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The data acquisition methods are becoming increasingly diverse and advanced, leading to higher 
data dimensions, blurred classification boundaries, and overfitting datasets, affecting machine 
learning models’ accuracy. Many studies have sought to improve model performance through feature 
selection. However, a single feature selection method has incomplete, unstable, or time-consuming 
shortcomings. Combining the advantages of various feature selection methods can help overcome 
these defects. This paper proposes a two-stage feature selection method based on random forest 
and improved genetic algorithm. First, the importance scores of the random forest are calculated 
and ranked, and the features are preliminarily eliminated according to the scores, reducing the time 
complexity of the subsequent process. Then, the improved genetic algorithm is used to search for 
the global optimal feature subset further. This process introduces a multi-objective fitness function 
to guide the feature subset, minimizing the number of features in the subset while enhancing 
classification accuracy. This paper also adds an adaptive mechanism and evolution strategy to improve 
the loss of population diversity and degeneration in the later stages of iteration, thereby enhancing 
search efficiency. The experimental results on eight UCI datasets show that the proposed method 
significantly improves classification performance and has excellent feature selection capability.

Keywords  Machine learning, Data mining, Feature selection, Random forest, Improved genetic algorithm

Data mining has gained significant popularity across various industries with the diversification of data acquisition 
methods and the rapid growth of data volume. Applications include the classification of brain tumors in medical 
treatment1, the optimization of chemical experimental processes2, the analysis of biological data such as gene 
sequences3, the prediction of crop yields4, and the modelling and analysis of energy systems in buildings5. 
However, as the dimensionality of the data increases, the boundaries between categories become increasingly 
blurred. Additionally, many irrelevant and redundant features can lead to overfitting of the dataset, causing 
machine learning models to fail in achieving the desired outcomes6,7. To enhance the model’s classification 
performance and mitigate the effects of the curse of dimensionality, feature selection has become a widely used 
technical tool.

The concept of feature selection involves identifying the most effective features from the original feature set 
to enhance the model’s accuracy while minimizing the number of features in subsets8. Based on the various 
mechanisms, feature selection can be divided into three types: filter, wrapper, and embedded. Filtering methods 
calculate the characteristic indices of features, rank them, and assess their advantages or disadvantages based 
on this ranking. Common techniques include mutual information9, correlation coefficient10, and relief11. 
The primary advantage of these methods is their simplicity and speed. However, they also have significant 
drawbacks. They overlook the dependencies between features, which can result in the exclusion of valid feature 
combinations. Additionally, they fail to consider the interaction with the classifier, leading to a disconnection 
between searching for subsets and the hypothesis space, making it difficult to select features exactly beneficial 
to classifiers. Unlike filtering methods, wrapper methods utilize machine learning models to evaluate feature 
subsets. Common algorithms include recursive feature elimination12 and swarm intelligence algorithms13–15. 
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These methods consider the dependencies between features and the interactions between the search process 
and the model. As a result, the classification performance of the selected subset is often superior. However, these 
methods require the repeated construction of machine learning models through multiple rounds of iteration, 
training, and validation, leading to high time complexity, which makes them unsuitable for high-dimensional 
datasets. Embedded methods integrate the benefits of both filter and wrapper methods by incorporating the 
feature selection process directly into model training. These approaches facilitate rapid searching and allow for 
interaction with the models, enabling the identification of feature subsets within the hypothesis space. Common 
examples of embedded methods include lasso16, decision tree17, and random forest18. However, a notable 
drawback of embedded methods is that the selected feature subsets are often overly dependent on the specific 
model used. Thus, features that perform well for one model may not yield the same performance in another.

As mentioned above, each type of feature selection method has its advantages and disadvantages, and 
applying a single method often presents certain limitations. Combining the strengths of multiple feature selection 
methods can mitigate the shortcomings inherent in any one approach. In recent years, multi-stage feature 
selection methods have garnered increasing attention from researchers. Wang et al.19 proposed a method that 
first screened features by calculating the weighted sum of the maximum information coefficient and fisher score. 
They then selected effective features using a sequential forward selection to achieve automatic sleep staging. 
Xu et al.20 utilized the fisher score with a heuristic algorithm based on self-information uncertainty measures 
to filter out valid features sequentially. Su et al.21 initially selected features through mutual information gain, 
then updated a subset of features using a recursive feature elimination method. They recorded the number of 
times each feature was selected throughout the process and ultimately chose the features that had been selected 
more than half the maximum number of iterations through a voting mechanism. These multi-stage feature 
selection methods offer superior screening compared to single methods. However, they do not consider how to 
obtain the optimal solution from the entire feature set, thus limiting the algorithm’s performance to some extent. 
Specifically, the above methods of the first stage calculate the relationship between individual features and the 
target variable, which may be affected by outliers. This may introduce bias that is difficult to correct in subsequent 
processes, thus affecting the final feature selection results. For the second stage, the sequential forward selection 
in reference19 and the recursive feature elimination in reference21 are greedy strategies that only consider the 
optimal choice at the current step, making it difficult to localize optima. The method in reference20 relies on 
specific heuristic criteria, which may not fully describe the complex relationships between features, thereby 
limiting the discovery of the globally optimal feature subset.

Based on the above research, we propose a new two-stage feature selection framework to search for the optimal 
feature subset from the global. In the first stage, we use random forest to initially remove irrelevant features. The 
random forest is not only fast, but also, due to the significance of evaluating features across multiple decision 
trees and the inherent randomness of the algorithm, the screening results are not easily influenced by outliers. 
Additionally, it effectively handles nonlinear features and high-dimensional data22,23. In the second stage, we 
propose an improved genetic algorithm that eliminates the redundant features retained from the previous step 
and searches for the optimal feature subset globally. By combining the strengths of both approaches, we aim to 
address the limited improvements associated with one-stage feature selection methods.

The main contributions of this paper are summarized as follows.
·This paper constructs a new feature selection framework. Firstly, features with low contribution to 

categorization are deleted based on the variable importance measure of the random forest, which also reduces 
the computation time of the subsequent process. Then, we use the improved genetic algorithm by modeling 
feature selection as a minimization problem and conducting a further search for the optimal feature subset.

·Since feature selection aims to minimize the size of the feature subset while ensuring optimal classification 
performance, this paper establishes a multi-objective fitness function in the improved genetic algorithm.

·This paper introduces an improved genetic algorithm to address potential diversity loss and degradation in 
the genetic algorithm. This enhancement is achieved through the incorporation of an adaptive mechanism for 
crossover and mutation, alongside the implementation of a µ + l evolutionary strategy.

The structure of the remaining content is as follows.
Section  2 outlines the feature selection framework of the random forest, the genetic algorithm, and the 

improved genetic algorithm in turn, culminating in the two-stage feature selection method proposed in this 
paper. Section 3 introduces the experiment settings, including the dataset utilized, evaluation metrics, and the 
parameters set for the algorithm. Section 4 is the experimental part, which shows the experimental results and 
analysis, and the final Sect. 5 offers a summary and future perspectives.

Method
The random forest feature selection
The random forest is characterized by aggregating votes from multiple decision trees based on the gini 
coefficient24. Beginning at the root node, each decision tree calculates the gini coefficient for the features, 
vertically partitioning the dataset to create successor nodes until a predetermined depth is reached. The gini 
coefficient quantifies sample impurity; thus, a lower value indicates a purer node, making the corresponding 
feature more advantageous for classification. The variable importance measure (VIM) score assesses the ability 
of features to reduce the gini coefficient and serves as a crucial metric for feature selection in the random forest. 
In contrast to the gini coefficient, a higher VIM score for a feature indicates a greater capacity to differentiate 
between distinct categories. Conversely, a lower score suggests that the feature is less effective in classification 
and may need to be eliminated. For feature xj , the steps to calculate the VIM score are as follows:

	(1)	 Calculate the gini coefficient of the feature xj  at the decision tree node:
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Gini(xj) =

k∑
i=1

pi(1 − pi) = 1 −
k∑

i=1

p2
i � (1)

	Where k denotes the number of classes and pi is the probability that the sample belongs to the ith class.

	(2)	 Calculate the VIM score of the feature xj  at the decision tree node: Let node n of the decision tree contain 
the feature  xj and the left and right successor nodes of node n are node l and node r. The VIM score of the 
feature  xj at node n is:

	 VIM(Gini)
jn = GIn − GIl − GIr � (2)

	where GIn, GIl, GIr  denote gini coefficients of the feature xj  at node n, left successor node l and right successor 
node r, respectively.

	(3)	 Calculate the VIM score of the feature xj  in the decision tree: Let the set N be all the nodes of the feature 
xj  that have appeared in the ith decision tree of the random forest. Then the VIM score of the feature xj  in 
the decision tree is the sum of the VIM scores of all the nodes in the set N:

	
VIM(Gini)

ij =
∑
n∈N

VIM(Gini)
jn � (3)

	(4)	 Calculate the VIM score of the feature xj  in the random forest: Let t decision trees in the random forest. 
Then, the VIM score of the feature xj  in the random forest is the sum of its scores in all decision trees:

	
VIM(Gini)

j =
t∑

i=1

VIM(Gini)
ij � (4)

	(5)	 Normalization: After calculating the VIM scores of all features respectively, the VIM score of each feature is 
normalized. For the feature xj , the normalized VIM score is:

	

VIMj =
VIM(Gini)

j

m∑
i=1

VIM(Gini)
i

� (5)

	where m is the total number of features.To better understand the computation of the VIM score, Algorithm 1 
illustrates the whole progress of how to get the VIM score in the random forest.

Algorithm 1 .  Pseudocode for the VIM score calculation process.
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After calculating the VIM score, the features are ranked in descending order based on their scores. There are 
two strategies for selecting features. The first involves selecting a specific number of features according to their 
ranking from highest to lowest, while the second entails selecting features with importance scores that exceed a 
predetermined threshold. The choice between the two strategies is application-dependent. The first one should 
be chosen when the model has a predefined number of input features. Based on the threshold, the second one is 
more flexible, retaining only the features that significantly contribute to the model, although this may result in 
different numbers of features between datasets.

The genetic algorithm feature selection
The genetic algorithm25 is based on the principles of heredity, mutation, natural selection, and hybridization from 
evolutionary biology. It serves as a search algorithm designed to solve optimization problems in computational 
mathematics, enabling the identification of globally optimal solutions. Feature selection can be framed as an 
optimization problem. Figure 1 illustrates the genetic algorithm’s application to feature selection.

Initialization
 Feature subsets are represented in genetic algorithms using binary encoding. An encode of “1” means the 
feature in the corresponding position is selected, while “0” means not selected. Initialize n individuals as the 
initial population, denoted by s1 − sn.

Fitness calculation
 First, map the individual into the feature subset. For example, in Fig. 3, an individual’s genotype is “00010,” and 
assuming the full feature set is “abcde,” the feature subset for this individual is “d.”

Next, calculate the individual’s fitness by the fitness function. Feature selection aims to filter as many features 
as possible while ensuring classification accuracy. Therefore, the fitness function in this paper contains two 
parts: the cost of classification error and the evaluation of the number of features in the subset. The formula is 
as follows:

	
f(si) = α × (1 − accuracy) + β × n

N
, 1 ⩽ i ⩽ n� (6)

where α ,β ∈ (0,1) are coefficients measuring the cost of classification error and the evaluation of the number 
of features in the subset, respectively. Accuracy is obtained by a machine learning model evaluating the feature 
subset. n is the number of features in the feature subset, and N is the total number of features in the full set.

The genetic algorithm optimizes the accuracy of a feature subset and the number of features in a subset as 
its objective. The lower the cost of classification error, the better the classification performance of the feature 
subset. Additionally, the smaller the evaluation of the number of features in the subset, the fewer features be 
selected. Therefore, searching for the feature subset is modelled as a minimization problem: A smaller fitness 
value indicates a better individual.

Fig. 1.  The image illustrates the process of feature selection by the genetic algorithm.
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Selection
 n individuals are randomly selected as parents from the current population based on fitness. In this paper, 
we adopt a roulette mechanism for selection. Firstly, amplify the fitness value l(si) = 1

1+f(si) , secondly 

calculate the individual selection probability P (si) = l(si)
n∑

j=1

l(sj )
, then calculate the cumulative probability 

Q(si) =
i∑

k=1
P (sk), and finally take a random number in the interval [0,1]. The individual corresponding to 

the cumulative probability interval in which the number falls is selected.
In this step, individuals with lower fitness are more likely to be selected, meaning better feature combinations 

can be retained. The selection is done at n times, and all the selected individuals will proceed to the next step.

 Crossover
Simulating the process of hybridization in biological evolution, exchange portions of the genes between two 
individuals, thereby generating new individuals that combine both characteristics. In feature selection, it is 
potential to yield combinations of features that are effective for classification.

 Mutation
Simulating the process of genetic mutations in biological evolution, individual genes are altered randomly based 
on probability. This generates new gene information, which may guide the search towards the globally optimal 
feature subset.

Iteration termination
 Recalculate the fitness of the new population and assess whether the termination conditions (reaching the 
maximum number of iterations or observing no further changes in population fitness) have been met. If the 
condition is satisfied, terminate the iteration and map the individual with optimal fitness to the feature space to 
obtain the feature subset. If the terminating condition is not met, return to step (3) and proceed with the next 
iteration.

The improved genetic algorithm feature selection
Although the genetic algorithm can search for optimal solutions on a global scale, it often experiences a loss of 
diversity26 and degradation27. The roles of crossover and mutation are to introduce new genotypes and genetic 
information, thereby preserving the diversity of the population and preventing the algorithm from converging 
on a local optimum. However, these two processes are governed by probabilistic mechanisms. As iterations 
progress, the population tends to homogenize, with individuals becoming increasingly similar, which hampers 
the crossover process’s ability to generate new genotypes. The mutation probability is typically set to a very low 
value to prevent the population from changing too randomly and losing its search direction. This limitation 
can hinder the timely introduction of new genes, resulting in the population’s inability to escape local optima. 
Furthermore, newly generated individuals may not necessarily outperform their parents during the iterative 
process, leading to degradation. To address these challenges, this paper proposes the following improvements.

(1) Adaptive mechanism: The concept involves the dynamic adjustment of probability parameters. Specifically, 
the probabilities of crossover and mutation are increased by fitness values and the diversity of the population. 
The probabilities of crossover and mutation are denoted as Pc and Pm, respectively. The formulas for adaptive 
adjustment are as follows:

	

Pc =




k1, f ′ < favg

k2
(f ′ − fmin)(1 + e−c1fstd )

favg − fmin
, f ′ ≥ favg

� (7)

	

Pm =





k3, f < favg

k4
(f − fmin)(1 + e−c2fstd )

favg − fmin
, f ⩾ favg

� (8)

where f’ represents the parent’s fitness with the superior fitness value among the two parents involved in the 
crossover operation. The variable f denotes the fitness of the individual subject to mutation during the mutation 
operation. fmin, favg, fstd correspond to the minimum, mean, and standard deviation of the population’s fitness. 
Additionally, k1, k2, k3, k4∈(0,1] and c1,c2 are constants greater than zero.

(2) µ + l evolution strategy: Let the population size be denoted as µ, with l offspring generated in each 
generation. The best µ individuals are selected to form the next generation from the total of µ + l individuals, 
including parents and offspring. This method preserves the top individuals in each generation, accelerates the 
population’s convergence speed, and enhances the algorithm’s search performance.

In summary, the process of improved genetic algorithm feature selection is shown in Fig.  2. Moreover, 
Algorithm 2 better demonstrates the algorithm’s workflow.
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The two-stage feature selection method
The random forest randomly selects features and samples to construct decision trees, effectively reducing the 
influence of outliers and ensuring that the screening results are stable and reliable. Furthermore, the random 
forest incorporates feature selection within the modeling process, making it fast and efficient. However, it is 

Algorithm 2 .  Pseudocode for IGA.

 

Fig. 2.  The framework of the improved genetic algorithm feature selection.
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important to note that the random forest cannot effectively eliminate redundant features with high VIM scores28, 
necessitating a secondary screening process. The improved genetic algorithm’s search mechanism retains the 
most effective feature subset, eliminating redundant features. Therefore, further feature selection is conducted 
using the improved genetic algorithm.

Above all, the two-stage feature selection method based on random forest and improved genetic algorithm 
(RFIGA) consists of two main steps: (1) using the variable importance measure (VIM) from random forest to 
eliminate features, thereby reducing the search time in the subsequent process and mitigating data overfitting; 
(2) based on the features retained from the first stage, the improved genetic algorithm further filters the features 
to identify the globally optimal subset. The algorithm framework is illustrated in Fig. 3.

For a clearer understanding of the algorithmic process, Algorithm 3 provides the pseudocode for the two-
stage feature selection method.

Algorithm complexity analysis
The proposed method combined with random forest and improved genetic algorithm, so an initial analysis of the 
complexity of sub-modules is conducted.

The time complexity of the VIM score calculated through the gini coefficient in a random forest is primarily 
determined by the training phase of the decision trees. During each split in a decision tree, the gini coefficient 
must be computed for every feature, which requires sorting the values. This sorting process incurs a complexity 
of O (n × log n), where n represents the number of samples. When considering m features, the complexity 
for each split increases to O (m × n × log n). Assuming the depth of the decision tree is d, the overall time 
complexity can be expressed as O (m × n × log n × d). If there are T trees in the random forest, the cumulative 
training time complexity becomes O (T × m × n × log n × d). After the training of the random forest is 
completed, the complexity of calculating the VIM score for m features is O (T × m). Given that the complexity 
of the VIM score is primarily influenced by the training process, the overall time complexity can be characterized 
as O (T × m × n × log n × d).

Let µ be the population size, the dataset contains n samples and m features. Using logistic regression for 
evaluation, the complexity of the fitness function is O (m × n), so the complexity of calculating fitness for whole 
population is O (µ × m × n). The complexity of the roulette wheel selection mechanism is O (µ). In crossover 
and mutation, assuming there are g genes involved, the time complexity is O (µ × g). After that, the parents 
and offspring are merged, and from a total of µ + λ individuals, the top µ optimal individuals are selected using 

Algorithm 3 .  Pseudocode for the two-stage feature selection method.

 

Fig. 3.  The framework of the two-stage feature selection method.

 

Scientific Reports |        (2025) 15:16828 7| https://doi.org/10.1038/s41598-025-01761-1

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


quicksort, with a time complexity of O ((µ + λ) × log (µ + λ)). This process is iterated G times, so the overall 
time complexity is:

	

O (G × (µ × m × n + µ + µ × g + µ × g + (µ + λ) × log (µ + λ))) =
O (G × (µ × m × n + µ + µ × g + (µ + λ) × log (µ + λ)))

� (9)

Finally, let’s analyze the complexity of the two-stage feature selection algorithm. Assuming the dataset has 
n samples and m1 features, after random forest feature selection, there are m2 remaining features. The time 
complexity of the proposed algorithm is:

	 O (T × m1 × n × log n × d) + O (G × (µ × m2 × n + µ × g + (µ + λ) × log (µ + λ)))� (10)

Experimental settings
Dataset
In this paper, we selected eight datasets from the UCI database29 to validate the proposed method. The datasets 
include Glioma, Dermatology, Audiology, Movement libras, Arrhythmia, Darwin, Period Changer, and Toxicity. 
The feature dimensions of these datasets range from 23 to 1203, and the classification varies from binary to 
multi-class, effectively encompassing datasets with diverse characteristics. Detailed information is presented in 
Table 1.

Evaluation metric
Experiments in this paper use ratio and accuracy for evaluation.

The ratio denotes the ability of the feature selection method to filter features and is calculated as follows:

	
Ratio = 1 − n

N
� (11)

where n denotes the number of features in the subset, and N denotes the number of features in the full feature set.
Accuracy30 (ACC) evaluates the classification effectiveness and is calculated from the confusion matrix. The 

confusion matrix is shown in Fig. 4.
Accuracy indicates the proportion of correctly predicted samples to the overall sample and is calculated using 

the following formula:

	
ACC = 1

n

n∑
i=1

TPi + TNi

TPi + FNi + FPi + TNi
� (12)

where n is the number of categories.

Algorithm parameter setting
Table 2 shows the parameter settings of the proposed two-stage feature selection method. The random forest 
parameters n_estimators and max_depth represent the number of decision trees and the maximum depth of the 

Fig. 4.  Confusion matrix.

 

Datasets Instances Features Classes

Glioma 839 23 2

Dermatology 366 33 6

Audiology 226 69 24

Movement Libras 360 90 15

Arrhythmia 452 279 13

Darwin 174 451 2

Period Changer 90 1177 2

Toxicity 171 1203 2

Table 1.  Dataset introduction.
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tree, respectively. Section 2.2 and Sect. 2.3 describe the significance of the parameters of the improved genetic 
algorithm.

Experimental results and analysis
Ablation experiment
Random forest (RF), genetic algorithm (GA), improved genetic algorithm (IGA), and the proposed method 
(RFIGA) were compared, and ten-fold cross-validation was taken. Due to the randomness in the computational 
process of these four algorithms, they were run independently ten times, and the average was taken as a result. 
We used the logistic regression as the classifier and regarded the classification without feature selection as the 
baseline. The evaluation results of the ablation experiments are shown in Table 3, with the optimal ACC results 
bolded.

The algorithms IGA and RFIGA presented in this paper significantly enhance classification performance 
while minimizing the number of features. RFIGA achieves the highest accuracy on the Dermatology and 
Movement Libras datasets, as well as on Period Changer and Toxicity, with accuracies of 98.90%, 69.00%, 
83.00%, and 73.73%, respectively. These results surpass the baseline by 2.18%, 5.39%, 21.89%, and 20.46%. For 
the remaining datasets, RFIGA ranks second. In the Audiology dataset, RFIGA is 0.3% less accurate than the 
best IGA; however, it reduces the number of features by 2% more. In the Arrhythmia dataset, RFIGA is 1.19% 
lower than IGA in accuracy but has a 15% higher proportion of reduced features. On the Darwin dataset, RFIGA 
is 0.37% less accurate than IGA, yet it allows for 6% more features to be eliminated.

Comparison experiment
To verify the effectiveness of the proposed method for enhancing classification performance, we compared 
it with various feature selection techniques. The comparison methods include traditional feature selection 
approaches such as fisher score31 (FS), recursive feature elimination12 (RFE), and L2 penalty32. Additionally, 
swarm intelligence algorithms were employed, including the whale optimization algorithm33 (WOA), particle 

Dataset Index base RF GA IGA RFIGA

Glioma
Ratio \ 0.25 0.77 0.86 0.83

ACC (std) 87.13 87.48(0.04) 87.22(0.06) 87.25(0.00) 87.25(0.00)

Dermatology
Ratio \ 0.19 0.51 0.59 0.61

ACC (std) 96.72 98.33(0.20) 98.76(0.23) 98.90(0.18) 98.90(0.00)

Audiology
Ratio \ 0.29 0.55 0.67 0.69

ACC (std) 77.48 79.08(0.22) 79.61(0.46) 83.32(0.60) 83.02(0.61)

Movement Libras
Ratio \ 0.19 0.44 0.54 0.51

ACC (std) 63.61 66.06(0.50) 67.19(0.61) 66.72(0.47) 69.00(0.68)

Arrhythmia
Ratio \ 0.53 0.54 0.63 0.78

ACC (std) 69.25 71.38(0.16) 72.05(0.80) 74.28(0.35) 73.90(0.55)

Darwin
Ratio \ 0.55 0.51 0.63 0.69

ACC (std) 83.33 88.93(0.77) 89.58(2.41) 98.57(0.41) 98.14(0.82)

Period Changer
Ratio \ 0.99 0.51 0.90 0.95

ACC (std) 61.11 75.89(1.39) 74.44(2.16) 82.11(1.69) 83.00(2.16)

Toxicity
Ratio \ 0.99 0.51 0.87 0.94

ACC (std) 53.27 67.72(0.98) 65.24(1.23) 72.68(1.15) 73.73(1.58)

Table 3.  Evaluation results of ablation experiments. Significance values are in bold. The bold values are the 
best results.

 

Method Parameter Value

Random forest
n_estimators 200

max_depth 3

Improved genetic algorithm

iterations 200

µ 30

l 30

k1, k2 0.8

k3, k4 0.01

c1, c2 50

a 0.99

b 0.01

Table 2.  The setting of algorithm parameters.
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swarm optimization34 (PSO), differential evolution35 (DE), and grey wolf optimizer36 (GWO). Since swarm 
intelligence algorithms are stochastic search methods, the results of a single run can be influenced by chance. 
Therefore, WOA, PSO, DE, and GWO were executed independently ten times, and the average was taken as the 
final result. The outcomes of the comparison experiments are presented in Table 4.

According to Table 4, our method achieves the highest accuracy across all seven datasets and ranks second 
for one dataset. Regarding the ratio metrics, our method also leads the list, successfully reducing more than 
50% of the features across all datasets. Particularly concerning the Period Changer and Toxicity datasets, which 
comprise over one thousand features, more than 90% of these features are eliminated, resulting in an accuracy 
improvement of over 20%.

We also selected four multi-stage feature selection methods for comparison with our method. The method 
I19. calculates the weighted sum of the maximum information coefficient and the fisher score in the first stage 
and employs a sequential forward selection in the second stage The method II37 sequentially utilizes mRMR and 
an improved discrete egg algorithm to achieve feature selection. Method III38 initially identifies features through 
mutual information and the reliefF, subsequently combining these selected features into a concatenated subset 
for the first stage. This subset is then subjected to further exploration utilizing the GWO. Method IV39 employs 
a three-step process for feature selection, which includes a variance filter, extremely randomized trees, and the 
Harris Hawks optimization.

The experimental results are presented in Table 5. It is evident that the accuracy of the proposed method is 
the highest across nearly all datasets, while also maintaining high feature reduction ratios.

Algorithm convergence comparison
The enhancements to the second-stage improved genetic algorithm aim to increase search efficiency, as 
evidenced by the convergence process of the fitness values. Consequently, we collected fitness values during 
the algorithm’s iterative process to construct the fitness curve for analyzing and comparing the convergence 
with various swarm intelligence algorithms. The involved algorithms are WOA, PSO, DE, GWO, GA, IGA, 
and RFIGA. In this research, the feature selection is framed as a minimization problem, with the algorithm 
converging to the global optimal solution when the fitness value reaches a low point and stabilizes. A steeper 
decline in the curve indicates a more efficient search. The fitness curves for each algorithm across the eight 
datasets are presented in Fig. 5.

As illustrated in Fig. 5, the fitness curves of our method decline more rapidly across all datasets. For the 
Glioma, Audiology, Arrhythmia, Period Changer, and Toxicity datasets, the fitness curve of RFIGA achieves 
the lowest convergence position, while it ranks second lowest on the remaining three datasets. In contrast, the 
algorithm with the lowest convergence position on the Darwin dataset is the IGA proposed in this paper. Overall, 
our method performs better than all other algorithms evaluated in terms of convergence speed and position.

Experiments of the proposed method on other classifiers
In this paper, four classifiers, support vector machine (SVM), ridge regression (Ridge), gaussian naive bayes 
(NB), and k-nearest neighbors (KNN), are constructed to evaluate the effectiveness of the proposed two-stage 
feature selection method across various classifiers. The ratio results are presented in Table 6, while the accuracy 
results are illustrated in Fig. 6.

All combinations of datasets and classifiers exhibit the ability to exclude more than fifty percent of the features, 
and this feature filtering capability of the proposed method is particularly pronounced in high-dimensional 
datasets. For example, in datasets characterized by hundreds of dimensions, such as Arrhythmia and Darwin, 

Dataset Index base FS RFE L2 WOA PSO DE GWO RFIGA

Glioma
Ratio \ 0.00 0.65 0.65 0.87 0.76 0.85 0.87 0.83

ACC(std) 87.13 87.25 87.25 87.25 87.11(0.18) 87.20(0.06) 87.25(0.00) 87.22(0.11) 87.25(0.00)

Dermatology
Ratio \ 0.00 0.76 0.58 0.34 0.47 0.65 0.69 0.61

ACC(std) 96.72 97.27 98.36 97.26 98.46(0.19) 95.38(2.08) 98.88(0.09) 98.90(0.00) 98.90(0.00)

Audiology
Ratio \ 0.06 0.49 0.70 0.26 0.53 0.63 0.73 0.66

ACC(std) 77.48 77.91 77.47 74.82 81.05(1.38) 81.02(1.03) 83.37(0.42) 81.34(1.33) 83.02(0.61)

Movement Libras
Ratio \ 0.09 0.42 0.56 0.17 0.50 0.49 0.61 0.52

ACC(std) 63.61 66.94 67.50 55.56 65.92(0.38) 68.83(0.75) 68.19(0.27) 68.33(0.41) 69.00(0.68)

Arrhythmia
Ratio \ 0.32 0.80 0.80 0.39 0.56 0.53 0.80 0.78

ACC(std) 69.25 70.81 71.70 72.81 71.53(0.29) 72.73(0.41) 73.68(0.47) 73.26(0.30) 73.90(0.55)

Darwin
Ratio \ 0.25 0.90 0.79 0.53 0.54 0.53 0.80 0.67

ACC(std) 83.33 86.90 93.69 89.05 91.96(1.39) 94.89(1.55) 96.98(0.80) 97.41(1.60) 98.14(0.82)

Period Changer
Ratio \ 0.98 ≈ 1 0.99 0.98 0.53 0.53 0.87 0.95

ACC(std) 61.11 72.22 68.89 71.11 77.78(1.17) 77.11(1.27) 79.22(0.54) 80.44(1.50) 83.00(2.16)

Toxicity
Ratio \ ≈ 1 ≈ 1 ≈ 1 0.98 0.52 0.52 0.79 0.94

ACC(std) 53.27 67.25 66.67 67.25 69.08(1.16) 68.99(0.79) 69.31(1.05) 70.46(1.37) 73.73(1.58)

Table 4.  Evaluation results of comparison experiments. Significance values are in bold. The bold values are the 
best results.
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all four classifiers can discard a minimum of 80% of the features. In cases involving datasets with more than 
one thousand dimensions, such as Period Changer and Toxicity, the proposed method by four classifiers can 
eliminate at least 90% of the features.

Furthermore, the accuracy in Fig. 6 shows significant improvement across all eight datasets. The improvement 
ranges are as follows: SVM shows an enhancement of 4.12–35.09%, Ridge exhibits an increase of 0.12–33.29%, 
NB shows an improvement of 3.46–62.40%, and KNN demonstrates an enhancement of 7.15–24.84%.

Dataset SVM Ridge NB KNN

Glioma 0.57 0.70 0.78 0.70

Dermatology 0.64 0.52 0.58 0.73

Audiology 0.75 0.54 0.68 0.58

Movement Libras 0.60 0.57 0.57 0.59

Arrhythmia 0.83 0.80 0.92 0.73

Darwin 0.81 0.85 0.80 0.86

Period changer 0.99 0.95 0.96 0.90

Toxicity 0.97 0.91 0.92 0.94

Table 6.  Ratio comparison of the proposed algorithm on multiple classifiers.

This paper employs five classifiers. Logistic regression and ridge regression are both linear models that frame 
classification as a convex optimization problem, making them straightforward to solve and robust. Feature 
selection can reduce model complexity and help prevent the classifier from overfitting the dataset. Naive bayes 
is a classification method grounded in Bayes’ theorem and the assumption of conditional independence among 
features. This approach, which originates from classical mathematical theory, demonstrates good stability. 
However, in real-world data, a significant number of redundant or irrelevant features can adversely affect the 
accuracy of probability estimations, and the assumption of feature conditional independence is often invalid. 
Feature selection addresses this issue by retaining only those relevant features for classification, thereby reducing 
the likelihood of prediction errors. SVM obtains optimal classification by maximizing the minimum distance 
from the support vector to the hyperplane. When redundant and irrelevant features are reduced, SVM can find 
the hyperplane separating the categories more clearly. KNN is a distance-based algorithm. As the dimension 
of data features increases, the distinguishability of sample points is difficult to measure by distance. Along with 
the sharp reduction of feature dimensions, the effect of distance measures is strengthened, and the classification 
performance of KNN obtains significant improvement accordingly.

Conclusion
This paper proposes a two-stage feature selection method based on random forest and improved genetic 
algorithm. The first stage involves the removal of features deemed unimportant, utilizing the variable importance 
measure derived from the random forest. In the second stage, the method employs the improved genetic 
algorithm to identify the globally optimal feature subset. To validate the effectiveness of the proposed method, 
we evaluated feature selection ratios and accuracy metrics, conducting extensive experiments on eight UCI 

Dataset Index Method I Method II Method III Method IV RFIGA

Glioma
Ratio 0.87 0.34 0.76 0.79 0.83

ACC(std) 87.25 86.95(0.47) 87.53(0.15) 86.40(0.18) 87.25(0.00)

Dermatology
Ratio 0.76 0.35 0.68 0.49 0.61

ACC(std) 98.64 97.32(0.34) 95.49(0.26) 94.13(2.24) 98.90(0.00)

Audiology
Ratio 0.81 0.35 0.75 0.79 0.69

ACC(std) 77.98 75.93(3.44) 80.01(0.72) 64.19(6.88) 83.02(0.61)

Movement Libras
Ratio 0.78 0.33 0.69 0.55 0.51

ACC(std) 65.00 62.86(0.75) 67.25(0.38) 62.25(1.02) 69.00(0.68)

Arrhythmia
Ratio 0.95 0.31 0.85 0.61 0.78

ACC(std) 70.60 70.61(0.37) 73.09(0.43) 67.80(1.45) 73.90(0.55)

Darwin
Ratio 0.98 0.31 0.85 0.60 0.69

ACC(std) 92.55 80.93(1.65) 96.50(1.32) 84.94(1.98) 98.14(0.82)

Period Changer
Ratio ≈ 1 0.60 0.90 0.95 0.95

ACC (std) 77.78 60(1.81) 80.11(1.92) 66.44(3.13) 83.00(2.16)

Toxicity
Ratio ≈ 1 0.60 0.86 0.98 0.94

ACC (std) 70.78 59.17(1.46) 69.45(1.14) 64.96(3.11) 73.73(1.58)

Table 5.  Comparison results with other two-stage feature selection methods. Significance values are in bold. 
The bold values are the best results.
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datasets. The proposed method demonstrates exceptional feature selection capabilities compared to traditional 
feature selection methods, swarm intelligence algorithms, and other multi-stage feature selection techniques.

However, it is important to acknowledge that the time complexity associated with the proposed method 
is relatively high. In scenarios involving ultra-high-dimensional data, characterized by tens of thousands 
of dimensions, the computational time may become prohibitive. To mitigate the challenges posed by the 
exponential increase in data volume, it is essential to develop a framework for feature selection that leverages 
GPUs. Furthermore, a more efficient method could potentially alleviate the difficulties encountered by existing 
algorithms in the context of feature selection for ultra-high-dimensional datasets.

Fig. 5.  Comparison of adaptation curves. 
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Figure 5.  (continued)
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Fig. 6.  Accuracy comparison of the proposed algorithm on multiple classifiers..
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Data availability
The datasets generated during and/or analysed during the current study are available in the UCI dataset repos-
itory, https://archive.ics.uci.edu.
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