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 a b s t r a c t

Feature selection is a crucial preprocessing step for classification, inherently forming a bi-objective optimization 
problem aimed at minimizing feature subset size and classification error. However, most existing multi-objective 
feature selection methods fail to adequately account for potential feature interactions during the population ini-
tialization and underutilize historical information during the evolutionary process. Such issues may affect the 
breadth and depth of population search within high-dimensional feature spaces. To address these limitations, 
this paper proposes a multi-objective feature selection approach based on the importance-guided and historical 
information-assisted strategies (MOFS-IH). The main characteristics are twofold. First, the importance-guided 
population initialization strategy dynamically stratifies the feature space via information gain, thereby gener-
ating a well-distributed initial population that better captures feature interactions and facilitates rapid conver-
gence. Second, the historical information-assisted population update mechanism leverages recorded feature-level 
information to guide the search toward promising feature subsets, thereby enabling more efficient utilization of 
historical evolutionary information. Extensive experiments on 15 benchmark datasets demonstrate that MOFS-
IH outperforms six state-of-the-art multi-objective feature selection algorithms in terms of the quality of the 
obtained feature subsets.

1.  Introduction

Classification is one of the central tasks in data analysis and pat-
tern recognition, aiming to predict class labels of unseen instances us-
ing feature information (Chen et al., 2026a). However, with the quick 
development of sampling and information-processing technologies, the 
data volume in various real-world scenarios is increasing rapidly (Li 
et al., 2026a). Massive datasets of this kind tend to induce the curse of 
dimensionality, thereby compromising algorithmic performance. More 
critically, the majority of features in these datasets exhibit redundancy, 
irrelevance, or noise, which significantly impairs the accuracy of classi-
fication (Xia et al., 2026). As a data preprocessing and dimensionality 
reduction approach, feature selection has attracted wide attention for 
its ability to raise the quality of feature sets by eliminating redundant 
and irrelevant features and identifying valuable combinations among 
diverse features (Li et al., 2026b).

Generally, feature selection approaches can be categorized into 
filter-based, wrapper-based, and embedded-based according to differ-
ent evaluation criteria (Li & Chai, 2024). Filter-based methods use vari-
ous evaluation criteria to rank features and independently select the top 
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ones, thus forming a selected feature subset (Wang et al., 2025), while 
wrapper-based methods utilize a learner to evaluate candidate feature 
subsets through diverse search methods (Yu et al., 2025). These oper-
ational differences lead to clear strengths and weaknesses. Filter-based 
approaches are computationally inexpensive but may ignore feature cor-
relations. By contrast, wrapper-based methods often achieve higher ac-
curacy but incur higher computational costs and a greater risk of over-
fitting (Li & Dang, 2026). Embedded-based methods, by contrast, utilize 
the strengths of both by integrating feature selection into model train-
ing, thus retaining the computational efficiency of filter methods while 
achieving adaptability to the learning model used in wrapper methods 
(Chen et al., 2026b). Nevertheless, embedded methods are highly sen-
sitive to the choice and configuration of their base models, which limits 
their generality across different learning frameworks and data settings 
(Chandrashekar & Sahin, 2014).

Evolutionary computation (EC) is renowned for its global search abil-
ity and is widely applied to address multi-objective feature selection 
problems (Huang et al., 2025a; Li et al., 2016; Singh & Singh, 2017; 
Siswantoro et al., 2026; Xue et al., 2023). For instance, Xue et al. (2023) 
proposed a feature selection method based on the Non-dominated

https://doi.org/10.1016/j.eswa.2026.133647
Received 19 April 2026; Received in revised form 28 June 2026; Accepted 11 July 2026

Expert Systems With Applications 332 (2027) 133647 

Available online 21 July 2026 
0957-4174/© 2026 Elsevier Ltd. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

https://www.elsevier.com/locate/eswa
https://www.elsevier.com/locate/eswa
https://orcid.org/0000-0001-9945-1976

$D$


\begin {align}\min F(X) &= (f_1(X), f_2(X)) \nonumber \\ \text {s.t. } X &= (x_1, x_2, \ldots , x_D) \in \Omega \nonumber \\ x_m &\in \{0, 1\} \quad \forall m \in \{1, 2, \ldots , D\}\end {align}


$f_1(X)$


$X$


$f_2(X)$


$X$


$D$


$X$


$\Omega $


$x_m =1$


$m$


$x_m = 0$


$[0,\pi / 2]$


\begin {equation}\label {eq1C} IG(D,a)=H(D)- H(D|a)\end {equation}


$a$


$a$


$a$


$H(D)$


$H(D|a)$


$a$


$L$


$X_1$


$Y_1$


$X_2$


$Y_2$


\begin {equation}\label {eq2} R_1=(\frac {X_1 \cdot Y_2}{X_2 \cdot Y_1})\end {equation}


$L$


$L$


$\geq $


$A$


$B$


$R_2$


$:$


$C$


$D$


$R_3$


$:$


$R_1$


$:$


$D$


$R_1$


$\geq $


$R_3$


$\geq $


$D$


$C$


$R_3$


$C$


$D$


$R_1$


$:$


$A$


$B$


$R_2$


$:$


$B$


$A$


$C$


$C$


$\geq $


$C$


$Pro$


$F\_n$


\begin {align}F\_n&=f_n^l/f_n^t \label {eq3A} \\ E\_c&=1-(\max (f_i^l)-\min (f_i^l)) \label {eq3B} \\ Pro&=exp(-(min(F\_n,E\_c)+0.5 \cdot l) \cdot l) \label {eq3C}\end {align}


$f_n^l$


$f_n^t$


$E\_c$


$l$


$f_n$


$f_i$


$L$


$Pro$


$[0,\pi / 2]$


$y$


$x$


$k$


$k$


$Pro$


$\beta $


$0.8$


$(Pro(1))$


$0.4$


$(Pro(2))$


$0.2$


$(Pro(3))$


$x$


$y$


$1$


$Pro(3)$


$N$


$Pro$


$N$


$100$


$u=(\arccos (0.2)-\arccos (1))/N$


$\arccos (0.8)/u$


$a_i$


$70\%$


$50\%$


$0.25$


$37.5\%$


$0.5$


$12.5\%$


$0.75$


$T$


$[T/4, T/2]$


$[T/2, 3T/4]$


$[3T/4, T]$


$(T/4, T/2, 3T/4)$


$Elite\_A$


$Inferior\_A$


$Elite\_A$


$Inferior\_A$


$Elite\_A$


$Inferior\_A$


$Elite\_A$


\begin {align}dec(a)&=\sum _{j=1}^{n_1}f_i^a\cdot ((d_n/(d_n+i_n))\cdot (1/4)^{(n_1-j)}) \label {eq4} \\ inc(a)&=\sum _{k=1}^{n_2}(1-f_i^a)\cdot ((i_n/(d_n+i_n))\cdot (1/4)^{(k-1)}) \label {eq7}\end {align}


$dec(a)$


$a$


$inc(a)$


$a$


$n_1$


$Inferior\_A$


$n_2$


$Elite\_A$


$f_i^a$


$a$


$d_n$


$a$


$Inferior\_A$


$i_n$


$a$


$Elite\_A$


$incrF$


$T/4, T/2, 3T/4$


$specF$


$3T/4$


$incrF$


$popF$


$Pro\_1$


\begin {equation}\label {eq5} Pro\_1=(1/2)^{rem}\end {equation}


$popF$


$popF$


$Pro\_1$


$1/2$


$1/2$


$rem$


$T/4, T/2, 3T/4$


$T$


$incrF$


$mPop$


$3T/4$


$n_s$


$mPop$


$n_s$


\begin {equation}\label {eq6} n_s=((T-gen)/T)\cdot N\end {equation}


$n_s$


$0.25, 0.5, 0.75$


$1:2:3$


$specF$


$n_s$


$specF$


$specF$


$n_s$


$gen$


$O(n)$


$n$


$O(2 \cdot n)$


$O(N)$


$N$


$O(4 \cdot n)$


$O(2 \cdot N^2)$


$O(6 \cdot n + N + 2 \cdot N^2) = O(2 \cdot N^2 + n)$


$n > N^2$


$N^2 > n$


$15$


$1024$


$12,533$


$T$


$N$


$100$


$80\%$


$20\%$


$K$


$5$


$(1,1)$


$30$


$HV$


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$\beta $


$0.01$


$100$


$6$


$30$


$15$


$6$


$0.86$


$0.68$


$18\%$


$0.81$


$5\%$


$85$


$5$


$0$


$6$


$30$


$80$


$8$


$2$


$90$


$7$


$15$


$\text {MOFS-IH}^{\text {u-}}$


$\text {NSGA-II}^{\text {p}}$


$\text {NSGA-II}^{\text {i}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$3/4$


$specF$


$30$


$15$


$\text {NSGA-II}^{\text {p}}$


$\text {NSGA-II}^{\text {i}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


\begin {equation}\label {eq12} \textbf {MNN} = \frac {1}{N}\sum _{i=1}^{N}\min _{\substack {j=1 j\neq i}}^{N}\left \| \boldsymbol {F}(\boldsymbol {x}_i) - \boldsymbol {F}(\boldsymbol {x}_j) \right \|_2\end {equation}


$N$


$\boldsymbol {F}(\boldsymbol {x}_i)$


$i$


$\boldsymbol {x}_i$


$\text {MOFS-IH}^{\MakeLowercase {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\MakeLowercase {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {MOFS-IH}^{\text {u-}}$


$\text {HV}$


$\text {MOFS-IH}^{\text {u-}}$


$specF$


$3/4$


$3/4T$


$1/4T$


$1/2T$

https://orcid.org/0009-0004-8955-7258
https://orcid.org/0000-0002-8977-6248
https://orcid.org/0000-0001-5516-3972
mailto:yukunjie@zzu.edu.cn
mailto:anwen_auto@163.com
mailto:chenkezixf@zzu.edu.cn
mailto:fangfang.zhang@ecs.vuw.ac.nz
https://doi.org/10.1016/j.eswa.2026.133647
https://doi.org/10.1016/j.eswa.2026.133647


K. Yu et al.

Sorting Genetic Algorithm II (NSGA-II). This method utilized the Reli-
efF algorithm to generate feature scores for population initialization and 
incorporated a crossover-mutation operator to guide the search direc-
tion, thereby enhancing convergence performance. However, by focus-
ing solely on high-scoring features during initialization and ignoring the 
effectiveness of feature combinations, this method may easily lead the 
population to converge to local optima. In another work, Li et al. (2016) 
proposed a two-stage algorithm based on the Multi-Objective Evolution-
ary Algorithm based on Decomposition (MOEA/D). The first stage em-
ployed freezing and activation operators for rapid dimensionality reduc-
tion, while the second stage refined the reduced feature space through 
redundancy removal and a preference-aware mechanism that prioritizes 
classification accuracy. Nevertheless, the single-feature screening logic 
in the dimensionality reduction phase overlooks feature interactions, 
which may hinder the identification of a better Pareto front. In fact, 
insufficient exploration of feature interaction information during the 
population initialization stage often causes most existing evolutionary 
algorithms to converge to local optima prematurely. Therefore, explor-
ing approaches to enhance feature interactions at the initialization stage 
deserves further investigation.

Furthermore, feature selection is a combinatorial optimization prob-
lem featuring a solution space with significant complexity and discon-
tinuity (Jiao et al., 2023). This characteristic frequently leads EC to 
overlook or fail to consistently retain effective feature subsets during 
iterative search, particularly in the case of scarce training samples or 
complex feature interactions (Azhagusundari et al., 2013). A promis-
ing strategy to alleviate this issue is to track, evaluate, and reuse the 
knowledge explored throughout the iterative process. This can integrate 
global information to compensate for deficiencies in local judgments, 
thus serving as a key mechanism for improving search stability (Chen 
et al., 2019; Wang et al., 2024, 2022). For example, Wang et al. (2024) 
quantify and dynamically update feature weights based on changes in 
classification accuracy in each iteration. This method reduces feature 
dimensionality while maintaining high classification accuracy through 
knowledge transfer between two subpopulations. However, its weight 
update mechanism tends to accumulate early evaluation biases, which 
impairs the global search ability, causes the loss of superior feature com-
binations, and limits its adaptability to the dynamically changing feature 
importance in practice. Accordingly, how to efficiently utilize valuable 
historical information during population iteration is both necessary and 
challenging.

To address these limitations, a multi-objective feature selection algo-
rithm framework is proposed based on NSGA-II. Specifically, to balance 
the selection of individually important features and the enhancement of 
their interaction with other features, this paper proposes an importance-
guided two-stage initialization strategy. The first stage prioritizes in-
dividually important features by boosting the selection probability of 
highly class-relevant features, ensuring core important features are pri-
oritized in the initial population. The second stage focuses on strength-
ening feature interaction by coordinating combinations of features from 
different importance levels to increase the selection probability of po-
tentially valuable features, thus promoting interaction between impor-
tant features and other potentially effective ones. To further identify 
features better suited to the current iterative population and enhance 
the effectiveness of feature interactions, this paper proposes a historical 
information-assisted population update strategy. This strategy identifies 
feature combinations better suited to the current iterative population by 
distinguishing between high- and low-performing ones across different 
evolutionary states, thereby improving the efficiency of feature inter-
actions and helping the algorithm avoid being trapped in local optima. 
The primary contributions of this work are outlined as follows:

1) A novel multi-objective feature selection method (MOFS-IH) is pro-
posed. This method synergizes various feature-level combinations, 
fully integrates key historical information from different evolution-
ary states, significantly boosts the efficiency and relevance of inter-

feature interactions, and ultimately yields a more desirable optimal 
feature subset.

2) An importance-guided initialization strategy that utilizes feature-
level information and optimizes inter-level combinatorial relation-
ships is devised. This approach not only guarantees the preservation 
of important features, but also ensures that the initial population has 
diversity and coverage in the feature space, laying a solid foundation 
for global search.

3) A historical information-assisted population update mechanism is 
proposed to systematically screen and dynamically prioritize the fea-
ture combinations that have demonstrated high effectiveness during 
the evolutionary process. In this mechanism, key historically effec-
tive information is harnessed to facilitate the population in breaking 
free from local optima.

2.  Related work

Within this section, the advantages and disadvantages of existing re-
search methods are first analyzed. Subsequently, our baseline algorithm 
and motivation are introduced.

2.1.  Multi-objective feature selection optimization

Multi-objective optimization problems (MOPs) arise when optimal 
decisions necessitate tradeoffs among two or more conflicting objectives 
(Jiao et al., 2022a). Conflicting objectives are transformed into a unified 
form (i.e., all minimization or all maximization) to simplify the solution 
process. When objectives differ in optimization directions, those requir-
ing conversion are adjusted based on specific needs (Jin & Sendhoff, 
2008).

Such frameworks have been widely adopted in real-world applica-
tions, and feature selection stands out as a representative scenario. It in-
herently involves conflicting objectives that require tradeoffs, perfectly 
aligning with the definition of MOPs (Kamalov et al., 2025). In feature 
selection, minimizing classification error and minimizing the size of the 
feature subset are two conflicting objectives. Taking a dataset with 𝐷
features as an example, a multi-objective feature selection problem with 
two objectives can be formulated as follows:
min𝐹 (𝑋) = (𝑓1(𝑋), 𝑓2(𝑋))

s.t. 𝑋 = (𝑥1, 𝑥2,… , 𝑥𝐷) ∈ Ω

𝑥𝑚 ∈ {0, 1} ∀𝑚 ∈ {1, 2,… , 𝐷} (1)

where 𝑓1(𝑋) is the classification error of the feature subset represented 
by 𝑋, and 𝑓2(𝑋) is the number of selected features in 𝑋, 𝐷 denotes 
the dimensionality of a solution 𝑋 within the decision space Ω, 𝑥𝑚 = 1
means selecting the 𝑚th feature, and 𝑥𝑚 = 0 means not selecting this 
feature.

2.2.  EC for multi-objective feature selection

Feature selection in classification is fundamentally a multi-objective 
task with two core objectives: minimizing classification error and min-
imizing the size of the feature subset. Such tasks require balancing 
objective conflicts and global optimization, and EC, which features a 
population-driven search mechanism and powerful global search per-
formance, has become an ideal tool for solving them (De La Iglesia, 
2013).

Utilizing correlation-guided mechanisms enables focusing on high-
potential feature regions and reducing blind search. In Chen et al. 
(2021), a feature selection algorithm integrating correlation guidance 
and a surrogate model was proposed. In this method, a guidance mech-
anism was constructed according to the correlation scores between fea-
tures and classes to construct a candidate particle pool, and the surrogate 
model was combined to improve the computational efficiency of parti-
cle fitness. Meanwhile, particles with high fitness were preferentially 
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selected and their nearest neighbors were eliminated to preserve pop-
ulation diversity. Experimental results showed that the method could 
explore promising candidate solutions with efficiency,but its problem 
lies in that it overemphasized features highly correlated with classes 
and might neglect the high performance of weakly correlated features 
via combination.

Combining multiple strategies during population initialization rep-
resents a popular approach to improve the search performance of EC in 
feature selection. In Gupta and Gupta (2024), a hybrid multi-objective 
algorithm combining Random Forest, Information Gain, ReliefF, and 
NSGA-II was developed to integrate the advantages of filter and wrap-
per methodologies. This method evaluated the correlation between fea-
tures and classes using these filter methods, and then obtained corre-
sponding feature scores. Subsequently, the feature scores were used to 
guide the construction of the initial population and the execution of 
genetic operators, improving convergence efficiency. Experimental re-
sults demonstrated that this method attained lower classification accu-
racy than the other compared approaches. Its limitation lies in that this 
method largely overlooked inter-feature interactions during initializa-
tion due to its primary focus on feature-class correlation, and it also 
required manual adjustment of the weight vectors for its filter methods 
across different datasets.

Guiding evolution with historical information helps achieve a bal-
ance between exploration and exploitation in feature selection tasks. In 
Huang et al. (2025b), a binary particle swarm optimization algorithm 
was proposed. It constructed dual archives to store "acceleration coef-
ficients" from historical iterations and dynamically adjusted learning 
parameters using a Gaussian distribution. Furthermore, it introduced 
a weighted center vector to replace the personal best position and em-
ployed an arctangent transfer function with greedy selection to enhance 
search directionality and convergence efficiency. The experimental re-
sults indicated that this method efficiently coordinated exploitation and 
exploration, outperforming various comparative algorithms on multi-
ple datasets. However, its historical information came only from inter-
nal parameters, ignoring feature-level importance or correlation, which 
limited its insight into the feature space.

Obtaining multiple optimal feature subsets that share the same or 
similar objective function values has gained popularity for feature selec-
tion. For instance, a multi-objective differential evolution algorithm was 
designed to find multiple optimal feature subsets in Wang et al. (2021). 
In this algorithm, an initialization method based on feature relevance 
was presented to provide a starting point first. Then, a clustering strat-
egy was adopted to split the population into multiple subpopulations. 
Finally, a dynamic crowding distance measure was utilized to preserve 
the diversity of each subpopulation. Experimental results indicated that 
this approach was able to acquire feature subsets with comparable or 
identical classification performance. Nevertheless, this method might 
fail to balance exploring optimal regions and identifying similar feature 
subsets, thereby hindering the algorithm’s performance.

In summary, though various EC-based approaches have been pre-
sented to enhance feature selection performance through various strate-
gies, they still suffer from two fundamental and interconnected chal-
lenges: the neglect of feature interactions during initialization and the 
underutilization of historical information across the evolution process.

2.3.  Motivation

The above analysis indicates that most existing multi-objective fea-
ture selection methods initialize populations based on feature-class cor-
relations while ignoring feature interactions, and utilize historical infor-
mation only within a single iteration, failing to reuse effective combina-
tions across generations. Such shortcomings risk compromising both the 
breadth and depth of the search. While highly correlated core features 
effectively simplify the feature space, insufficient utilization of infor-
mation on potential efficient combinations in lowly correlated features 
often leads to a single search direction of the algorithm. Therefore, a 

novel two-stage population initialization strategy guided by feature im-
portance level is proposed. In the first stage, the population is initial-
ized from high-importance core features to ensure the desired quality 
and focus of initial solutions. In the second stage, the remaining initial-
ization is completed through cross-level feature combination to endow 
the population with sufficient search diversity and avoid a single ini-
tial search direction. Furthermore, to better achieve a balance between 
exploration and exploitation during the search process by utilizing his-
torical information, we reuse key information including feature screen-
ing and combination effectiveness from previous iterations to design a 
historical information-assisted update strategy, achieving dynamic bal-
ance between the two by adjusting the processing focus stage by stage 
to match varying iterative requirements.

3.  Proposed approach

The framework of the MOFS-IH method is first introduced in this 
section, and its two key strategies are then elaborated in detail while its 
computational complexity is finally analyzed.

3.1.  Framework of the proposed approach

The general framework of MOFS-IH is presented in Algorithm 1. 
Specifically, the method is divided into two core components: (1) An 
importance-guided population initialization strategy. (2) A historical 
information-assisted population update method. These two components 
are logically linked: the initialization strategy lays a high-quality foun-
dation for subsequent evolution by including potential valuable features 
in the initial population, while the population update method further 
mines and retains valuable information from the initially accumulated 
evolutionary history.

Within the first component, the correlation between features and 
classes is evaluated using IG, then normalized, and sorted in descend-
ing order. After that, the feature space is dynamically partitioned into 
multiple levels by the proposed feature level division method. On this 
basis, the population is initialized using the probability values corre-
sponding to each level and the properties (within the interval [0, 𝜋∕2], 
the rate at which y decreases accelerates as x increases) of the cosine 
function (Lines 1–5), which thereby significantly improves the quality 
of the initial population while ensuring potentially valuable features 
are not overlooked. As for the second part, a set of features that appear 
frequently and perform excellently during iterations is identified via the 
established elite archive and inferior individual archive, and after deter-
mining whether to merge and deduplicate the features contained in the 
current population, the population at the current iteration is updated 
via the proposed population update mechanism (Lines 10–21), which 
leverages valuable historical information while retaining the evolution-
ary states from previous iterations.

This study focuses on four key research issues: (1) How to design 
a novel method to effectively improve the selection probability of po-
tentially valuable features? (2) What kind of strategy can be developed 
to enhance the quality of the initial population without adversely af-
fecting the selection of potentially valuable features? (3) How can we 
mine valuable information for the evolutionary population from histor-
ical iterations? (4) By what approach can we design a strategy to effi-
ciently utilize the mined valuable information while retaining the key 
evolutionary states from previous iterations? The details of how to tackle 
these four research issues are fully illuminated in the following sections.

3.2.  Importance-guided initialization strategy

In feature selection tasks, initialization quality is critical as it di-
rectly determines the direction and effectiveness of the subsequent pro-
cess. An effective initialization strategy can greatly enhance the effi-
ciency of identifying high-quality solutions. To this end, we propose 
an importance-guided population initialization strategy, which balances 
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Algorithm 1 The framework of MOFS-IH.
Input: 𝑁 : Population size; 𝑇max: Maximum number of iterations; 𝑇𝑢𝑝𝑑𝑎𝑡𝑒: 

The timing of population update;
Output: Non-dominated feature subsets; 
1: 𝑊 ← Compute feature weights using IG and normalize them; 
2: 𝑊𝑠 ← Sort 𝑊  based on descending order; 
3: 𝐹𝐿 ← Dynamically divide feature levels using 𝑊𝑠; 
4: 𝑃𝑟𝑜 ← Calculate the probability value of each 𝐹𝐿 using Eq. (6); 
5: 𝑃𝑡 ← Utilize 𝑃𝑟𝑜 and the properties of the cosine function to initialize 
the population with 𝑁 individuals; 

6: for 𝑖 = 1 to 𝑇max do
7: 𝑔𝑒𝑛 ← 𝑖; 
8: 𝑄𝑡 ← Perform the tournament selection, the uniform crossover, 

and the random position mutation on 𝑃𝑡 to produce offspring; 
9: 𝑅𝑡 ← 𝑃𝑡 ∪ 𝑄𝑡; 
10: 𝐸𝑙𝑖𝑡𝑒_𝐴 ← individuals in the first front of 𝑅𝑡; 
11: 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴 ← individuals in the last front of 𝑅𝑡; 
12: 𝑃𝑡 ← Use the elite selection strategy to select parents from 𝑅𝑡; 
13: if 𝑔𝑒𝑛 ∈ 𝑇𝑢𝑝𝑑𝑎𝑡𝑒 then
14: 𝑚𝑒𝑟𝑔𝑒_𝑝𝑟𝑜← Determine whether to save the features in the pop-

ulation at the 𝑔𝑒𝑛 based on probability values computed using 
Eq. (9); 

15: 𝐶ℎ𝑎𝑛𝑔𝑒𝑑_𝐹 ← Obtain features with changed importance by up-
dating feature importance using 𝐸𝑙𝑖𝑡𝑒_𝐴 and 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴; 

16: if 𝑟𝑎𝑛𝑑 < 𝑚𝑒𝑟𝑔𝑒_𝑝𝑟𝑜 then
17: 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑑_𝐹 ← the features in the population at the 𝑔𝑒𝑛; 
18: 𝑅𝑒𝑛𝑒𝑤_𝐹 _𝐴 ← Merge sets 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑒𝑑_𝐹  and 𝐶ℎ𝑎𝑛𝑔𝑒𝑑_𝐹 , then 

remove duplicate features;
19: else
20: 𝑅𝑒𝑛𝑒𝑤_𝐹 _𝐴 ← 𝐶ℎ𝑎𝑛𝑔𝑒𝑑_𝐹 ;
21: end if
22: Update 𝑃𝑡 using the 𝑅𝑒𝑛𝑒𝑤_𝐹 _𝐴;
23: end if
24: end for
25: Obtain the non-dominated feature subsets; 
26: return  Non-dominated feature subsets.

the quality and exploratory diversity of the initial population via a 
synergy mechanism of feature importance stratification and cross-level 
combination, thereby generating a high-quality and diverse initial popu-
lation. Specifically, the strategy involves three steps: acquisition of data 
characteristics, division of feature levels, and two-stage population ini-
tialization. Details of each component are elaborated below.

1) Acquisition of Data Characteristics: At the beginning, IG is employed 
to quantify the correlation between features and classes. The reason is 
that IG doesn’t rely on parameter adjustment and outperforms other 
metrics in determining non-linear relationships between variables (Yin 
et al., 2023). Equation (2) calculates the IG of feature 𝑎 as the difference 
between the entropy of the dataset and the conditional entropy given 
𝑎, and the IG is then normalized to obtain the weight corresponding to 
feature 𝑎. The larger the weight, the more important the feature (Ra-
masamy & Meena Kowshalya, 2022). Notably, different approaches are 
employed to calculate IG for continuous and discrete features, as using 
different computing methods can produce distinct results.

For simplicity and uniformity, we first apply the CAIM (Kurgan & 
Cios, 2004) method to discretize the continuous features of the training 
set when computing IG. Unlike traditional discretization methods that 
require manual presetting of the number of intervals, CAIM requires 
no manual parameter setting. It maximizes global class-attribute inter-
dependence through greedy iteration and automatically determines the 
optimal number of intervals and split boundaries. The original continu-
ous data are retained for subsequent objective function evaluation and 
test set processing.
𝐼𝐺(𝐷, 𝑎) = 𝐻(𝐷) −𝐻(𝐷|𝑎) (2)

Fig. 1. An example is employed to illustrate the intersection.

where 𝐻(𝐷) represents the entropy of the dataset, and 𝐻(𝐷|𝑎) is the 
conditional entropy given 𝑎.

After obtaining the normalized IG weights for all features, the fea-
tures are sorted in descending order according to their weights to gener-
ate a curve reflecting the distribution of feature importance. Such curves 
fall into two categories, distinguished by whether they intersect a prede-
fined reference line L (i.e., the line connecting the start and end points 
of the feature importance curve). Fig. 1 shows the case with intersec-
tions. For details of subsequent strategies, we take the curve with an 
intersection as an example.

2) Division of Feature Levels: Algorithm 2 presents the details of the 
dynamic division of feature levels. First, the point where the curve inter-
sects the start-end connection line 𝐿 is taken as a clear boundary point. 
Abscissa and ordinate interval variations for the two regions (before and 
after this point) are extracted and denoted as 𝑋1, 𝑌1, 𝑋2, and 𝑌2. Sub-
sequently, the ratio R_1 of the number of levels in the two segments 
separated by the boundary point is given by Eq. (3) (Line 1). This is 
because when a slight change in the number of features corresponds to 
a marked change in importance, it indicates that small changes in these 
features may lead to significant differences. Therefore, levels need to be 
divided more finely to avoid overlooking key details.

𝑅1 = (
𝑋1 ⋅ 𝑌2
𝑋2 ⋅ 𝑌1

) (3)

Furthermore, each divided segment can be regarded as a non-
intersecting curve. Subsequently, for each segment, its knee point (Das, 
1999) is identified, which is the point farthest from the line 𝐿. The ra-
tionale is that the point farthest from 𝐿 corresponds to where the curve 
bends most sharply, i.e., the position with the most significant change in 
feature variation. Dividing the curve at this point yields intervals with 
distinct feature variation patterns. Within each interval, features change 
gently with a consistent trend and similar functional properties, while 
significant differences exist between intervals. This effectively addresses 
the issue of insufficient within-layer homogeneity in feature stratifica-
tion. After this identification step, for the regions on both sides of the 
knee point, the ratio is calculated using Eq. (3) to clarify the relation-
ship of levels between the two regions (Line 2). Based on this, taking 
the segment with the smallest ratio as the base (rounded up), the num-
ber of levels for each segment is deduced inversely through the ratio 
relationship (Lines 3–12). Lastly, for each segment, the positional infor-
mation corresponding to each level is obtained by first selecting target 
regions from regions generated by each division based on Eq. (3) (where 
the front region is selected if the result ≥ 1, otherwise the back region) 
(Lines 13–17).

To further clarify the above process, we provide an example. Suppose 
the first knee point divides its segment into 𝐴 and 𝐵 in a ratio 𝑅2 of 3.4 
∶ 2.6; the second knee point divides its segment into parts 𝐶 and 𝐷 in a 
ratio 𝑅3 of 0.6 ∶ 0.2. Meanwhile, 𝑅1=3 ∶ 1. It is first determined that 
the number of levels contained in 𝐷 is 1 (rounded up) because 𝑅1≥1 
and 𝑅3≥1 (with 𝐷 corresponding to the smallest ratio as the base); and 
the number of levels contained in 𝐶 is derived as 3 from 𝑅3. Following 
this, since the total number of levels contained in 𝐶 and 𝐷 is 4 and 
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Algorithm 2 Division of feature levels.
Input: 𝑊𝑆 : Feature importance scores (sorted descending);
Output: 𝐿𝑠: Level start points; 𝐿𝑒: Level end points; 𝑘: Total level 

counts; 𝑃𝑟𝑜: Level probabilities; 
1: 𝑅1 ← Compute level ratio of segments before/after intersection via 
Eq. (3) (based on 𝑊𝑆 ); 

2: 𝑅2, 𝑅3 ← Determine knee points of two segments and compute level 
ratios via Eq. (3) (left→right); 

3: Name the four segments divided by two knee points as 𝐴,𝐵, 𝐶,𝐷
(left→right); 

4: if 𝑅1 ≥ 1 then
5: 𝐶𝐿, 𝐷𝐿 ← Compute level counts for 𝐶,𝐷 via 𝑅3 (order: 𝐷 first if 

𝑅3 ≥ 1, else 𝐶); 
6: 𝑁𝐴𝐵 ← Determine total level counts of 𝐴,𝐵 via 𝑅1; 
7: 𝐴𝐿, 𝐵𝐿 ← Compute level counts for 𝐴,𝐵 via 𝑅2 (priority: 𝐵 first if 

𝑅2 ≥ 1, else 𝐴);
8: else
9: 𝐴𝐿, 𝐵𝐿 ← Compute level counts for 𝐴,𝐵 via 𝑅2; 
10: 𝑁𝐶𝐷 ← Determine total level counts of 𝐶,𝐷 via 𝑅1; 
11: 𝐶𝐿, 𝐷𝐿 ← Compute level counts for 𝐶, 𝐷 via 𝑁𝐶𝐷, 𝑅3 (same pri-

ority logic as 𝑅1 ≥ 1);
12: end if
13: Determine knee points iteratively via Eq. (3) based on 

𝐴𝐿, 𝐵𝐿, 𝐶𝐿, 𝐷𝐿 (select front if ratio ≥ 1, else back) until all 
determined; 

14: 𝐿𝑐 ← [curve start, all knee points, end] (1-indexed); 
15: 𝐿𝑠 ← Extract points from 𝐿𝑐 at odd indices (1st, 3rd, 5th, …) as level 

start points; 
16: 𝐿𝑒 ← Extract points from 𝐿𝑐 at even indices (2nd, 4th, 6th, …) as 

level end points; 
17: 𝑘 ← Sum of 𝐴𝐿, 𝐵𝐿, 𝐶𝐿, 𝐷𝐿 (total level counts); 
18: 𝑃𝑟𝑜 ← Calculate level probabilities via Eq. (6); 
19: Finish dividing feature levels; 
20: return 𝐿𝑠, 𝐿𝑒, 𝑘, 𝑃𝑟𝑜

𝑅1=3 ∶ 1, it can be known that the total number of levels contained in 
𝐴 and 𝐵 is 12. Meanwhile, because 𝑅2=3.4 ∶ 2.6, it can be determined 
that the number of levels contained in 𝐵 is 5 (rounded up), and the 
number of levels contained in 𝐴 is 7 (rounded up). Finally, taking 𝐶
as an example, to determine the positions of the 3 levels, the first knee 
point is identified in the region of 𝐶. Among the two segments divided by 
this knee point, the segment selected by following the same rule based 
on Eq. (3) as above (i.e., selecting the front region if the result ≥ 1, else 
the back region) is further searched for another knee point. At this point, 
the region of 𝐶 has been divided into three levels. The coordinates are 
saved for subsequent initialization.

To convert structural information from feature-level division and 
level-priority differences into quantitative metrics, these differences are 
quantified as probability values 𝑃𝑟𝑜, calculated as in Eq. (6) (Line 18). 
Notably, the quantification of structural information considers changes 
in feature counts and their importance. Specifically, changes in feature 
counts 𝐹 _𝑛 are quantified via Eq. (4) as the ratio of the level’s feature 
count 𝑓 𝑙

𝑛 to the total feature count 𝑓 𝑡
𝑛, and changes in feature importance 

𝐸_𝑐 are characterized via Eq. (5) as the intra-level difference in fea-
ture importance. Moreover, since exponential functions decrease with 
increasing exponents, this difference is defined as the maximum value 
minus the original value. Furthermore, the higher a feature level’s po-
sition, the less important the features it contains. Thus, we incorporate 
the level position 𝑙 as a lag term to capture level priority variations.

𝐹 _𝑛 = 𝑓 𝑙
𝑛∕𝑓

𝑡
𝑛 (4)

𝐸_𝑐 = 1 − (max(𝑓 𝑙
𝑖 ) − min(𝑓 𝑙

𝑖 )) (5)

𝑃𝑟𝑜 = 𝑒𝑥𝑝(−(𝑚𝑖𝑛(𝐹 _𝑛, 𝐸_𝑐) + 0.5 ⋅ 𝑙) ⋅ 𝑙) (6)

where 𝑓𝑛 is the feature count, 𝑓𝑖 is the feature importance, and 𝐿 is the 
number of levels.

3) Two-Stage Population Initialization: Building on the above prepara-
tions, a two-stage initialization strategy is designed. Algorithm 3 details 
this process. The first stage focuses on initializing each subpopulation’s 
corresponding target level based on 𝑃𝑟𝑜 to ensure utilization of impor-
tant features. It is divided into two steps: First, we utilize the cosine 
function’s characteristic in [0, 𝜋∕2], where the rate at which 𝑦 decreases 
accelerates as 𝑥 increases. This characteristic aligns with the idea that 
the number of assigned individuals gradually diminishes as probability 
values decrease. Guided by this characteristic, the entire population is 
first divided into 𝑘 parts (Lines 1–2) (𝑘 is the number of levels). Second, 
each subpopulation’s corresponding target level is initialized based on 
its associated 𝑃𝑟𝑜 (Lines 5–11).

After first-stage target-level initialization, the second stage aims to 
broaden the initial population’s distribution by configuring each indi-
vidual’s remaining levels. This stage consists of two steps. The first step 
adheres to the principle: more individuals should be allocated to low-
probability features and fewer to high-probability ones, and this prin-
ciple is employed to determine an individual’s selection probability for 
each feature. This balances the selection opportunities of different fea-
tures, avoiding resource redundancy or oversight. Under this principle, 
a preset threshold (hyperparameter 𝛽) is used to determine whether to 
initialize the remaining levels for each individual; if required, for each 
feature in the remaining levels, its three selection probabilities (0.25, 
0.5, 0.75 Xu et al., 2020b) are assigned weights with a ratio of 3: 2: 1 
(corresponding to 0.75, 0.5, 0.25, in inverse proportion to the probabil-
ities). Specifically, 0.25, 0.5, and 0.75 are assigned weights of 3, 2, and 
1 respectively (Lines 12–23). This inverse weighting scheme increases 
the selection probability of low-probability features and prevents indi-
vidual invalidity that could arise when all levels adopt a uniformly high 
probability (e.g., 0.75). Following the pigeonhole principle, the differ-
entiated probabilities treat limited level slots as pigeonholes, enabling 
features of different importance to co-occupy these slots. This promotes 
synergistic feature com-
binations, strengthens feature interactions, and facilitates the subse-
quent evolutionary search. Moreover, selected features are gradually 
eliminated for each level. When the feature space of a level becomes 
empty, the space is updated. This ensures all features in each level re-
main selectable, enhancing the efficiency of exploring effective feature 
combinations.

To further clarify the above process, a concrete example is provided. 
Specifically, suppose the feature space is divided into three levels, with 
probabilities of 0.8 (𝑃𝑟𝑜(1)), 0.4 (𝑃𝑟𝑜(2)), and 0.2 (𝑃𝑟𝑜(3)) in ascending 
order of levels (i.e., the higher the level, the lower the probability). First, 
the arccosine function defines the 𝑥-range for 𝑦 from 1 to 𝑃𝑟𝑜(3), which 
is evenly discretized into 𝑁 units (discretization units). The number of 
individuals per subpopulation is then determined by the discretization 
units within the interval between its 𝑃𝑟𝑜-corresponding x-value and the 
previous level’s. For example, assuming the population size 𝑁 is 100, 
each discretization unit has length 𝑢 = (arccos(0.2) − arccos(1))∕𝑁 . The 
first subpopulation contains arccos(0.8)∕𝑢 individuals, with the remain-
ing subpopulations calculated similarly. Second, take individual 𝑎𝑖 in the 
first subpopulation (matching the first level) as an example. For features 
in its associated first level, Pro(1) is used to determine if the features 
are selected. For the remaining levels, there is a 70% (pre-set threshold) 
probability that the level’s features are selected by the individual with 
a 50% chance of 0.25, a 37.5% chance of 0.5, and a 12.5% chance of 0.75; 
otherwise, no features in that level are selected.

3.3.  Historical-assisted update strategy

In the later iterations, the population may get trapped in local op-
tima or the algorithm may suffer from overfitting, essentially due to 
the algorithm’s inability to explore better feature combinations. Briefly, 
enabling the population to explore more feature combinations in later
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Fig. 2. A three-level example illustrating how historical information updates feature importance.

Algorithm 3 Population initialization.
Input: 𝐿𝑠: Level start points; 𝐿𝑒: Level end points; 𝑃𝑟𝑜: Level probability 

values; 𝑘: Total level count; 𝑁 : Population size;
Output: 𝑃 : initialization population; 
1: 𝑠𝑢𝑏𝑝_𝑠𝑖𝑧𝑒 ← Compute sizes of 𝑘 subpopulations via arccos: x-range 

[arccos(𝑃𝑟𝑜(𝑘)), 0] split into 𝑁 equal units, summing to 𝑁 ; 
2: where Each 𝑠𝑢𝑏𝑝_𝑠𝑖𝑧𝑒 element equals discretization units between 
current and previous level x-values; 

3: 𝑐𝑜𝑢𝑛𝑡 ← 1; 
4: for 𝑖 = 1 to 𝑘 do
5: for 𝑗 = 1 to 𝑠𝑢𝑏𝑝_𝑠𝑖𝑧𝑒(𝑖) do
6: 𝑖𝑛𝑑 ← Initialize individual with all solutions as 0; 
7: for 𝑧=𝐿𝑠(𝑖) to 𝐿𝑒(𝑖) do
8: if 𝑟𝑎𝑛𝑑() ≤ 𝑃𝑟𝑜(𝑖) then
9: 𝑖𝑛𝑑.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛(𝑧) ← 1;
10: end if
11: end for
12: for 𝑚 = 1 to 𝑘 do
13: if 𝑚 ≠ 𝑖 then
14: if 𝑟𝑎𝑛𝑑() ≤ 𝛽 then
15: for 𝑞=𝐿𝑠(𝑚) to 𝐿𝑒(𝑚) do
16: 𝑃𝑟𝑜1 ← Select feature probability from 0.25, 0.5, 0.75 

by ratio 3:2:1; 
17: 𝑖𝑛𝑑.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛(𝑞) ← 1 if 𝑟𝑎𝑛𝑑() ≤ 𝑃𝑟𝑜1;
18: end for
19: else
20: 𝑖𝑛𝑑.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛(𝐿𝑠(𝑚) : 𝐿𝑒(𝑚)) ← 0;
21: end if
22: end if
23: end for
24: 𝑃 (count) ← ind; 
25: 𝑐𝑜𝑢𝑛𝑡 ← 𝑐𝑜𝑢𝑛𝑡 + 1;
26: end for
27: end for
28: return 𝑃

iterations helps achieve better solutions. To address this issue, a pop-
ulation update strategy is proposed to leverage historical information 
for identifying important features and exploring more additional op-
timal feature combinations. The strategy is divided into three stages 

across the total number of iterations 𝑇 : the first stage [𝑇 ∕4, 𝑇 ∕2] aims to 
rapidly eliminate redundant and ineffective features; the second stage 
[𝑇 ∕2, 3𝑇 ∕4] focuses on identifying higher-quality candidate features; the 
third stage [3𝑇 ∕4, 𝑇 ] is dedicated to exploring feature combinations 
more compatible with the current population.

The equal division of iterations aligns with the coarse-to-fine pro-
gressive search pattern of feature selection, where the three stages are 
interlocked and equally important. Uniformly allocating the iteration 
budget thus becomes the most natural realization of this process, en-
suring each stage receives sufficient search resources. It balances con-
vergence speed and global exploration while eliminating extra param-
eter tuning, thereby enhancing the generality of the strategy. Fig. 2 il-
lustrates the overall framework of the strategy, and specific details are 
elaborated as follows.

1) Dual-archive feature frequency statistics: The acquisition of effective 
historical information involves two key points. One is to distinguish im-
portant features from unimportant ones based on historical information. 
The other is to identify which features are more likely to combine with 
the effective features contained in the current population to help the 
algorithm escape local optima. For the first key point, the procedure 
is as follows. At the fixed iterations (𝑇 ∕4, 𝑇 ∕2, 3𝑇 ∕4), individuals from 
the top two fronts generated in each iteration are stored in the elite 
archive 𝐸𝑙𝑖𝑡𝑒_𝐴, and individuals from the bottom two fronts are stored 
in the inferior archive 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴. Individuals with completely identical 
feature selection vectors are removed from 𝐸𝑙𝑖𝑡𝑒_𝐴 and 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴 be-
fore each frequency update to prevent inflated feature frequencies that 
distort solution validity, while maintaining a diverse archive so that fea-
ture importance reflects true prevalence. Next, at these fixed iteration 
points, non-dominated sorting is applied to all individuals in 𝐸𝑙𝑖𝑡𝑒_𝐴 and 
𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴. Based on their Pareto ranks, the importance of the features 
in all individuals in these two archives is updated. For each feature, its 
frequency across archives and its front are comprehensively evaluated. 
Intuitively, a feature that appears more frequently in archive 𝐸𝑙𝑖𝑡𝑒_𝐴 and 
is situated at a lower front is deemed more important, thereby justifying 
an increase in its importance score. This evaluation logic applies simi-
larly to other cases. Specifically, increases are calculated using Eq. (7) 
and decreases using Eq. (8).

𝑑𝑒𝑐(𝑎) =
𝑛1
∑

𝑗=1
𝑓 𝑎
𝑖 ⋅ ((𝑑𝑛∕(𝑑𝑛 + 𝑖𝑛)) ⋅ (1∕4)(𝑛1−𝑗)) (7)

𝑖𝑛𝑐(𝑎) =
𝑛2
∑

𝑘=1
(1 − 𝑓 𝑎

𝑖 ) ⋅ ((𝑖𝑛∕(𝑑𝑛 + 𝑖𝑛)) ⋅ (1∕4)(𝑘−1)) (8)
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where 𝑑𝑒𝑐(𝑎) is the part of 𝑎 importance that decreases, 𝑖𝑛𝑐(𝑎) is the 
part of 𝑎 importance that increases, 𝑛1 denotes Pareto rank counts 
in archive 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴, 𝑛2 represents Pareto rank counts in archive 
𝐸𝑙𝑖𝑡𝑒_𝐴, 𝑓 𝑎

𝑖  means the importance of 𝑎, 𝑑𝑛 denotes the frequency of 𝑎
in archive 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟_𝐴, and 𝑖𝑛 represents the frequency of 𝑎 in archive
𝐸𝑙𝑖𝑡𝑒_𝐴.

2) Evaluation and retention of critical features: Features with increased 
importance are stored and split into two groups based on whether their 
importance increment exceeds their decrement. Specifically, features for 
which the increment exceeds the decrement (denoted as 𝑖𝑛𝑐𝑟𝐹 ) are likely 
to have general validity and are directly utilized in subsequent iterative 
points (𝑇 ∕4, 𝑇 ∕2, 3𝑇 ∕4) to retain superior features. In contrast, those for 
which the increment does not exceed the decrement (denoted as 𝑠𝑝𝑒𝑐𝐹 ) 
are only effective in specific feature combinations. Thus, the results of 
such features at each iterative point are stored separately and reserved 
exclusively for the final point 3𝑇 ∕4 to help the algorithm escape local 
optima. For the second key point, whether to combine 𝑖𝑛𝑐𝑟𝐹  with the 
features contained in the population at the corresponding iterative point 
(denoted as 𝑝𝑜𝑝𝐹 ) is determined by the probability 𝑃𝑟𝑜_1 obtained from 
Eq. (9). In theory, the later the iteration, the higher the retention value 
of 𝑝𝑜𝑝𝐹 . In other words, fewer remaining iteration points mean that 
𝑝𝑜𝑝𝐹  warrants greater retention. Thus, 𝑃𝑟𝑜_1 decays exponentially with 
the remaining iteration count rem, using a base of 1∕2. A larger base 
slows decay and risks premature convergence; a smaller one accelerates 
decay and may discard useful features. The value 1∕2 is a classic choice 
in evolutionary algorithms, providing a moderate decay rate.
𝑃𝑟𝑜_1 = (1∕2)𝑟𝑒𝑚 (9)

where 𝑟𝑒𝑚 is the number of remaining iterative points.
3) Population update: The population update method is divided into 

two parts based on the use of historical information. One part is that 
at each iteration point (𝑇 ∕4, 𝑇 ∕2, 3𝑇 ∕4, 𝑇 ), a new population is gener-
ated using the 𝑖𝑛𝑐𝑟𝐹  corresponding to that iteration point. This popula-
tion then replaces the original population to form the new population 
𝑚𝑃𝑜𝑝 for subsequent evolution. This method enriches the population 
with high-quality features, thereby enabling the population to meet the 
specific objectives of each iteration point. Notably, while this stage-wise 
population update effectively targets current objectives, it discards pre-
vious iteration results. To fully leverage the advantages of this stage-
wise update, we optimize the individual retention strategy by retaining 
the top two fronts of individuals from each iteration and the complete 
population at each iteration point, and the retained data is ultimately 
used for test set validation.

The other part is that at the 3𝑇 ∕4th iteration point, 𝑛𝑠 individuals 
are randomly selected from 𝑚𝑃𝑜𝑝, where 𝑛𝑠 is determined by Eq. (10). 
The value of 𝑛𝑠 depends on the relationship between remaining iter-
ations and population size. Subsequently, three selection probabilities 
(0.25, 0.5, 0.75) at a ratio of 1 ∶ 2 ∶ 3 are assigned to each feature in 𝑠𝑝𝑒𝑐𝐹
for these 𝑛𝑠 individuals. This is because retaining the 𝑠𝑝𝑒𝑐𝐹  features in 
the current population as much as possible facilitates more thorough 
exploration of more population-compatible feature subsets. Note that, 
to ensure the feature combinations between 𝑠𝑝𝑒𝑐𝐹  and the current pop-
ulation are fully explored, these 𝑛𝑠 individuals must be retained in the 
population without elimination in subsequent iterations. Alternatively, 
not updating their objective function values ac-
hieves the same effect.
𝑛𝑠 = ((𝑇 − 𝑔𝑒𝑛)∕𝑇 ) ⋅𝑁 (10)

where 𝑔𝑒𝑛 is the current number of iterations.

3.4.  Computational complexity

In terms of computational complexity, the primary consumption of 
MOFS-IH arises from the nondominated sorting procedure. First, com-
puting the IG between each feature and the class has a complexity of 
𝑂(𝑛) in feature-level division, where 𝑛 denotes the dimensionality of the 

feature space. Second, the dataset is dynamically divided into multiple 
levels based on its structure. For this step, computing the first inflection 
point requires the distance from the normalized IG of the entire feature 
space to L (i.e., the line connecting the first and last points of the normal-
ized IG distribution), while computing the remaining inflection points 
requires the distance from the normalized IG of each feature subset to 
L. Hence, the total complexity of this step is 𝑂(2 ⋅ 𝑛). Third, maintaining 
and updating the dual archives for storing historical feature informa-
tion costs 𝑂(𝑁) (𝑁 being the population size). The feature space up-
date guided by historical information has a complexity of 𝑂(4 ⋅ 𝑛), and 
that of the nondominated sorting operation is 𝑂(2 ⋅𝑁2). Thus, the to-
tal complexity of MOFS-IH is 𝑂(6 ⋅ 𝑛 +𝑁 + 2 ⋅𝑁2) = 𝑂(2 ⋅𝑁2 + 𝑛). This 
indicates that when 𝑛 > 𝑁2, the computational complexity of the algo-
rithm is bounded by the dimensionality of the feature space, whereas 
when 𝑁2 > 𝑛, its complexity is comparable to that of existing NSGA-II-
based multi-objective algorithms.

4.  Experiment design

A set of experiments was performed to confirm the effectiveness of 
MOFS-IH by comparing it with baseline algorithms. This section pro-
vides an overview of the investigated datasets, compared algorithms, 
parameter settings, and sensitivity analysis of key parameters.

4.1.  Datasets

To assess the performance of the proposed feature selection al-
gorithm, 15 real-world datasets are used for experimental analysis. 
These datasets are open-source and can be downloaded from two pub-
lic repositories: https://archive.ics.uci.edu/ml/datasets.php and http:
//featureselection.asu.edu. Table 1 presents their basic information. The 
datasets cover both low and high dimensions, with the number of fea-
tures ranging from 1024 to 12, 533, and involve both binary and multi-
class classification tasks. Moreover, most datasets have small sample 
sizes and high-dimensional feature spaces, which greatly increase the 
difficulty of classification. Thus, the datasets used in our experiments 
are sufficient to verify the generality and efficacy of each competing 
method.

4.2.  Comparative methods and parameter settings

To assess the proposed approach, six state-of-the-art comparative al-
gorithms are selected to compare with MOFS-IH. The details are as fol-
lows:

1) MOEA/D-based feature selection combining dominance and decom-
position search forms (DDFS) (Liang et al., 2024).

2) MOEA/D-based for multi-objective feature selection with single-
objective tasks (MFMOEA) (Liang et al., 2023).

3) A variable granularity search-based improved algorithm for feature 
selection (VGS-MOEA) (Cheng et al., 2022).

4) An information gain- and clustering-based feature selection algo-
rithm (IGEA) (Zhang et al., 2024).

5) A hybrid algorithm integrating spectral clustering-based filtering and 
group evolution (FG-HFS) (Xu et al., 2024).

6) MOEA/D-based with optimization and knowledge transfer for unbal-
anced classification (MFUBFS) (Liang et al., 2025).

Table 2 presents the parameter settings for the six comparative meth-
ods and the proposed approach MOFS-IH. Notably, the parameter set-
tings of the comparative algorithms follow those in their original papers. 
To ensure fairness, the common parameters need to be kept consistent. 
First, the maximum number of iterations (𝑇 ) and population size (𝑁) 
are both set to 100. Second, to ensure stable and statistically significant 
results, all algorithms are run independently 30 times on each dataset, 
and the final results are averaged. Third, each dataset is stratified by 
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Table 1 
Basic information Of 15 datasets.
 N0.  Datasets  #Features  #Classes  #Instances  #Instance/Feature
 1  Yale  1024  15  165  0.16
 2  toxicity  1203  2  171  0.14
 3  SRBCT  2308  4  83  0.04
 4  GLIOMA  4434  4  50  0.01
 5  Breast3  4869  3  95  0.02
 6  Leukemia1  5327  3  72  0.01
 7  DLBCL  5469  2  77  0.01
 8  Brain1  5920  5  90  0.02
 9  Prostate_GE  5966  2  102  0.02
 10  Prostate6033  6033  2  102  0.02
 11  ALLAML  7129  2  72  0.01
 12  Adenocarcinoma  9672  2  76  0.01
 13  Prostate_Tumor  10,509  2  102  0.01
 14  CLL_SUB_111  11,340  3  111  0.01
 15  11_Tumors  12,533  11  174  0.01

Table 2 
Parameter setting.
 Algorithms Parameter values
 DDFS (Liang et al., 2024) The number of nearest neighbors 𝐾 = 5.
 MFMOEA (Liang et al., 2023) The neighborhood size 𝑎 = 0.1 ∗ 𝑁 , the neighborhood selection probability 𝐶𝑅 = 0.8, the angle value 𝐴𝑛𝑔𝑙𝑒 = 5, the mutation 

probability 𝑝𝑚 = 1∕𝑘1 (𝑘1 is the number of selected features).
 VGS-MOEA (Cheng et al., 2022) 𝑝𝑐 = 0.9, 𝑝𝑚 = 1∕𝑛, 𝛼 = 10, the number of groups is 𝑘1 = 𝑚𝑖𝑛{10 ⋅ log2(𝑛), 𝑛}.
 IGEA (Zhang et al., 2024) 𝐾 = 5.
 FG-HFS (Xu et al., 2024) The parameter is adaptively adjusted.
 MFUBFS (Liang et al., 2025) The parameters are the same as those of MFMOEA.
 MOFS-IH 𝛽 = 0.7, 𝑝𝑐 = 0.9, the number of bits in random position mutation 𝑢2 = 10.

Fig. 3. Determining the 𝛽 using datasets of varying dimensions.

class labels and split into a training set (80%) and a test set (20%) to val-
idate classification performance. Additionally, ten-fold cross-validation 
is only performed within the training set, with the mean result across 
the ten folds taken as the objective function value of each individual, 
to obtain the optimal feature subset and avoid training deviation. The 
screened feature subset is then utilized on the independent test set for 
final performance evaluation. Finally, to achieve a trade-off between ac-
curacy and efficiency, the 𝐾-value of the KNN classifier is set to 5 (Xu 
et al., 2020a), because its lazy learning nature requires no model train-
ing and incurs minimal evaluation time, which effectively reduces the 
computational overhead of repeated fitness assessments during evolu-
tionary search.

In this study, we evaluate seven multi-objective algorithms using hy-
pervolume (HV) (While et al., 2006) and inverse generation distance 
(IGD) (Zitzler et al., 2003) as performance metrics. For the calculation 
of HV, the reference point is set to (1, 1) (Bosman & Thierens, 2003). For 
the calculation of IGD, the true Pareto front for high-dimensional fea-
ture selection is nearly unobtainable. Following the method described 
in Jiao et al. (2022b), the Pareto fronts from 30 runs of each algo-
rithm are merged into a combined population. The non-dominated can-
didate solutions from this combined population are treated as the true 
Pareto front. In general, higher 𝐻𝑉  values indicate better algorithm 
performance, whereas smaller IGD values represent superior algorithm
performance.

4.3.  Sensitivity analysis of parameters

In the initialization phase, a threshold 𝛽 is introduced to help the al-
gorithm achieve a more widely distributed population, and its value can 
significantly affect the algorithm’s performance. To this end, we deter-
mined the optimal 𝛽 value through experiments on different datasets. 
Specifically, we first ran the MOFS-IH algorithm 30 times for each 𝛽
value to obtain the average HV for each dataset, and then identified 
the optimal HV value among these averages. Finally, we calculated the 
residuals by subtracting the HV values corresponding to different 𝛽 val-
ues from the optimal HV value of each dataset, and then selected the 
𝛽 value with consistently small residuals across all datasets as the final 
parameter setting. Fig. 3 shows residuals for different 𝛽 values across 
datasets of varying dimensions, where the optimal 𝛽 value is marked 
with a box. To illustrate the residual differences more clearly, we mag-
nified the residuals 100-fold.

5.  Results and analysis

In this portion, the presented MOFS-IH is compared to the six state-
of-the-art algorithms introduced in the previous section in terms of HV 
and IGD. These metrics are widely adopted to evaluate multi-objective 
optimization algorithms. To verify significant performance differences 
between algorithms, the Wilcoxon test at a significance level of 0.05 is 
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Fig. 4. Distributions of nondominated solutions obtained by each algorithm on test sets in terms of median HV value.

employed to examine the differences between MOFS-IH and the other 
evaluated algorithms, while the Friedman test is used to offer a com-
prehensive ranking. In the results, “+”, “=”, “-” are used to represent 
whether the proposed algorithm is significantly superior to, similar to, or 
significantly inferior to the comparison algorithms, with a higher num-
ber of “+” symbols indicating greater superiority. Moreover, boldface 
in the tables is used to indicate optimal results.

5.1.  Nondominated front distribution analysis

To highlight MOFS-IH’s strengths in convergence and diversity, nine 
representative low- and high-dimensional datasets were selected. The 
resultant Pareto fronts, corresponding to the median HV metrics of all 
algorithms across 30 independent runs, are illustrated in Fig. 4. This re-
sult demonstrates the superior balance MOFS-IH achieves between both 
objectives.

As clearly presented in the figure, the proposed MOFS-IH algo-
rithm outperforms other comparative algorithms by achieving a supe-
rior Pareto front. Even on high-dimensional datasets such as 11_Tumors 
(with 11 classes and a sample-to-feature ratio of just 0.01), MOFS-IH still 
achieves the highest classification performance while using the fewest 
features. This is because the population update strategy can utilize his-
torical information generated during iterations to strengthen the algo-
rithm’s performance advantages in the late iterative stages and acceler-
ate convergence. Furthermore, the Pareto front identified by MOFS-IH is 
the most comprehensive compared with those of other comparative al-
gorithms, especially on low-sample datasets such as Breast3 and DLBCL 
(with fewer than 100 samples). This is attributed to the supplementary 
selection of low-level features for individuals during the initialization 
phase, which effectively enhances the overall diversity of the popula-
tion and thereby enables the algorithm to obtain a more comprehensive 
Pareto front even on low-sample datasets. Overall, MOFS-IH surpasses 
the other comparative algorithms by filtering out numerous redundant 
features and selecting only a small number of key features to achieve 
high classification accuracy.

5.2.  MOFS-IH vs other comparative algorithms

HV and IGD are metrics for evaluating multi-objective feature se-
lection methods. In this experiment, higher HV and lower IGD values 
indicate that an algorithm has an advantage in addressing such feature 
selection problems.

Table 3 presents the mean, standard deviation, Wilcoxon and Fried-
man rank-sum test results for HV, obtained from MOFS-IH and the 6
other algorithms after 30 independent runs on 15 classification datasets. 
As observed from the table, MOFS-IH significantly surpasses the other 
6 algorithms in mean HV. For instance, MOFS-IH achieves a mean HV 
of 0.86 on the CLL_SUB_111 dataset. In contrast, DDFS (the worst per-
former) only achieves a mean HV of 0.68, which means an 18% im-
provement of MOFS-IH over DDFS. Even the top-performing algorithm, 
MFUBFS, reaches a mean HV of only 0.81 with a 5% improvement of 
MOFS-IH over it. In addition, MOFS-IH wins 85, draws 5, and loses 0
out of 90 comparisons in the significance tests. Furthermore, MOFS-IH 
achieves the first rank in the Friedman rank-sum test. These outcomes 
verify that our population update strategy can fully utilize the valuable 
information obtained at different iteration points, thereby fulfilling the 
objectives of each iteration point. Specifically, within the population up-
date strategy, the first iteration point aims to quickly eliminate redun-
dant and ineffective features. The second focuses on selecting higher-
quality features, and the third is dedicated to screening features that 
are more compatible with the current population. These processes com-
plement each other, fostering elite feature combinations in promising 
regions, and thus enabling the exploration of high-quality feature sub-
sets.

Table 4 compares the average IGD of MOFS-IH and the other 6 al-
gorithms after 30 independent runs. Smaller IGD values indicate that 
the Pareto front is closer to the true Pareto front. The Friedman rank-
sum test further demonstrates that MOFS-IH exhibits significantly bet-
ter performance. Specifically, MOFS-IH achieves the optimal mean IGD 
across all datasets when compared with DDFS, MFMOEA, VGS-MOEA, 
and FG-HFS. In terms of significance tests, MOFS-IH also wins 80, draws 
8, and loses 2 across 90 comparisons. Although the mean IGD of MOFS-
IH is slightly higher (i.e., worse) than that of IGEA or MFUBFS on two 
datasets (toxicity and 11_Tumors), this is mainly because both the ini-
tialization and population update strategies of MOFS-IH focus on en-
hancing feature interactions and exploration breadth. It tends to retain 
slightly more features on datasets with complex feature relationships 
to maintain combination diversity, which leads to a marginally larger 
number of selected features. Nevertheless, this does not compromise the 
overall effectiveness, and the significance tests indicate that these dif-
ferences are not statistically significant. Overall, among the seven al-
gorithms, the proposed MOFS-IH consistently achieves the most com-
petitive performance in terms of the Pareto front’s convergence and di-
versity. This superiority is attributed to the fact that, after automatic 
level division, the method not only increases the selection probability 
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Table 5 
Mean time consumed by 7 algorithms on 15 datasets (Unit: s).
 DataSet  DDFS  MFMOEA  VGS-MOEA  IGEA  FG-HFS  MFUBFS  MOFS-IH
 Yale  97.09  824.37  29.24  2913.49  41.06  53.78  46.22
 toxicity  82.78  706.77  75.58  437.85  95.95  50.82  84.82
 SRBCT  55.25  198.83  63.21  400.55  75.21  67.61  81.09
 GLIOMA  58.15  113.88  64.58  423.01  122.49  54.46  88.79
 Breast3  105.11  382.39  206.47  370.21  194.12  115.94  140.44
 Leukemia1  102.29  284.35  102.59  397.49  194.41  114.03  124.95
 DLBCL  106.49  291.40  103.56  640.32  217.76  110.31  133.70
 Brain1  138.42  477.97  124.27  336.17  290.69  316.67  161.67
 Prostate_GE  158.76  422.22  174.14  340.43  169.28  175.32  193.54
 Prostate6033  167.63  1437.45  143.49  1231.73  222.33  129.05  167.03
 ALLAML  138.91  430.25  186.03  370.82  334.43  122.35  162.70
 Adenocarcinoma  191.12  732.03  178.17  380.83  515.24  206.72  224.37
 Prostate_Tumor  324.89  1325.62  305.28  400.62  829.73  230.15  335.17
 CLL_SUB_111  239.57  1056.83  655.31  369.17  877.72  311.47  294.15
 11_Tumors  665.81  3861.20  594.31  375.64  1789.39  1242.06  526.11
 Friedman’s rank  1  7  2  6  5  3  4

of high-quality top-level features during initialization but also considers 
cross-level feature combinations, even those with very low correspond-
ing cross-level probabilities, thereby ensuring both the convergence and 
diversity of the population.

5.3.  Computation time

Training time is a critical metric for evaluating algorithm efficiency. 
Therefore, to assess the time performance of the proposed elimination 
method, we compared the average computation time of all algorithms 
across 15 datasets.

It can be seen from Table 5 that MOFS-IH lacks an advantage in 
training time, especially compared to VGS-MOEA. This is because VGS-
MOEA initializes via grouping, where a single element of an individual 
solution may correspond to multiple features. This property gives the 
method an inherent advantage in terms of runtime, especially as the di-
mension of the feature space increases. However, this approach causes 
the algorithm to overlook combinations of effective features, preventing 
it from escaping local optima. As can also be seen from Tables 3 and 4, 
the results of VGS-MOEA are significantly inferior to the results achieved 
by MOFS-IH. Notably, the algorithms corresponding to the first and 
third positions in terms of runtime are decomposition-based algorithms 
(DDFS and MFUBFS). The main reason is that MFMOEA and MFUBFS 
do not compute the dominance relationship in their environmental se-
lection mechanisms. In contrast, MOFS-IH needs to calculate the dom-
inance relationship between multiple objective values in its elitist se-
lection strategy. As analyzed in the computational complexity section, 
the complexity of dominance relationship calculation grows quadrati-
cally with population size, which results in longer computation time for 
MOFS-IH on low-dimensional datasets. Moreover, as the dimension of 
the feature space increases, this further limits the efficiency of feature 
level division. However, dominance relationship-based algorithms can 
better balance multiple conflicting objectives. Therefore, MOFS-IH still 
chooses NSGA-II as its base algorithm, trading minimal computational 
time for enhanced performance.

While MOFS-IH lags behind grouping- or decomposition-based algo-
rithms in runtime, it typically finds high-accuracy, low-feature subsets 
relatively quickly compared to other methods. Taking IGEA (a dom-
inance relationship-based algorithm) as an example, MOFS-IH has a 
lower runtime than IGEA on most datasets. This is because we have 
significantly reduced the probability of invalid and redundant features 
being selected through feature level division. This also indicates that our 
method still has some advantages in terms of runtime.

5.4.  Major component contribution analysis

This section analyzes the contributions of MOFS-IH’s two compo-
nents. First, to verify the uniformity of distribution and convergence 

of the initialization strategy, we compared the initial population of 
the variant MOFS-IHu- (without the update strategy) with that gener-
ated by probability-based (NSGA-IIp) and importance-based initializa-
tion (NSGA-IIi) methods. Since verifying the quality of initial popula-
tions requires focusing not only on their uniformity of distribution and 
convergence but also on their support for subsequent evolution, we com-
pared, under the same experimental conditions, not only the distribu-
tive characteristics and convergence performance of initial populations 
from a single run of each method in the objective space but also the 
mean and standard deviation of HV values from 30 independent runs 
of the three methods on 15 datasets. These analyses were performed 
to comprehensively verify the effectiveness of MOFS-IHu-. Second, we 
compared MOFS-IHu- with the full MOFS-IH to verify the effectiveness of 
the historical information-assisted population update strategy. Further-
more, to verify the optimal selection of the iteration point (i.e., applying 
the specF library at 3∕4 of the total iterations yields the best perfor-
mance) for the 𝑠𝑝𝑒𝑐𝐹  library within this strategy, we compared its ef-
fects when applied at different iteration points. To ensure the sufficiency 
of the experiments, all algorithm variants were run for 30 indepen-
dent runs on 15 datasets. Subsequently, the corresponding performance 
metrics were computed. The details are elaborated in the following
sections.

1) Verification of importance-guided population initialization strategy:
Filter-derived feature importance (or its derived values)-based initializa-
tion is a conventional practice in the field of feature selection. To verify 
whether the proposed importance-guided population initialization strat-
egy can generate an initial population with uniform distribution and 
convergence toward the Pareto front, we compared its generated initial 
population with those generated by NSGA-IIp and NSGA-IIi initializa-
tion methods. We selected these methods for two reasons. On the one 
hand, they represent the typical logics of "importance-guided heuris-
tic guidance". On the other hand, by comparing them with these mature 
yet improvable traditional methods, such comparisons can more directly 
illustrate the improvement in population quality (in terms of distribu-
tion uniformity and convergence) achieved by the proposed strategy. 
Notably, we choose probability-based and importance-based initializa-
tion methods as representatives of initialization methods based on filter-
derived feature importance (or its derivatives) because they are consis-
tent with the probability mechanism in our proposed method. Fig. 5 
illustrates the differences in convergence of the initial populations gen-
erated by the three methods. As can be clearly evident from the figure, 
the Pareto-optimal solution set of the initial population generated by 
MOFS-IHu- is more concentrated in the lower-left corner area, showing 
that this method overall achieves better convergence performance than 
the other two initialization methods.

To clearly characterize the overall population distribution at the ini-
tialization stage, the Mean Nearest Neighbor Distance (MNN) metric 
is employed for quantitative analysis of initial population distributions 
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Fig. 5. An example illustrating differences in initial populations: MOFS-IHu- vs. other initialization methods.

Table 6 
Mean MNN results of MOFS-IH𝑢− and others’ initializations.
 Dataset NSGA-IIp NSGA-IIi MOFS-IHu-

 Yale  4.55E-03±6.31E-04(+)  7.69E-03±9.85E-04(+)  3.13E-02±3.03E-03
 toxicity  7.17E-03±7.64E-04(+)  1.05E-02±1.21E-03(+)  3.26E-02±2.73E-03
 SRBCT  5.51E-04±1.08E-04(+)  3.05E-03±3.65E-04(+)  2.80E-02±2.36E-03
 GLIOMA  3.39E-03±8.30E-04(+)  5.13E-03±8.72E-04(+)  3.00E-02±4.06E-03
 Breast3  4.71E-03±6.64E-04(+)  6.38E-03±8.42E-04(+)  2.80E-02±2.26E-03
 Leukemia1  1.10E-03±3.26E-04(+)  2.85E-03±4.72E-04(+)  3.13E-02±4.50E-03
 DLBCL  1.68E-03±5.57E-04(+)  3.34E-03±7.11E-04(+)  3.03E-02±3.64E-03
 Brain1  2.01E-03±4.30E-04(+)  4.71E-03±8.38E-04(+)  3.03E-02±3.14E-03
 Prostate_GE  1.69E-03±2.98E-04(+)  2.87E-03±4.85E-04(+)  2.55E-02±2.95E-03
 Prostate6033  1.18E-03±2.78E-04(+)  3.05E-03±6.80E-04(+)  2.60E-02±4.07E-03
 ALLAML  1.96E-04±1.70E-04(+)  2.59E-03±5.50E-04(+)  2.70E-02±2.93E-03
 Adenocarcinoma  8.28E-04±7.02E-04(+)  7.35E-04±6.84E-04(+)  7.94E-03±2.17E-03
 Prostate_Tumor  1.53E-03±3.20E-04(+)  3.05E-03±4.31E-04(+)  2.96E-02±3.17E-03
 CLL_SUB_111  4.23E-03±7.05E-04(+)  6.34E-03±8.31E-04(+)  3.39E-02±2.42E-03
 11_Tumors  1.83E-03±2.28E-04(+)  3.48E-03±4.40E-04(+)  2.84E-02±2.58E-03
 +/=/-  15/0/0  15/0/0  –
 Friedman’s rank  3  2  1

Table 7 
Mean HV results of MOFS-IH𝑢− and others’ initializations.
 Dataset NSGA-IIp NSGA-IIi MOFS-IHu-

 Yale  6.89E-01±4.47E-02(+)  6.25E-01±3.33E-02(+)  7.44E-01±3.51E-02
 toxicity  6.86E-01±2.73E-02(+)  5.86E-01±3.80E-02(+)  7.13E-01±5.40E-02
 SRBCT  9.73E-01±2.10E-02(=)  9.33E-01±4.40E-02(+)  9.60E-01±3.89E-02
 GLIOMA  8.77E-01±5.76E-02(+)  6.86E-01±8.77E-03(+)  9.03E-01±6.72E-02
 Breast3  6.46E-01±5.05E-02(+)  5.99E-01±4.60E-02(+)  7.06E-01±6.53E-02
 Leukemia1  8.65E-01±3.85E-02(+)  8.65E-01±4.32E-02(+)  9.42E-01±4.19E-02
 DLBCL  9.06E-01±1.90E-02(+)  9.04E-01±3.11E-02(+)  9.58E-01±5.02E-02
 Brain1  7.80E-01±2.54E-02(+)  6.44E-01±2.02E-02(+)  8.52E-01±3.99E-02
 Prostate_GE  8.70E-01±2.37E-02(+)  8.65E-01±4.69E-02(+)  9.48E-01±2.78E-02
 Prostate6033  8.99E-01±2.51E-02(+)  9.21E-01±1.06E-02(+)  9.54E-01±2.34E-02
 ALLAML  9.18E-01±1.26E-03(+)  9.28E-01±3.72E-02(+)  9.87E-01±2.71E-02
 Adenocarcinoma  7.92E-01±1.90E-02(+)  7.53E-01±1.02E-02(+)  8.21E-01±6.30E-02
 Prostate_Tumor  8.29E-01±1.22E-02(+)  8.05E-01±3.53E-02(+)  8.78E-01±7.04E-02
 CLL_SUB_111  4.56E-01±2.56E-02(+)  4.23E-01±4.26E-02(+)  7.41E-01±9.43E-02
 11_Tumors  7.40E-01±2.42E-02(+)  6.04E-01±1.99E-02(+)  7.83E-01±3.84E-02
 +/=/-  14/1/0  15/0/0  –
 Friedman’s rank  2  3  1

generated by three initialization methods across 30 independent runs. 
This metric refers to the arithmetic mean of distances from each individ-
ual in the population to its nearest neighbor in the objective space, with 
both the horizontal and vertical coordinates in the objective space nor-
malized prior to distance calculation. It is evident from Eq. (11) that the 
larger the MNN value, the more scattered the population in the objective 
space. This metric intuitively reflects the global population distribution, 
with its core idea derived from the distance-based distribution evalua-

tion framework and consistent with the density estimation principle in 
classical multi-objective algorithms (Chen et al., 2023). Statistics based 
on nearest neighbor distances are also effectively applied to diversity 
preservation mechanisms in algorithms (Li et al., 2015), acting as a val-
idated and widely recognized distribution analysis tool.

MNN = 1
𝑁

𝑁
∑

𝑖=1

𝑁
min

𝑗=1𝑗≠𝑖
‖

‖

‖

𝑭 (𝒙𝑖) − 𝑭 (𝒙𝑗 )
‖

‖

‖2
(11)

Expert Systems With Applications 332 (2027) 133647 

12 



K. Yu et al.

Table 8 
Mean HV results of ablation experiments across 15 datasets.
 Dataset  NSGA-II MOFS-IHu-  MOFS-IH
 Yale  6.66E-01±3.76E-02(+)  7.44E-01±3.51E-02(+)  8.20E-01±3.11E-02
 toxicity  5.29E-01±3.46E-02(+)  7.13E-01±5.40E-02(+)  7.80E-01±2.44E-02
 SRBCT  8.18E-01±1.81E-02(+)  9.60E-01±3.89E-02(+)  9.99E-01±3.39E-04
 GLIOMA  6.43E-01±1.31E-02(+)  9.03E-01±6.72E-02(+)  9.91E-01±2.33E-02
 Breast3  4.56E-01±3.26E-02(+)  7.06E-01±6.53E-02(+)  8.13E-01±4.17E-02
 Leukemia1  6.53E-01±3.88E-02(+)  9.42E-01±4.19E-02(+)  9.97E-01±1.21E-02
 DLBCL  6.38E-01±3.58E-02(+)  9.58E-01±5.02E-02(+)  1.00E+00±9.06E-05
 Brain1  5.22E-01±1.33E-02(+)  8.52E-01±3.99E-02(+)  8.95E-01±2.45E-02
 Prostate_GE  5.12E-01±2.14E-02(+)  9.48E-01±2.78E-02(=)  9.70E-01±2.46E-02
 Prostate6033  5.18E-01±2.81E-02(+)  9.54E-01±2.34E-02(+)  9.84E-01±2.28E-02
 ALLAML  5.93E-01±2.43E-02(+)  9.87E-01±2.71E-02(=)  1.00E+00±1.51E-05
 Adenocarcinoma  5.48E-01±1.00E-02(+)  8.21E-01±6.30E-02(+)  9.16E-01±3.41E-02
 Prostate_Tumor  5.25E-01±1.99E-02(+)  8.78E-01±7.04E-02(+)  9.47E-01±2.29E-02
 CLL_SUB_111  3.06E-01±3.49E-02(+)  7.41E-01±9.43E-02(+)  8.61E-01±4.85E-02
 11_Tumors  4.91E-01±1.60E-02(+)  7.83E-01±3.84E-02(+)  8.30E-01±2.02E-02
 +/=/-  15/0/0  13/2/0  –
 Friedman’s rank  3  2  1

Table 9 
Mean IGD results of ablation experiments across 15 datasets.
 Dataset  NSGA-II MOFS-IHu-  MOFS-IH
 Yale  1.13E-01±2.30E-02(+)  6.89E-02±1.94E-02(+)  3.70E-02±1.17E-02
 toxicity  1.22E-01±2.73E-02(+)  1.15E-01±5.40E-02(+)  5.57E-02±2.12E-02
 SRBCT  6.27E-02±1.65E-02(+)  2.27E-02±2.00E-02(+)  1.63E-02±1.38E-02
 GLIOMA  7.30E-02±5.03E-02(+)  6.40E-02±5.27E-02(+)  1.08E-02±1.52E-02
 Breast3  1.67E-01±4.99E-02(+)  1.20E-01±6.29E-02(+)  3.96E-02±2.19E-02
 Leukemia1  8.74E-02±3.44E-02(+)  3.46E-02±3.09E-02(+)  6.84E-03±1.16E-02
 DLBCL  6.51E-02±8.77E-03(+)  4.39E-02±2.54E-02(+)  2.33E-02±1.81E-02
 Brain1  9.03E-02±8.02E-03(+)  4.78E-02±1.97E-02(+)  3.60E-02±1.80E-02
 Prostate_GE  8.52E-02±1.16E-02(+)  4.64E-02±2.04E-02(+)  3.55E-02±1.75E-02
 Prostate6033  6.66E-02±2.28E-02(+)  2.47E-02±1.92E-02(+)  9.21E-03±1.14E-02
 ALLAML  6.85E-02±3.08E-04(+)  1.35E-02±2.70E-02(+)  2.34E-04±1.49E-04
 Adenocarcinoma  7.53E-02±1.75E-02(+)  7.02E-02±4.39E-02(+)  1.40E-02±1.37E-02
 Prostate_Tumor  1.02E-01±1.10E-02(+)  8.52E-02±5.46E-02(+)  2.28E-02±1.25E-02
 CLL_SUB_111  3.09E-01±2.57E-02(+)  9.64E-02±6.43E-02(+)  3.80E-02±1.65E-02
 11_Tumors  7.83E-02±9.32E-03(+)  4.93E-02±1.33E-02(+)  2.65E-02±1.10E-02
 +/=/-  15/0/0  15/0/0  –
 Friedman’s rank  3  2  1

Table 10 
Mean HV values of 𝑠𝑝𝑒𝑐𝐹  at different iteration points.
 Dataset MOFS-IH0.25T MOFS-IH0.5T MOFS-IH

 Yale  7.72E-01±2.95E-02(+)  7.87E-01±3.06E-02(+)  8.20E-01±3.11E-02
 toxicity  7.34E-01±3.34E-02(+)  7.62E-01±3.48E-02(+)  7.80E-01±2.44E-02
 SRBCT  9.80E-01±2.93E-02(+)  9.87E-01±2.22E-02(+)  9.99E-01±3.39E-04
 GLIOMA  9.13E-01±5.74E-02(+)  9.58E-01±4.56E-02(+)  9.91E-01±2.33E-02
 Breast3  7.46E-01±3.95E-02(+)  7.75E-01±3.89E-02(+)  8.13E-01±4.17E-02
 Leukemia1  9.49E-01±4.67E-02(+)  9.74E-01±3.68E-02(+)  9.97E-01±1.21E-02
 DLBCL  9.92E-01±1.89E-02(+)  9.99E-01±5.91E-04(+)  1.00E+00±9.06E-05
 Brain1  8.37E-01±2.83E-02(+)  8.72E-01±2.91E-02(=)  8.95E-01±2.45E-02
 Prostate_GE  9.45E-01±2.29E-02(+)  9.58E-01±2.09E-02(+)  9.70E-01±2.46E-02
 Prostate6033  9.58E-01±2.82E-02(+)  9.74E-01±2.41E-02(+)  9.84E-01±2.28E-02
 ALLAML  9.80E-01±4.38E-02(+)  9.89E-01±2.52E-02(+)  1.00E+00±1.51E-05
 Adenocarcinoma  8.68E-01±5.02E-02(+)  8.72E-01±4.17E-02(+)  9.16E-01±3.41E-02
 Prostate_Tumor  8.85E-01±3.63E-02(+)  9.33E-01±3.44E-02(=)  9.47E-01±2.29E-02
 CLL_SUB_111  7.94E-01±4.73E-02(+)  8.54E-01±4.22E-02(=)  8.61E-01±4.85E-02
 11_Tumors  7.61E-01±2.77E-02(+)  8.23E-01±2.20E-02(=)  8.30E-01±2.02E-02
 +/=/-  15/0/0  11/4/0  –
 Friedman’s rank  3  2  1

where 𝑁 denotes the population size, 𝑭 (𝒙𝑖) denotes the mapping value 
of the 𝑖th individual 𝒙𝑖 in the objective space.

As seen from Table 6, the distribution of MOFS-IHu- in the objec-
tive space is significantly superior to that of the other two initialization 
methods. The above results indicate that MOFS-IHu- ensures comprehen-
sive coverage of the solution space during the construction of the initial 
population and directs more individuals to converge toward the target 
optimization region (i.e., the dominant region denoted by the lower-left 

corner), thereby laying a better foundation for subsequent algorithm it-
erations.

Table 7 summarizes the performance of three distinct initializa-
tion methods across 15 datasets. The data in the table clearly shows 
that MOFS-IHu- exhibits outstanding comprehensive performance: on 
14 datasets, its performance is significantly superior to that of the 
other two comparative methods. Only on the SRBCT dataset, its per-
formance is slightly inferior to probability-based initialization, but 
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the difference between them is not statistically significant. This re-
sult fully indicates that, relying on its importance-guided population 
construction mechanism, MOFS-IHu- can more efficiently explore the 
feature solution space and accurately mine potential effective feature
combinations.

2) Verification of historical information-assisted population update strat-
egy: The historical information-assisted population update strategy aims 
to enhance effective interaction among potential features from different 
stages, thereby helping the algorithm accelerate convergence and escape 
local optima. We compared the proposed historical information-assisted 
population update mechanism with NSGA-II and MOFS-IHu-, with the 
experimental results shown in Tables 8 and 9. It is obvious from the ta-
bles that after incorporating the population update mechanism, MOFS-
IH achieves the best overall performance on all 15 datasets. Specifically, 
MOFS-IH significantly outperforms NSGA-II and MOFS-IHu- in terms of 
HV on 13 of the 15 datasets, and in terms of IGD on all 15 datasets. This 
result indicates that the proposed historical information-assisted popula-
tion update strategy significantly improves the algorithm’s performance. 
This is because the strategy can acquire effective features from historical 
iteration processes to help the population escape local optima. Further-
more, it adopts different objectives and processing methods according 
to different iteration stages, thereby enhancing the potential for feature 
interaction.

Table 10 verifies the optimality of the iteration point selection for 
the specF library within this strategy. It can be observed that applying 
the specF library at 3∕4 of the total iterations (i.e., 3∕4𝑇 ) yields signifi-
cantly better performance than at 1∕4𝑇  or 1∕2𝑇 . This indicates that di-
viding the entire iterative process into three interconnected equal-length 
stages allows the population to fully leverage historical information in 
the later stage to explore richer feature combinations; meanwhile, the 
stage-specific strategies effectively fulfill our original design of distinct 
functionalities for each stage.

6.  Conclusion

This paper proposes a multi-objective feature selection method in-
tegrating importance-guided population initialization and historical 
information-assisted update mechanisms. First, an automatic feature 
level division method is designed to extract potential valid dataset in-
formation, and a cross-level feature combination-based initialization 
method is developed to enhance initial population quality. Second, a 
historical information acquisition method based on feature actual per-
formance is proposed to capture effective and potential features during 
iteration. To utilize these features effectively, the whole iteration pro-
cess is split into distinct stages, based on which a population update 
strategy is developed to accelerate convergence and escape local op-
tima.

Performance is validated by comparison with six advanced multi-
objective feature selection algorithms on 15 benchmark datasets with 
HV and IGD indicators. The experimental results show that MOFS-IH 
performs better than the competing algorithms in these two metrics on 
most datasets. This is attributed to the importance-guided initialization 
method, which generates a uniformly distributed initial population con-
verging to the Pareto front, laying a solid foundation for subsequent iter-
ations. Additionally, the historical information-assisted update strategy 
leverages advantages of different iterative stages to form elite feature 
combinations (with few features) in promising directions, facilitating 
superior subset discovery.

Despite its advantages, MOFS-IH still has potential for further ex-
ploration. First, domain expertise can be introduced to prescreen fea-
tures, narrowing the search space and accelerating convergence. Sec-
ond, the level probability information derived in this work can serve 
as intermediate knowledge and be transferred to feature selection tasks 
in similar data domains, enhancing the cross-task adaptability of the
algorithm.
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