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Abstract: Existing hierarchical feature selection methods suffer from biased feature importance evaluation due to semantic
overlap between categories, unbalanced sample distribution, and cross-layer noise interference. To address these challenges,
the hierarchy-aware sample weighting (HASW) method for structured feature selection is proposed. Through three targeted
strategies, the data distribution is restructured to enhance the robustness and hierarchical consistency of the feature selection
process. Firstly, the dynamic clustering compression strategy (HASW-DCC) is introduced to mitigate high-level semantic
ambiguity. This strategy adjusts the clustering granularity based on intra-class sample similarity. It also applies weighting
to suppress the interference of redundant samples on fine-grained feature learning. Secondly, the tree-aware meta-weighting
strategy (HASW-TAMW) is developed to tackle sample distribution imbalance. Sample weight distribution is opti-
mized based on the correlation of meta-features within the hierarchical structure. This reduces the bias towards the majority
class. Lastly, the hierarchical outlier dual-filtering strategy (HASW-HODF) is proposed to reduce the impact of cross-layer

noise on semantic consistency. This strategy uses both global and local correlation thresholds for multi- granularity
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noise filtering, enhancing continuity between parent and child nodes. Three types of strategies are integrated into six fea-

ture selection algorithms and evaluated on six hierarchical datasets. Results demonstrate that HASW provides a robust,

plug-and-play preprocessing framework for hierarchical data. It significantly improves feature selection stability, enhances

classification performance, and maintains semantic consistency within the hierarchical structure. This approach offers a

systematic optimization strategy for modeling complex hierarchical data.
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semantic discontinuity and feature confusion
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Table I Description of 6 experimental datasets with hierarchical structure
LEIES 4, R BRI E plERS MilEE ESE LTS FREARCHE P
Bridges REES 12 3 86 79 6 0.21 0.24 4.4
CLEF EFEA 80 4 8368 939 63 0.00 0.14 383.6
DD BB 473 3 3020 605 27 0.64 0.12 19.5
voC K4 1 000 5 7178 5105 20 0.06 0.20 13.7
Car196 LR 4096 3 8144 7541 196 0.78 0.06 2.8
ILSVRC57 KIS 4096 4 12 346 11 845 57 0.73 0.07 1.4
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Table 2  Acc results of integrating 3 types of strategies into 6 hierarchical feature selection methods

Ace ($E4%)

GRZS - RS
Bridges DD CLEF voC Carl96 ILSVRC57
Hier-FS 0.508 9(4) 0.686 1(4) 0.602 8(4) 0.420 0(3) 0.6459(4) 0.849 2(4) 3.83
HASW-DCC 0.5189(3) 0.688 2(1) 0.608 0(3) 0.4150(4) 0.663 0(1) 0.849 8(3) 2.50
HASW-TAMW 0.543 9(1) 0.688 0(2) 0.620 2(1) 0.428 0(1) 0.656 0(2) 0.8520(1) 1.33
HASW-HODF 0.5289(2) 0.6875(3) 0.6120(2) 0.428 0(1) 0.6530(3) 0.8499(2) 2.17
HiRRfam-FS 0.508 9(4) 0.689 4(4) 0.606 0(4) 0.4229(3) 0.647 5(4) 0.850 6(4) 3.83
HASW-DCC 0.5139(3) 0.691 2(1) 0.6105(3) 0.418 0(4) 0.665 0(1) 0.851 0(3) 2.50
HASW-TAMW 0.538 9(1) 0.6910(2) 0.623 0(1) 0.429 0(2) 0.658 0(2) 0.8520(1) 1.50
HASW-HODF 0.5239(2) 0.690 5(3) 0.614 0(2) 0.430 0(1) 0.6550(3) 0.8512(2) 2.17
HFSLDL 0.508 9(4) 0.689 4(4) 0.607 1(4) 0.425 3(3) 0.649 9(4) 0.850 9(4) 3.83
HASW-DCC 0.5189(3) 0.691 2(1) 0.613 0(3) 0.420 0(4) 0.667 0(1) 0.8513(3) 2.50
HASW-TAMW 0.5439(1) 0.690 3(3) 0.622 0(1) 0.4320(2) 0.660 0(2) 0.852 8(1) 1.67
HASW-HODF 0.528 9(2) 0.690 5(2) 0.6160(2) 0.433 0(1) 0.657 0(3) 0.8515(2) 2.00
HFSLE 0.508 9(4) 0.689 4(4) 0.623 0(4) 0.423 5(3) 0.646 9(4) 0.850 8(4) 3.83
HASW-DCC 0.5139(3) 0.691 2(1) 0.628 0(3) 0.418 0(4) 0.664 0(1) 0.8512(3) 2.50
HASW-TAMW 0.5389(1) 0.691 0(2) 0.641 0(1) 0.4310(2) 0.657 0(2) 0.8527(1) 1.50
HASW-HODF 0.5289(2) 0.690 5(3) 0.6350(2) 0.4320(1) 0.654 0(3) 0.8519(2) 2.17
HFS-MIMR 0.508 9(4) 0.687 8(4) 0.602 8(4) 0.4170(3) 0.670 1(4) 0.8535(4) 3.83
HASW-DCC 0.5339(3) 0.689 4(3) 0.614 5(3) 0.405 9(4) 0.687 0(1) 0.854 3(3) 2.83
HASW-TAMW 0.588 9(1) 0.691 0(1) 0.622 8(1) 0.433 8(1) 0.680 0(3) 0.8558(1) 1.33
HASW-HODF 0.5839(2) 0.691 0(1) 0.619 8(2) 0.430 8(2) 0.6820(2) 0.854 8(2) 1.83
GLUFS-HSC 0.5714(4) 0.691 1(4) 0.643 2(4) 0.4329(3) 0.671 1(4) 0.854 5(4) 3.83
HASW-DCC 0.5812(3) 0.701 1(1) 0.646 2(3) 0.427 9(4) 0.683 1(1) 0.8551(3) 2.50
HASW-TAMW 0.601 4(1) 0.695 1(3) 0.658 2(1) 0.4429(2) 0.677 1(2) 0.856 8(1) 1.67
HASW-HODF 0.5910(2) 0.696 6(2) 0.6502(2) 0.446 9(1) 0.674 1(3) 0.8555(2) 2.00
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Table 3  F,., results of integrating 3 types of strategies into 6 hierarchical feature selection methods

Fre (E40)

GRS - TS
Bridges DD CLEF vOC Car196 ILSVRC57
Hier-FS 0.730 7(4) 0.8252(4) 0.730 5(4) 0.6315(3) 0.7849(4) 0.9223(4) 3.83
HASW-DCC 0.740 0(3) 0.827 8(1) 0.735 5(3) 0.628 0(4) 0.800 0(1) 0.922 8(3) 2.50
HASW-TAMW 0.757 0(1) 0.826 5(2) 0.744 0(1) 0.638 0(2) 0.793 0(2) 0.9252(1) 1.50
HASW-HODF 0.748 0(2) 0.826 0(3) 0.738 0(2) 0.638 5(1) 0.790 0(3) 0.923 0(2) 2.17
HiRRfam-FS 0.730 7(4) 0.8272(4) 0.7321(4) 0.6335(3) 0.785 6(4) 0.923 0(4) 3.83
HASW-DCC 0.7350(3) 0.829 5(1) 0.7350(3) 0.630 0(4) 0.801 0(1) 0.923 5(3) 2.50
HASW-TAMW 0.750 0(1) 0.828 5(2) 0.746 0(1) 0.639 0(2) 0.794 0(2) 0.925 8(1) 1.50
HASW-HODF 0.745 0(2) 0.828 0(3) 0.738 0(2) 0.640 0(1) 0.791 0(3) 0.923 6(2) 2.17
HFSLDL 0.730 7(4) 0.827 4(4) 0.733 5(4) 0.6347(3) 0.788 0(4) 0.923 1(4) 3.83
HASW-DCC 0.740 0(3) 0.829 8(1) 0.737 0(3) 0.6310(4) 0.802 0(1) 0.923 6(3) 2.50
HASW-TAMW 0.756 0(1) 0.828 7(2) 0.745 0(1) 0.6410(2) 0.795 0(2) 0.926 0(1) 1.50
HASW-HODF 0.748 0(2) 0.828 0(3) 0.740 0(2) 0.642 0(1) 0.792 0(3) 0.923 8(2) 2.17
HFSLE 0.730 7(4) 0.827 1(4) 0.743 1(4) 0.633 8(3) 0.785 7(4) 0.923 1(4) 3.83
HASW-DCC 0.7350(3) 0.829 3(1) 0.746 0(3) 0.630 0(4) 0.801 5(1) 0.923 5(3) 2.50
HASW-TAMW 0.753 0(1) 0.828 2(2) 0.757 0(1) 0.6420(2) 0.794 5(2) 0.9249(1) 1.50
HASW-HODF 0.748 0(2) 0.828 0(3) 0.750 0(2) 0.643 0(1) 0.791 5(3) 0.9242(2) 2.17
HFS-MIMR 0.730 7(4) 0.826 5(4) 0.733 1(4) 0.6302(3) 0.804 2(4) 0.924 5(4) 3.83
HASW-DCC 0.744 5(3) 0.826 8(3) 0.739 4(3) 0.622 4(4) 0.820 0(1) 0.924 8(3) 2.83
HASW-TAMW 0.769 0(1) 0.828 6(1) 0.741 6(1) 0.641 0(1) 0.813 0(3) 0.9259(1) 1.33
HASW-HODF 0.762 0(2) 0.827 6(2) 0.741 6(1) 0.637 0(2) 0.8150(2) 0.9249(2) 1.83
GLUFS-HSC 0.762 0(4) 0.828 2(4) 0.755 0(4) 0.640 5(3) 0.805 2(4) 0.9250(4) 3.83
HASW-DCC 0.772 0(3) 0.833 2(1) 0.757 0(3) 0.6355(4) 0.817 1(1) 0.925 5(3) 2.50
HASW-TAMW 0.792 0(1) 0.8322(3) 0.767 0(1) 0.650 5(2) 0.8112(2) 0.927 2(1) 1.67
HASW-HODF 0.782 0(2) 0.8332(2) 0.761 0(2) 0.6545(1) 0.808 2(3) 0.925 8(2) 2.00
4 VOC I HASW-HODF %R i b 35, X 5 7 6 20 8 #4  BAVERS bR Friedman il i (K=4.N=6 ) 25 1t
DD .Carl96 F4E A E T HASW-DCC SR M& 1 TU4Y Table 4 Friedman statistic (K=4,N=6) results
RS SRTHRAE . 3N AE AT PG H bR L f for each evaluation metric
RIS R R TE R ZEAEE FRF) T i UrERE, 5 EEAa Friedman4¢ 114t F, 7 (a=0.5)
I 5 55087 55 1% GLUFS-HSC (1) 5K W 42 ji %t b % 0 Ace 4.603 3990
HASW HUh SEHESE AE U5 A RN SO B A0 2 T 22 Fua 6750

AN | SRy AR T RS A B £, FE4MIERT T
HAEZ IR GRS S BRI

HFFEE R 3 B SRS AR S R AR PR b il
N AT RS 2B TR S HES . DAAEAS A Ak
ST S BT EROT , TR RS — B R4 T GE
1 Friedman £ 56°( a = 0.5 ) J] W7 5 s [1] P4 E 22 57 1 ¢
1142 3 % , F Bonferroni-Dunn = J5 £ 35 B 51 22 5ok
I8 . 3 41 Friedman #5 35 & 46 50 10F 7 58 s A 20, 78

Hier-FS B, Ace 5 F,., #8710 Friedman 55 - it
ier-FSFLIRI, Ace 13 Fy, b HY Friedman 57 i ¥l5 )1 Bonferroni-Dunn £5:45 fl: 5k % Hier-FS 357511

fen = = \ - FAIRPS VI ] . y,
ﬁn:ﬁ{ﬁ 3.220 b( K=4,N=6 ), AR B 5 I A 3 HASW 3 B 47 2 b
e T EAT B AR AR AR e Fig.5 Effectiveness of 3 HASW strategies integrated into
wE s pros , LUK 3 P 507k Hier-FS S 1], #E47 Hier-FS algorithm via Bonferroni-Dunn test
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Fig.6  Ablation analysis of HASW
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Fig.7 Parameter sensitivity analysis of HASW
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