medium and low latitudes are easily influenced by some coronal streams, while the magnetic fields in medium and high latitude active regions are relatively weak. Additionally, there may be influences from generator effects such as meridional circulations, all of which will be reflected in the location of the active regions. If the geographical location factors of different active regions are ignored, some information will be lost.
TABLE 9 | Evaluation metrics of each model on the C data set after feature selection.
[image: Table 9][image: Figure 7]FIGURE 7 | Line graphs of four evaluation metrics changing with the number of features by the three methods [(A) BRF (B) RBC (C) NGB] on the M data set.
TABLE 10 | Evaluation metrics of each model on the M data set after feature selection.
[image: Table 10][image: Figure 8]FIGURE 8 | Feature importance rankings with three ensemble machine learning models (RF, XGB, and NGB) for AR12257.
[image: Figure 9]FIGURE 9 | Feature importance rankings with three ensemble machine learning models (RF, XGB, and NGB) for AR12468.
[image: Figure 10]FIGURE 10 | Feature importance rankings with three ensemble machine learning models (RF, XGB, and NGB) for AR12325.
[image: Figure 11]FIGURE 11 | Feature importance rankings with three ensemble machine learning models (RF, XGB, and NGB) for AR12443.
TABLE 11 | Top 10 features ranked by importance in different ARs.
[image: Table 11]6 CONCLUSION
In this study, we focus on solar flare prediction and the analysis of the importance of predictive features. It encompasses the collection and preprocessing of flare-related data, the training of classification models with data and algorithms, the hyper-parameter tuning of the classification models, the derivation of feature importance scores and rankings, the feature selection of the prediction model based on feature importance results, and the evaluation of the model’s predictive performance on a test set. After collecting and processing the data, we employ ensemble learning algorithms and imbalanced sampling techniques to train an initial prediction model. Through this model, we obtain variable importance scores and synthesize scores from different methods to derive a comprehensive ranking of the importance of each variable. By comparing the importance scores of variables from different solar active regions, we identify their differences and commonalities, which serve as the basis for feature selection. We utilize ensemble learning methods to construct classification models and adjust hyper-parameters to improve classification performance. Finally, we compare the classification results of different methods, as well as the results before and after feature selection, to explore avenues for improving the prediction of solar flares. We use three ensemble learning algorithms to perform binary classification predictions for flares [image: image] C- and M-class. By employing sampling techniques and probability distribution predictions, the predictive performance on imbalanced flare data sets is improved. The main research conclusions are as follows:
(1) Three ensemble learning algorithms suitable for imbalanced classification predictions, namely BRF, RBC, and NGB, are used to construct prediction models. For the prediction of flares [image: image] C- and M-class, the best-performing model achieved a Recall of [image: image], [image: image] and a [image: image] score of [image: image], [image: image] on the test set, respectively. Comparing the performance of the three models across various evaluation metrics, BRF is more conservative in predicting positive samples, with a lower Recall rate than the other two models, but correspondingly, it has a higher Precision rate. RBC and NGB have higher Recall rates and slightly higher [image: image] scores than BRF. Since NGB performs probability distribution predictions, the probability threshold can be adjusted according to actual needs to balance between Recall and Precision.
(2) Feature importance scores are obtained through the three ensemble learning models directly obtained through the model without the need for additional feature analysis tools. The results from different models are integrated in the form of rankings. Using this ranking for feature selection in the prediction model, only about half of the features with strong importance are needed to achieve similar or even better prediction performance compared to using all 40 features.
(3) Comparing the feature importance rankings of the flare prediction models for [image: image] C- and M-class, a high degree of overlap is found. Our results demonstrate the magnetic field, historical information of flare occurrences and exponential time decay values have the most significant relationship with solar flares. This also means that frequency and temporal decay characteristics of flare eruptions in an active region represent the vitality of that region. Active regions that store a large amount of free energy and experience frequent eruptions with low decay rates are more likely to generate flares. By analyzing the feature parameters of four active regions, we find that the geographical information of the flare occurrence is an important factor for flare prediction.
In this research, there are still some limitations. The number of ARs selected for studying the differences in feature importance across different ARs is relatively small, which cannot reflect the overall pattern of feature importance for global ARs. In future work, we will select data from more active regions for analysis based on their distribution characteristics. In addition, the hyper-parameters of the model can be further adjusted and optimized to achieve much better prediction results.
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