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Abstract

Multi-label data usually has high-dimensional feature Spaces and complex label structures. This
high dimensionality and complexity can easily cause varying degrees of incompleteness in the data,
thereby affecting the performance of multi-label learning. To address this issue, this paper proposes
an incomplete multi-label feature selection method based on fuzzy combination entropy. Firstly, in
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the incomplete multi-label fuzzy information system, the fuzzy relationship is constructed by incor-
porating the feature-value missing rate together with a regulating parameter. Based on the defined
fuzzy relationship, fuzzy information granule, fuzzy label granule, and multi-label fuzzy lower and
upper approximation are defined to establish the incomplete multi-label fuzzy rough set. Then, the
information-theoretic concept of combination entropy is introduced on the incomplete multi-label
fuzzy rough set. On this basis, information metrics such as fuzzy combination entropy, fuzzy joint
combination entropy, and fuzzy conditional combination entropy are defined, and their properties
and relationships are studied. Finally, the intra- and extra-feature significances are analyzed based
on fuzzy combination entropy, and a feature selection algorithm suitable for incomplete multi-label
data is presented. The experimental results show that the algorithm proposed in this paper achieves
better classification performance on five multi-label datasets compared with the comparison meth-
ods: The Average Precision (AP) is increased by an average of 3.48%, and the Hamming Loss (HL),
Ranking Loss (RL), Coverage (CV), and One-Error (OE) are reduced by an average of 3.02%, 4.33%,
2.83% and 4.64% respectively. The experimental results verify the effectiveness of the algorithm
proposed in this paper.
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Table 1. Information of multi-label datasets
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G/ FEAL FRIEL PREEH RUECY WEGREAS  MEAEARS
Flags 194 19 7 Images 129 65
Emotions 593 72 6 Music 391 202
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Cal500 502 68 174 Music 251 251
Water quality 1060 16 14 Chemistry 530 530
Virus 207 440 6 Biology 124 83
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Figure 1. The AP index results of multi-label datasets under different values
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Figure 2. The HL index results of multi-label datasets under different values
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Figure 3. The RL index results of multi-label datasets under different values
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RICIE BB AT R AR L BRI SRR R § E N A NS HORE . B L, X
IMFSFCE ik & MRHE A IE U RA R ECE B« Ty, ~ T B 5 p BATX ESEL: . S
LRI 2 R SRS IR, IR E U AT R .

Table 2. Experimental results of different methods on five evaluation metrics for each datasets

2. AEIAFESRERE LNRMTNIERIRER

G/ S ik AP (1) HL () RL () CVv(}) OE (|)
IMFSFCE 0.7596 0.4110 0.2987 4.3231 0.1846

14 F A= BB ARFAT 0.7536 0.4286 0.3179 43846 0.2154

Flags B 0.7536 0.4286 0.3179 4.3846 0.2154
T u, 0.7473 0.4198 0.3185 4.3846 0.2154

T p~ u, 0.7536 0.4286 0.3179 43846 0.2154

IMFSFCE 0.6172 0.4356 0.4110 2.9851 0.5198

18 F 4= FARFALE 0.6047 0.4530 0.4311 3.0149 0.5248

Emotions B 0.6002 0.4513 0.4303 3.0743 0.5297
T u, 0.6123 0.4480 0.4244 3.1436 0.5149

Lpf u, 0.6040 0.4513 0.4323 3.0248 0.5248

IMFSFCE 0.4421 0.1614 0.2208 132.5339 0.1155

{4 F A BB AFAT 0.4421 0.1614 0.2208 132.5339 0.1155

Cal500 B 0.4388 0.1654 0.2217 132.4303 0.1155
T u, 0.4421 0.1614 0.2208 132.5339 0.1155

L~ u, 0.4421 0.1614 0.2208 132.5339 0.1155

IMFSFCE 0.5641 0.4673 0.4000 10.3736 0.4133

187 F 4= FRRAIE 0.5632 0.4704 0.4020 10.3830 0.4152

Water quality B 0.5632 0.4704 0.4020 10.3868 0.4152
T u, 0.5612 0.4714 0.4052 10.4245 0.4152

EL u, 0.5632 0.4704 0.4020 10.3830 0.4152

IMFSFCE 0.4633 0.2932 0.4283 2.2892 0.7831

18 F &= 3R AiE 0.4071 0.3133 0.4802 2.5422 0.8434

Virus B 0.4071 0.3133 0.4802 2.5422 0.8434
T u, 0.4048 0.3173 0.4775 2.5422 0.8554

TP u, 0.4071 0.3133 0.4802 2.5422 0.8434
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Table 3. Feature reduction ratios of each dataset

® 3. BREEHHEA B R

Hihdk JEURRHIEH PRI E DR
Flags 19 4 78.95%
Emotions 72 22 69.44%
Cal500 68 32 52.94%
Water quality 16 11 31.25%
Virus 440 3 99.32%

72 3 A%, IMFSFCE SyATE S 40P 48 LI RE A RS 4E 12, 2T 2N T 31.25%~99.32% 2 [H]
2% |, IMFSFCE 5012 Re W 1A R0 i 0 45 15 1 [R) IR 55 R AT 020 2R PERE, SO0 45 SRIGAIE T AU EVER
BHRME, EHTATEEZHRERIEERES .

6. it

ARSCER T TR AL A 5 % 2RI R . B % 2R IE B R, il it
BEWIDC AR, 28 ST BMIE ERL, BEMIARZERE L K 2 bR ] R bl e, T 1R SE 6 AR A
MbESE . 3P, AR IIAAN TS ZARERMRESE, & X7 BMAL a0, B a4l e, 1
MM EREE SR, Al TR TEMASHNSIEASAERE . &5, A TELEESERKED
B, B T A TER ARSI REAR 2 PR R EIE B A 7E 5 A AR R g LRSI 45 R,
AT PRI $R IR RE S E AN SE %30 50 T OGE ZAREE 2 RIERE, W0 V2 R AT VR S5 Rk

&5k

[11 Zhang, P., Liu, G. and Song, J. (2023) MFSJMI: Multi-Label Feature Selection Considering Join Mutual Information
and Interaction Weight. Pattern Recognition, 138, Article ID: 109378. https://doi.org/10.1016/j.patcog.2023.109378

[2] Li, Y., Hu, L. and Gao, W. (2024) Multi-Label Feature Selection with High-Sparse Personalized and Low-Redundancy
Shared Common Features. Information Processing & Management, 61, Article ID: 103633.
https://doi.org/10.1016/j.ipm.2023.103633

[3] Sheikhpour, R., Mohammadi, M., Berahmand, K., Saberi-Movahed, F. and Khosravi, H. (2025) Robust Semi-Supervised
Multi-Label Feature Selection Based on Shared Subspace and Manifold Learning. Information Sciences, 699, Article ID:
121800. https://doi.org/10.1016/j.ins.2024.121800

[4] Dai,J. and Wang, J. (2025) Multi-Label Feature Selection with Missing Features by Tolerance Implication Granularity

DOI: 10.12677/aam.2026.151028 291 N H it e


https://doi.org/10.12677/aam.2026.151028
https://doi.org/10.1016/j.patcog.2023.109378
https://doi.org/10.1016/j.ipm.2023.103633
https://doi.org/10.1016/j.ins.2024.121800

ot

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

Information and Symmetric Coupled Discriminant Weight. Pattern Recognition, 162, Article ID: 111365.
https://doi.org/10.1016/j.patcog.2025.111365

Han, Y., Sun, G., Shen, Y. and Zhang, X. (2018) Multi-Label Learning with Highly Incomplete Data via Collaborative
Embedding. Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining,
London, 19-23 August 2018, 1494-1503. https://doi.org/10.1145/3219819.3220038

Dai, J., Chen, W., Qian, Y. and Pedrycz, W. (2025) Instance-Dependent Incomplete Multi-Label Feature Selection by
Fuzzy Tolerance Relation and Fuzzy Mutual Implication Granularity. /[EEE Transactions on Knowledge and Data En-
gineering, 37, 5994-6008. https://doi.org/10.1109/tkde.2025.3591461

Li, J., Li, P., Zou, Y. and Hu, X. (2021) Multi-Label Learning with Missing Features. 2021 International Joint Confer-
ence on Neural Networks (IJCNN), Shenzhen, 18-22 July 2021, 1-8. https://doi.org/10.1109/ijcnn52387.2021.9533967

Pawlak, Z. (1982) Rough Sets. International Journal of Computer & Information Sciences, 11, 341-356.
https://doi.org/10.1007/bf01001956

Lin, Y., Li, Y., Wang, C. and Chen, J. (2018) Attribute Reduction for Multi-Label Learning with Fuzzy Rough Set.
Knowledge-Based Systems, 152, 51-61. https://doi.org/10.1016/j.knosys.2018.04.004

Chen, P., Lin, M. and Liu, J. (2020) Multi-Label Attribute Reduction Based on Variable Precision Fuzzy Neighborhood
Rough Set. IEEE Access, 8, 133565-133576. https://doi.org/10.1109/access.2020.3010314

Sun, L., Du, W., Ding, W., Long, Q. and Xu, J. (2025) Granular Ball-Based Fuzzy Multineighborhood Rough Set for
Feature Selection via Label Enhancement. Engineering Applications of Artificial Intelligence, 145, Article ID: 110191.
https://doi.org/10.1016/j.engappai.2025.110191

Hi%F . Rough Set BEE K HAENLAR% =T sp K S A 7L [Z]. Abat: R BE A st 5URT, 1997.
Qian, Y. and Liang, J. (2006) Combination Entropy and Combination Granulation in Incomplete Information System.
In: Proceedings of the Rough Sets and Knowledge Technology, Springer, 184-190. https://doi.org/10.1007/11795131_27

Zhang, P., Li, T., Yuan, Z., Luo, C., Liu, K. and Yang, X. (2024) Heterogeneous Feature Selection Based on Neighbor-
hood Combination Entropy. I[EEE Transactions on Neural Networks and Learning Systems, 35, 3514-3527.
https://doi.org/10.1109/tnnls.2022.3193929

Yang, T., Wang, C., Chen, Y. and Deng, T. (2025) A Robust Multi-Label Feature Selection Based on Label Significance
and Fuzzy Entropy. International Journal of Approximate Reasoning, 176, Article ID: 109310.
https://doi.org/10.1016/j.ijar.2024.109310

Liao, C. and Yang, B. (2025) A Novel Multi-Label Feature Selection Method Based on Conditional Entropy and Its
Acceleration Mechanism. International Journal of Approximate Reasoning, 185, Article ID: 109469.
https://doi.org/10.1016/j.ijar.2025.109469

Wiig, SR, XUBOT. ST RO R SR ) 2 AR SRR R )], RUIEE TR AR (A SRR FAR), 2024, 49(2):
62-72.

Dai, J. (2013) Rough Set Approach to Incomplete Numerical Data. Information Sciences, 241, 43-57.
https://doi.org/10.1016/j.ins.2013.04.023

Zhang M.L., Zhou Z.H. (2014) A Review on Multi-Label Learning Algorithms. /EEE Transactions on Knowledge and
Data Engineering, 26, 1819-1837. https://doi.org/10.1109/tkde.2013.39

Zhang M.-L. and Zhou Z.-H. (2007) ML-KNN: A Lazy Learning Approach to Multi-Label Learning. Pattern Recogni-
tion, 40, 2038-2048. https://doi.org/10.1016/j.patcog.2006.12.019

WRig. =02 b8 % ERHEIEFEITIAD]: (LA 008 0], P4 K22 K%, 2024,

DOI: 10.12677/aam.2026.151028 292 N H it e


https://doi.org/10.12677/aam.2026.151028
https://doi.org/10.1016/j.patcog.2025.111365
https://doi.org/10.1145/3219819.3220038
https://doi.org/10.1109/tkde.2025.3591461
https://doi.org/10.1109/ijcnn52387.2021.9533967
https://doi.org/10.1007/bf01001956
https://doi.org/10.1016/j.knosys.2018.04.004
https://doi.org/10.1109/access.2020.3010314
https://doi.org/10.1016/j.engappai.2025.110191
https://doi.org/10.1007/11795131_27
https://doi.org/10.1109/tnnls.2022.3193929
https://doi.org/10.1016/j.ijar.2024.109310
https://doi.org/10.1016/j.ijar.2025.109469
https://doi.org/10.1016/j.ins.2013.04.023
https://doi.org/10.1109/tkde.2013.39
https://doi.org/10.1016/j.patcog.2006.12.019

	基于模糊组合熵的不完备多标签特征选择
	摘  要
	关键词
	Incomplete Multi-Label Feature Selection Based on Fuzzy Combination Entropy
	Abstract
	Keywords
	1. 引言
	2. 预备知识
	3. 不完备多标签模糊粗糙集与信息度量
	3.1. 不完备多标签模糊粗糙集
	3.2. 不完备多标签模糊粗糙集上的信息度量

	4. 基于模糊组合熵的不完备多标签特征选择
	5. 实验
	5.1. 实验环境
	5.2. 参数分析
	5.3. 实验结果

	6. 结论
	参考文献

