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Abstract: Hierarchical classification tasks typically face multiple challenges, such as high - dimensional feature space, a
complex label hierarchy, and label sparsity. Among these, label sparsity can lead to insufficient supervision, thereby degrading
the effectiveness of feature selection. To address this issue, this paper proposes a novel hierarchical feature selection method :
Hierarchical Feature Selection Based on Label Fuzzification (HFSLF). The core idea of this method is to improve supervision
by enhancing the semantic expressiveness of sparse labels. Specifically, HFSLF first uses sibling relationships to construct
fuzzy similarities among categories and transforms the original sample labels into label distributions. This transformation
effectively expands the coverage of supervisory information and strengthens semantic supervision in sparse scenarios. Then,
the proposed algorithm employs the mutual information between features and label distributions as a supervisory signal,

guiding the feature weights to approximate their corresponding mutual information values, thereby enhancing the model’s
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preference for highly relevant features. Experiments on six hierarchical datasets demonstrate the effectiveness of the proposed

algorithm.

Keywords: feature selection, hierarchical classification learning, label fuzzification, mutual information
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)

itk HRelief HFSNM HIFSRR HSDFS HFSDK HFSLF

AWA 0.2174  0.2411 0.2402  0.2336  0.2386 0.2427
CLEF 0.5741 0.5751 0.6039  0.5910 0.6230 0.6284
DD 0.4381  0.6696 0.6893  0.5125 0.6877 0.6926
F194 0.2218  0.2451 0.3430 0.2430 0.3303 0.3310
ILSVRC 0.8489  0.8431 0.8492  0.8501 0.8531 0.8507
vocC 0.4029  0.4253  0.4200  0.4141 0.4253 0.4212

Avg.rank 5.8333  3.7500 2.8333  4.5000 2.4167 1.6667

F4 AEAEEESBEELHF,IHEM)
Table 4 F, of different algorithms on various datasets

)

itk HReliefl HFSNM HIFSRR HSDFS HFSDK HFSLF

AWA 0.5625  0.5713 0.5718  0.5690  0.5707  0.5726
CLEF 0.7344  0.7396 0.7625  0.7493 0.7742 0.7721
DD 0.7747 0.8518  0.8606  0.7736  0.8590  0.8650
F194 0.6704 0.6507  0.7164 0.6744 0.7075 0.7092
ILSVRC 0.9579  0.9563 0.9586  0.9583  0.9589  0.9590
vVocC 0.6585  0.6739 0.6740  0.6690 0.6772 0.6746

Avg.rank 5.5000 4.6667 2.3333  4.6667 2.3333 1.5000
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Table 5 TIE of different algorithms on various datasets

2]

a4k HRelief HFSNM HIFSRR HSDFS HFSDK HFSLF

AWA 0.3500 0.3430  0.3425  0.3448 0.3434 0.3419
CLEF 0.2037  0.2007 0.1831  0.1931 0.1745 0.1761
DD 0.1352  0.0889 0.0836  0.1359 0.0846 0.0810
F194 0.1977  0.2096 0.1701  0.1954 0.1755 0.1745
ILSVRC 0.0337 0.0350  0.0331 0.0333 0.0329 0.0328
VOC 0.2237 0.2144  0.2151  0.2187 0.2126 0.2150

Avg.rank 5.5000 4.3333 2.5000  4.6667 2.3333 1.6667
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Table 6 F, of each indicator and their corresponding

critical values

PEA AR R Fpr I 5
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Fig.2 Performance of the HFSLF algorithm with other
algorithms by the Nemenyi test
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Fig.5 Ablation study
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Fig.6 The convergence curve of the objective function value
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