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Abstract

In classification tasks involving high-dimensional, small-sample data such as genomic data, feature
selection has become a critical preprocessing step for improving model generalization and inter-
pretability. As a novel swarm intelligence method, the slime mould algorithm is characterized by its
simple structure and ease of implementation. However, when addressing complex optimization
problems, it faces limitations such as imbalance between exploration and exploitation, as well as a
tendency to become trapped in local optima. To address these issues, this paper proposes an en-
hanced slime mould algorithm, named DBSMA, which integrates a differential evolution mechanism
with a dispersed foraging strategy. The algorithm enhances population diversity by incorporating
the mutation and crossover operations of differential evolution, and designs an adaptive dispersed
foraging strategy to expand the global search range, thereby achieving an effective balance between
global exploration and local exploitation. Comparative experiments on the CEC2017 benchmark
test suite demonstrate that DBSMA outperforms 12 mainstream algorithms and 16 improved algo-
rithms in terms of solution accuracy, convergence speed, and robustness. Furthermore, a binary
version, bDBSMA, is constructed and applied to feature selection tasks on nine high-dimensional
medical datasets. Experimental results show that bDBSMA significantly reduces the number of se-
lected features while maintaining high classification accuracy, verifying its effectiveness and prac-
tical value in high-dimensional feature selection tasks.
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Figure 1. Flowchart of DBSMA
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Figure 2. Sensitivity analysis results of parameter F'
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Table 1. Wilcoxon signed-rank test results of DBSMA and 12 basic optimization algorithms
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Figure 6. Convergence graph of DBSMA and 12 basic optimization algorithms
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Figure 7. Friedman test ranking diagram of DBSMA and 16 improved optimization algorithms
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Table 2. Wilcoxon signed-rank test results of DBSMA and 16 improved optimization algorithms
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Table 3. Detailed information on high-dimensional medical datasets

3. SfEFHERFEER

Dataset Classes Samples Features
Colon 2 62 2000
Leukemial 2 72 5327
Leukemia2 3 72 11,225
SRBCT 4 83 2308
Lung Cancer 2 181 12,553
Prostate_ Tumor 2 102 10,509
Tumors 9 9 60 5726
Tumors_11 2 174 12,353
Tumors_14 4 308 15,009
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Figure 9. Convergence Curves of bDBSMA on nine high-dimensional medical datasets
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Table 4. Friedman test of algorithms on four evaluation metrics

F 4. BEZAEN/MFEIEFR_ERY Friedman 118

P34 N B TR SPRREE S R SEREAT R ]

ARV 44 ARV 4 ARV 4 ARV 44
bDBSMA 1.22 1 1.44 1 1.44 1 6.33 8
BGSA 7 7 7.67 9 7 8 5.78 7
BPSO 8.33 10 8.11 10 8.89 12 3.78 4
bALO 7.22 8 7.44 8 7.33 10 3.33 3
BBA 8.56 11 9.33 12 6.78 7 4.67 6
BSSA 6.22 5 5.33 5 6.33 5 4.11 5
bWOA 3.33 2 2.89 2 5.22 4 2.69 1
bMESMA 6.89 6 6 6 6.44 6 9.33 11
QGDA 8.22 9 6.89 7 8.33 11 7.56 9
SDCSMA 5.78 4 4.67 4 522 3 12 12
bSMA 4.44 3 3.89 3 3.67 2 2.78 2
bHHO 8.78 12 9 11 7.22 9 8.22 10
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